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CONSISTENT SPRING NETWORK REPRESENTATION
OF EMPHYSEMATOUS LUNG FROM CT IMAGES
ZIWEN YUAN
ABSTRACT

Emphysema is a progressive disease characterized by irreversible tissue
destruction and airspace enlargement, which manifest as low attenuation area (LAA) on
CT images. Previous studies have shown that inflammation, protease imbalance,
extracellular matrix remodeling and mechanical forces are collectively playing a role in
the progression of emphysema. Elastic spring network models have been applied to
investigate the pathogenesis of emphysema from the mechanical perspective. However,
all existing models include random removal of springs to mimic the initial locations of
LAA clusters from which emphysema progression is initiated. This approach is
generically lacking patient specificity of CT scans that precisely reflect the location of
LAA in an emphysematous lung. The aim of this work is to develop a novel approach
that provides an optimal spring network representation of emphysematous lungs based on
apparent density in CT images. The results suggest that the personalized elastic spring
network can be used to predict the propagation of structural destruction during
emphysema progression. Thus, our approach has the potential to predict disease

progression that should be verified by clinical data.
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1 INTRODUCTION

1.1 Background

1.1.1 Force Based Theory for Emphysematous Progression

Emphysema is defined as a condition of lung characterized by abnormal and
irreversible enlargement of air spaces distal to terminal bronchioles [6]. The underlying
mechanism that drives the pathogenesis and progression of emphysema has not been fully
revealed, but a widely accepted mechanism of tissue deterioration is the enzymatic
degradation of elastin caused by the imbalance between proteases and anti-proteases [6].
Various proteases have been reported to be capable of inducing emphysema, including
neutrophil elastase with al-antitrypsin deficiency [7] and macrophage elastase after
chronic cigarette smoke [8]. In addition, biochemical pathways not involving elastin can
also lead to emphysema, like experimental emphysema caused by overexpressing of
collagenase [9] and elevated expression of matrix-degrading enzymes [10]. The
biochemical pathways leading to emphysema are abundant and they contribute to the
pathogenesis collectively. Therefore, no effective target has been identified that could
halt the progression of the disease [11].

The lung is under a pre-stressed condition and undergoes cyclic changes of
mechanical stress due to breathing. Thus, it is possible that mechanical forces play role in
the rupture of alveolar walls during the progression of emphysema [4]. In fact, the
contribution of mechanical force to emphysema progression has been advocated for
decades [18]. There are also abundant clinical observations supporting the impact of

mechanical forces on the progression of emphysema. For example, following lung



volume reduction surgery (LVRS), increased mechanical forces are redistributed to the
remaining lung tissue, consistent with the fact that patients with advance emphysema
undergo accelerated decline of lung function after LVRS [12].

Since collagen is the most abundant and essential fiber constituting the
extracellular matrix serving as a substantial component of connective tissue that supports
parenchyma, the breakdown of alveolar wall must involve the breaking of collagen fibers
[14]. Normal collagen has high stiffness and failure threshold to protect the lung from
rupture at high lung volumes [4], but in the emphysematous lung, collagen is damaged or
weakened by various matrix metalloproteinases (MMPs), including alveolar macrophage-
derived MMP-1, neutrophil collagenase (MMP-8) and collagenase-3 (MMP-13) [13], or
by abnormal remodeling of collagen after damage [14]. Therefore, mechanical force-
based modeling approaches implicitly hypothesize that inflammation induces
biochemical pathways resulting in the imbalance between enzymes and their inhibitors,
leading to an enhanced degradation of the extracellular matrix (ECM) [4]. Following
enzymatic and chemical injury, the remodeling of ECM results in weakened and
defective collagen fibers with reduced rupture threshold. The decreased failure threshold
of alveolar walls allows mechanical stresses during normal breathing to rupture the walls
which promotes the progression of emphysema. Since rupture transfers loads to the
surrounding fibers and walls, these walls become at risk of rupture. The progression of
emphysema then results from the repeated feedback cycle of rupture, redistribution of
stresses followed by new ruptures [4]. A linear elastic spring network [3] was applied to

show that the mechanical force-based hypothesis of tissue destruction produces a power



law distribution of LAA size that is consistent with CT data, while the biochemical

pathogenesis hypothesis produces a near uniform distribution of LAA [4].

1.1.2 Elastic Spring Network Model

Ever since an elastic spring network was introduced to simulate the microscopic
structure of emphysematous lung and obtained consistent results with CT images [3], it
became a popular and reliable approach to investigate emphysema. The network model
was used to study the structure-function relations in emphysematous lung and revealed
that lung compliance is sensitive to the change of structural heterogeneity, consistent with
experimental results from rat models [29]; the network model helped uncover the role of
proteoglycans in stabilizing the alveolar wall and suggest potential treatment for slowing
down the progression of emphysema [19]; The network was also applied to predict the
structure-function relation in emphysematous lung after LVRS/bLVR and uncovered the
relationship between LVRS efficacy and microscopic environmental structure of lung
[20]. Thus, the application of spring network models substantially improved our
understanding about emphysema and has provided unique insights into the roles of
mechanical force in the pathogenesis of emphysema, despite the limitations imposed by
the 2D nature of the modeling.

These modeling approaches are also limited in that they can only predict disease
progression in a generic sense. The overall goal of this thesis is to extend the existing

network models to describe tissue destruction in emphysema on a personalized basis.



1.2 Rationales

Elastic spring networks have been applied previously to study the pathogenesis of
emphysema from the biomechanical perspective, contributing to findings consistent with
clinical results. CT has become a powerful tool to study emphysema due to its ability to
not only provide information on overall lung deterioration, but also precisely indicate the
local tissue destruction. Despite the fact that elastic spring networks were applied to
interpret the quantitative findings in CT images, most spring networks were simulated
independent of actual CT images. Given that lung CT images represent the structure of
the lung while spring networks can mimic the microscopic mechanics, this thesis is aimed
at introducing a method to personalize an elastic spring network that enables the patient
specific prediction of emphysematous progression, which can be beneficial in
investigating the underlying mechanism of emphysema, guiding for early intervention
and even assisting in surgical and bronchoscopic lung volume reduction treatment.

The elastic spring network approach simulating the coalescence of LAA clusters
in an emphysematous lung provides reasonable insights into the role mechanical forces
play in the pathogenesis of emphysema [3], and subsequent studies adopted the same
method revealing that the progression of emphysema is potentially a complex and
collective phenomenon driven by inflammation, protease activity, ECM remodeling and
mechanical forces [4]. In a considerable number of cases, the results of the independently
initiated elastic spring network were indirectly validated by clinical CT images with
specific quantitative indexes, such as %LAA and the exponent D of the power law

distribution of LAA sizes. The consistency in those quantitative indexes between the



network model and clinical data reflects that the force-based theory of emphysema
progression is reasonable. However, the lack of patient specificity hinders not only the
clinical application of the network model but also deeper investigation into the force-
driven theory with massively available CT data. Therefore, a reliable method of
reconstructing elastic spring networks from lung CT scans must be developed to achieve
the personalization of the network model.

Furthermore, a patient-specific Finite Element model (FEM) constructed from CT
data has been proposed to predict the results of scoliosis surgery, achieving an excellent
consistency with the clinically collected data [21]. The FEM was therefore repeated with
6 more patients and it performed stably for more than half of the cases [22]. The
personalization of scoliosis model confirms the viability of the methodology of
personalizing FEM from CT data. Furthermore, a non-patient-specific network model has
been applied to study the structure-function relation in emphysematous lung after
LVRS/bLVR and obtained reasonable results consistent with clinical observation [23].
Thus, the personalization of the network model is necessary to exploit the potential for
providing optimal surgical targets by predicting and minimizing the post-surgery

deterioration of lung function.



1.3 Objectives

The primary goal of this thesis is to develop a method capable of consistently
mapping the characteristic emphysematous lung structure on a CT scan to a
hexagonal elastic spring network and predict the progression of the disease on a
personalized basis. To achieve this, we set up the following aims:
1) Optimize a technique for mapping individual low attenuation areas (LAASs).
Individual LAAs will be mapped onto a hexagonal spring network so as to mimic the
microscopic structure of the lung in lung CT scans. Two methods will be used, the first
being a naive approach that simply maps an LAA to the network by eliminating the
springs corresponding to the region inside the LAA, and then solves the spring network
for mechanical equilibrium. The second approach will first modify the boundary of the
LAA before eliminating springs inside the modified boundary, in an attempt to
compensate for the distortions of the original LAA boundary that occur after solving the
elastic spring network. We will compare the two mapping methods using simplified
scenarios, in which the distortion of synthetic LAAs generated during the mapping
process will be recorded and analyzed to optimize the mapping technique.
2) Apply LAA mapping techniques to medical image data. Patient CT images
containing multiple LAAs of various sizes and shapes will be mapped onto the spring
networks using both mapping algorithms from Aim 1. The corresponding spring
networks will then be converted back to reconstructed LAAs and compared to the
original LAAs. Reconstruction accuracy for individual LAAs will be assessed by the

error in %LAA between the original CT and reconstructed apparent CT. The goal is to



find the optimal parameters of the new method that minimize the error.

3) Compare the prediction of the progression of emphysema with the naive and the
proposed methods. The progression of emphysema will be predicted using both
mapping approaches. For each mapping method, a series of spring networks will be
obtained by iterative degradation, and all networks will be converted into apparent CT
images by averaging local spring stiffness. To validate the method, apparent CT images,
at similar total %LAA level, from different methods will be compared and the main
outcome will be an index measuring the average local structural difference. Furthermore,
the largest LAA clusters will be traced in the networks from both mapping methods. The
proposed mapping method is expected to generate a spring network with better conserved
LAA structures compared with the naive method, and the difference between predictions

is potentially magnified after iterative degradation.



2 METHODS
2.1 The Naive Mapping

To generate an elastic spring network corresponding to a lung CT image, first
LAA clusters are created by thresholding the CT image at -960 HU, which has been
validated as the most acceptable threshold for density-based quantification of emphysema
[15]. Next, a LAA cluster is selected and a mask of the cluster is created. In the naive
method, the mask image is placed on a pre-stressed linearly elastic hexagonal spring
network, in which the rest length of a spring is half of the initial length to generate a pre-
stress, and springs inside the mask are eliminated, subsequently creating void area along
with the redistribution of stress. The cutting of springs mimics the rupture of the lung
parenchyma during the progression of emphysema. Following cutting, the equilibrium
configuration of the network is obtained by allowing the internal nodes of the network to
move until the total elastic energy of the network is minimized using simulated annealing
[24]. Cutting of springs, however, leads to an expansion of the hole after the equilibrium
configuration of the network is obtained which results in larger and more round shapes
compared to original LAA mask. In the proposed method, we will introduce two types of
corrections via image processing to manipulate the size and shape of the LAA masks
before cutting the spring to counteract the potential distortion of LAA following
simulated annealing. The goal is to obtain a hole after finding the equilibrium
configuration that is similar in size and shape to the original LAA. The naive mapping
and the optimized mapping will be applied to test images as well as real LAAs from CT

images.



The complete procedure of the naive mapping consists of the following steps: create
LAA masks from a lung CT scan; superimpose LAA masks with a fully connected elastic

spring network and cut spring within LAAs; solve the spring network for equilibrium.

2.2 The Curvature and Size Adjusted Mapping (CSAM)

The naive mapping method inherently expands the size of original LAA due to
the energy stored in the pre-stressed spring network. Therefore, we propose a Curvature
and Size Adjusted Mapping which preprocess the LAA masks to reduce the distortion
caused in the naive mapping. The preprocessing incorporates adjustment in size and
shape. The preprocessing is based on manipulation of the boundary of the LAA mask,
which can be expressed as a closed curve:

r() = (X(0),Y(®)
Where 7(t) is a parametric vector that points to the boundary of a LAA mask; X (t)
and Y (t) are the x and y coordinates of #(t) along two orthogonal base vectors; t is a
parameter ranging between 0 and 1 that describes the relative position along the boundary
of LAA cluster with respect to an arbitrary starting point at t = 0.

To manipulate the size of a LAA, resize the boundary as:
1
Po®) = Va O+ 1=V« | P de
t=0

Where a is the ratio of corrected LAA size to the original size.

Whena =1,

1

re(t)=1-7(t)+0 f r(t)dt = 7(t)

t=0
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Hence, no change is made on the corrected LAA boundary.

When a = 0,
1
re(t)=0-7(t)+1- ft=0 7(t) dt = constant
The boundary becomes a single point of the centroid.
To manipulate the shape of a LAA, we calculate the curvature along the LAA boundary,
decrease the curvature everywhere by a constant, and then reconstruct a LAA from the

adjusted curvature profile:

The curvature is calculated with:

17| (1)
“O=mol

Where T (t) is the unit tangent vector of #(t). In another word, the curvature is

calculated as the norm of the first derivative of T(t) divided by the norm of the first

derivative of 7g(t).

F;’ (t) is calculated with either forward difference approximation or backward difference

approximation.
Forward difference approximation: 77(t;) = D, (t) = w 2)
Backward difference approximation: #'(t) = D_(t) = w (3)

T'(t) is obtained using a numerical approximation of the second derivative of 75(t).
D.()-D_()

_t 4
17" (O

T'(t) =
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Where ||#'(t)|] accounts for the unit length of T(t).

A constant B is subtracted from k(t) to form ke, (t) :
knew(t) = k(t) - B (5)

To reconstruct Xy, (t) and Yy, (t)from kye, (), we integrate ke, (t) twice with

respect to t:

8(t) + 6, = j Ko (D)t (©6)

Xy (£) = f —cos(6(0)) dt (7)

Yrew(t) = J sin(0(t)) dt (8)

6, can be determined by brute force method, allowing the reconstructed boundary to have
the same rotational orientation as the original boundary.
Therefore, the boundary after both size and shape adjustment can be expressed as:
Tes(€) = (Xnew (t), Ynew (1))
The complete procedure of the CSAM is as follows: create LAA masks from a lung CT
scan; preprocess LAA masks with certain value of a and f; superimpose the preprocessed

LAA masks on a fully connected elastic spring network and cut spring within LAAs;

solve the spring network for equilibrium.
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2.3 Evaluate Single-LAA Mapping

The mapping of a single LAA to a spring network creates corresponding rupture
of springs, and the LAA in the spring network is represented by the hole created by the
removal of springs. The error between the original LAA and the reconstructed LAA is
defined as the morphological difference between LAA in a CT and LAA in a spring

network.

Naive Proposed

Q

C

Figure 1. Mapping an Artificial LAA Map to Spring Network. (2): an artificial LAA map. In
proposed mapping column, the blue boundary represents the outcome from size adjustment, and the red
boundary represents that from size and shape adjustment. (b): Springs eliminated in the region
corresponding to LAA. (c): the configuration equivalent to the lowest elastic energy. (d): red region
highlights the reconstructed LAA map from the solved spring networks; green region is the reference to
the original LAA map.

The evaluation process includes (1) constructing an apparent CT image from the spring
network by converting the average spring stiffness of neighboring springs to the density

of a pixel [16] and (2) evaluating the morphological difference between LAA in the
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original CT and LAA in the reconstructed CT using average symmetric surface distance
(ASSD), which is a common metric to evaluate segmentation quality in CT and MRI
research [17]. In Figure 1, the evaluation of LAAs happens between the green and red
shapes in (d). Figure 2 illustrates the calculation of ASSD of two boundaries in different
colors. The main advantage of ASSD over some other metrics, like total area overlap, is

that ASSD is sensitive to dissimilarities in shapes, not just sizes.

D, d1 D,

1 N N
Y T
i= i=

Figure 2. Average Symmetric Surface Distance. The error between two boundaries in different colors is
calculated as the average of closest distances from one boundary to the other.

2.4 Tuning for optimal a and p
We will test both the naive mapping and the CSAM in a simplified scenario, in
which an artificial CT with a single LAA is created and mapped into spring networks.
Considering that the time required to solve a diluted spring network for

equilibrium increases nearly linearly with number of springs, we decided to set the size of



14

artificial CT to be smaller compared to a real CT scan. The artificial CT is initialized as a
100-pixel by 100-pixel image whose boundary pixels have density equal to 0 HU, and the
majority of the area inside is set to be normal lung tissue, whose density is between -950
HU to -720 HU. A LAA was also created with density smaller than -950 HU, and the
shape and size of the LAA was taken from real emphysematous lung CT.

The parameter a determines the size of the optimized LAA mask, while the
parameter 3 determines the boundary curvature. The parameter o has theoretical values
between 0 and 1. To minimize the risk of failure of reconstruction from curvature, the
parameter 3 was limited to a conservative range [0, 0.3]. For a given artificial CT image,
the LAA mask is preprocessed with all possible combination of a and 8, with the step
size for both a and P set to be 0.02. The LAA masks preprocessed with different
parameters are mapped and evaluated independently in the spring networks. A matrix of
error was obtained by comparing the ground truth LAA with mapped LAA from all
combinations of the parameters. For each specific LAA size, the process is repeated 5
times with 5 different shapes of single LAAs cropped from an emphysematous lung CT
image. The proposed mapping of 5 artificial CT images leads to 5 error maps, the
parameters corresponding to the lowest error in the average of 5 error maps is considered

as the optimal parameters for LAA cluster at the predefined size.

2.5 Mapping a Patient CT
After determining the values of optimal parameters, we applied both naive

method and CSAM to construct spring networks based on 20 lung CT images of
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emphysema patients from National Lung Screening Trial (NLST) database. Multiple
LAA clusters can exist in a patient CT scan, and CSAM was applied to preprocess every
LAA individually. We used %LAA as the main metric, which was calculated by the ratio
between the total LAA area and the total lung area in a CT scan. %LAA has been widely
used as an indicator for the severity of emphysema. The main outcome was the %LAA
measured in the ground truth CT images and the apparent CT images reconstructed from
the spring networks. Specifically, we were interested in the difference of %LAA between

the apparent images and the ground truth.

2.6 Model Simulation of the Progression of Emphysema

The progression of emphysema was simulated by iterative removal of springs
bearing the highest forces in a network. The lung CT image of an emphysema patient was
mapped into spring networks with both methods and those spring networks were
progressively degraded following the same rules. Specifically, springs bearing a force
that was higher than 80% of the maximum force were removed from the network at each
iteration, and the configuration equivalent to the lowest elastic energy was obtained
before the next iteration [3]. 30 Iterations were repeated for each spring network, and 3
measurements were collected at every iteration: the size of the largest LAA cluster, the
total %LAA, and the local difference of LAA clusters between networks mapped through
different methods.

The local difference of LAA clusters was quantified between two apparent CT
images converted from spring networks mapped through different methods. The apparent

images were partitioned into grids of 10 pixels by 10 pixels, and the %LAA of each grid
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was calculated as %LAA;. The local difference was defined as the average absolute

difference of %LAA; between two images, mathematically:

Local difference = % YN |%LAA; — %LAA;

lnaive proposed |
Where N is the total number of grids in one image, excluding the ones without any LAA
cluster in both images. The local difference was measured between two apparent CT

images mapped from different methods but with similar %LAA, quantifying the

divergence of disease development at similar disease stage.
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Figure 3. The Calculation of Local Difference. The apparent CT images reconstructed from spring networks of different mapping methods are
partitioned into grids of interest (the left column) and the ratio of area occupied by LAA is calculated at each grid (the middle column). The absolute
difference of grids at the same location is measured, and the local difference is the average absolute differences.
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3 RESULTS

3.1 Mapping a Single LAA
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Figure 4. The Error Map of Different Parameter Combination. (A): The error map obtained by
mapping an artificial single LAA map into spring networks with various combination of parameters in
proposed mapping method. The error was measured between the original LAA and the reconstructed LAA
image from the spring network. (B) The original LAA map. (C): Some examples of mapped LAA, which
were mapped with different parameters o and .
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Figure 5. Error Map of Different Size LAA. A
LAA map is resized gradually from 100 pixels to
2600 pixels and the error map is obtained at each size.
The error is compared between the original LAA map
and apparent LAA maps reconstructed from a spring
networks which are constructed through CSAM with
different combination of parameters
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Figure 4 represents the error map obtained by performing CSAM on an artificial
LAA map with different combination of parameters. Panel B represents the original LAA
map and panel C represents the outcomes from spring networks constructed with
different parameter combinations during the mapping process. Panel A displays the error
between the original LAA (B) and the LAA in reconstructed spring network (C).

Figure 5 displays the error map of the same LAA map in different LAA sizes. As
the LAA size increases from 100 pixels to 2600 pixels, the region with small errors (dark
blue) gradually shrinks from almost the entire error map to a narrow valley. Furthermore,
the location of the lowest error (the darkest blue) is gradually moving from the right half
panel to the left panel.

Figure 6 represents the correlation between the optimal parameters, which are the
parameters targeting the lowest errors in Figure 5, and the LAA sizes. The only thing
different from the previous error maps is that the optimal parameters are identified within
the average error map of 5 LAA in different shapes. Figure 6 displays the highly
correlated relationship between the optimal o and LAA sizes with R? = 0.97, and a
weaker correlation between optimal B and LAA sizes, which has R? = 0.69. Despite the
strong correlation between the optimal o and LAA sizes, the variance of the optimal o at
small LAA size is quite large initially and gradually decreases to a low level at large
LAA size. A similar trend is found for the optimal , which has large variance initially at

small LAA size and the variance gradually diminishes as the LAA increases.
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Figure 6. The Correlation between Optimal Parameters and LAA Sizes. The optimal parameters
correspond to the lowest error in the error maps at different sizes.
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3.2 Mapping LAA from CT Images to Spring Networks

The characteristic features of emphysema progression in CT images are
represented by a set of widely varying LAA clusters, which are regions of lung tissue
where mechanical failure occurred during the progression of the disease. The
corresponding representation of LAA in a spring network is the void induced by the
elimination of springs. Figure 7 displays a lung CT image of an emphysema patient and
the spring networks carrying LAA clusters mapped with naive and proposed method.
Even though the difference between the two spring networks is hardly visible (top row),
the LAA clusters mapped with the naive method expanded out of the ground truth
boundary (visualized as red lines) at single cluster level as shown in the zoomed in LAA
maps (the lower row). In contrast, the CSAM method remained confined to within the
original boundaries of LAA clusters with much smaller error compared to the naive
method.

20 lung CT images were obtained from the NLST database on which mapping
experiments were performed both with the naive and the CSAM methods, and the
difference in %LAA was compared between the mapped spring networks and the ground
truth CT images. In the case of the naive method, the difference of %LAA increased
linearly with the total %LAA in the ground truth images, with a slope of 0.27, R?= 0.83
and p < 0.001, indicating that the slope was significantly different from O (represented as
a red line in Figure 7) and therefore the naive method is undoubtedly producing

systematic errors in the mapped spring networks compared to the CT images.
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Naive
cT method CSAM

Figure 7. Mapping of LAAs from a patient CT image to spring networks. The left column displays in
the order: a lung CT scan of an emphysema patient, the binary LAA map obtained by emphasizing the
region < -960 HU, and a zoomed-in region of the LAA map. The middle and right columns represent the
same content for two spring networks constructed from the CT images but with different mapping
methods. The red boundaries represent the boundaries of LAA clusters in the left column, which serve as a
reference to the ground truth.
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When the mapping was conducted with the CSAM method, the slope of the regression

line was not different from 0 (dashed line with p = 0.349). The overall statistics of
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Figure 8. The Change in %LAA from CT to Spring Networks. Lung CT images with different total
%LAA level were mapped into spring networks with naive method (dark circles) and proposed method
(white circles), and the difference in %LAA between the original CT images and the reconstructed spring
networks were displayed in the y axis. The solid black line is the regression line to the dark circles and the
dashed line is the regression line to the white circles. The transparent red line is a reference to 0.

absolute difference in %LAA is displayed as a box plot in Figure 9, and a paired t-test
found a significant difference between the naive method and the CSAM method (p <
0.001). Additionally, the data corresponding to CSAM method displays a much smaller
variance and closer to 0 median compared to naive method, indicating that the former
reconstructs LAAs in spring networks with smaller error, better conserving the size and

shape of the original LAA.
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Figure 9. The Absolute Change in %LAA from CT to Spring Networks. Comparing the distribution
of absolute change in %LAA between patient CTs and corresponding spring networks, the difference is
significantly higher in the group of naive method than in the group of proposed method.

3.3 Model Simulation of the Progression of Emphysema

Figure 10 shows the progressive degradation of spring networks mapped using the
naive and the CSAM methods. The springs are colored in the spectral order (blue to red)
to display the increasing forces. At the initial steps, despite the LAA clusters (represented
by the void regions) appearing similar across networks mapped with the two methods, the
springs bearing the highest forces are not the same. As the degradation progresses, the
coalescence of LAAs follows distinct orders and the morphological difference of LAA
clusters eventually becomes visually distinguishable between the networks. For example,
the red and black circles highlight the coalescence of specific LAA clusters in one spring
network but not in the other, and such patterns take place progressively during the

iterations.
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Emphysema progression

Figure 10. Imitation of the progression of emphysema. Spring networks constructed from emphysema
patient lung CT images were progressive degrading with the elimination of springs to imitate the tissue
destruction caused by emphysema. The red circles highlight the coalescence of LAA in one spring network
but separation at the same location in another spring network (black circle).
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Figure 11. Divergence between Spring networks during Iterative Degradation. 7 CT images were reconstructed as
spring networks (corresponding to 7 colors in the figure) with both naive and proposed mapping methods, and all
networks underwent iterative degradation to imitate the progression of emphysema. The local difference between
networks mapped with different methods were measured when both networks degraded to similar pathological state
(%LAA). The local difference between networks reconstructed from different methods tends to increase along with the
disease severity

Figure 11 displays the morphological difference of LAA clusters across spring
networks by measuring the average local difference of LAA clusters at similar %LAA,
which represents similar disease severity. The color of data points denotes different
subjects. Collectively, the local difference is strongly correlated with % LAA, p = 0.91; at
single subject level, 5 out 7 subjects are strongly correlated with %LAA, p> 0.9, 1
subject is positively correlated with %LAA, p = 0.68, and 1 subject is negatively

correlated with %LAA, p =-0.95. The largest LAA cluster was traced through iterations

for one subject in Figure 12. The sudden increase in the size of the largest cluster implies
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its coalescence with the neighboring clusters. The interesting outcome here is that the
coalescence of LAA clusters may take place at different iteration with different amount
of pixels for different mapping methods, consistent with the visualization in the top half
of Figure 12. Until iteration 20, the absolute difference in value between the largest LAA
clusters is small but nonzero. Although the largest LAA in naive method group is initially
larger than the same cluster in the CSAM method, eventually, the naive method produces
a much larger cluster at the end of the simulations. These results reveal the distinct

coalescence of clusters corresponding to the two methods.
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Figure 12. Largest LAA Cluster Traced in Spring Networks Constructed with Different Methods.
After being reconstructed from a CT image, two spring networks underwent iterative degradation to imitate
the progression of emphysema, and their largest LAA clusters were traced both visually (upper figure) and
quantitatively (lower plot). Even when the largest clusters occupy similar amount of pixels (at iteration 1,
10 and 20), their morphological difference, caused by distinct coalescence of LAA clusters, can be large
and visually distinguishable.
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4 DISCUSSION
4.1 The Mapping Method

We have developed a novel mapping method, CSAM, in which an LAA map is
preprocessed first and then a pre-stressed hexagonal elastic spring network is constructed
with springs eliminated at the LAA location. The spring network is converted to an
apparent CT image and compared to the original LAA map, and the error is calculated
with ASSD. The error map in Figure 4 displays the responding of error to the change of
parameters in CSAM. Figure 4 indicates that the error between the original LAA and the
mapped LAA can be small (< 1 pixel) but not 0. The inevitable error could potentially
arise from the nature of spring network and the technique discrepancy. The pre-stressed
nature of spring networks prevents certain LAA shapes to be reconstructed, and the most
intuitive example is a narrow rod like LAA, which is always likely to be reconstructed
into a football like shape as the pre-stress expands the cut springs. Another source of
error is the conversion from spring network to apparent CT images. The conversion
process is equivalent to smooth the spring stiffness in a small region and the regions
whose average spring stiffness is smaller than a threshold are annotated as a LAA pixel.
The slight change in the threshold can significantly change the LAA shape of apparent
images, hence affect the error.

The error maps look drastically different for different LAA sizes in Figure 5. The
shrinking of the small error region (blue) in large LAA size suggests that a big LAA
cluster is sensitive to the change of parameters when CSAM is applied, therefore the

mapping of a large LAA cluster requires appropriate choice of parameter to avoid large
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error in constructed spring networks. The most optimal parameters are targeting the
lowest error in an error map, and the value of the optimal parameters is changing along
with the LAA sizes. Figure 6 displays the strong correlation between optimal a and LAA
sizes, suggesting that a larger LAA requires large adjustment in size to construct a similar
spring network representation. The result is intuitive given that the elimination of more
springs will result in a more expanded void region in the network. The small variance of
optimal a indicates the universality of parameter o at large LAA size, that is, the
parameter can be applied to different shapes of LAA without introducing large error. The
parameter 3 displays a weaker correlation with LAA sizes and a higher variance across
the spectrum of LAA size, indicating that the optimal B is sensitive to different LAA

shapes and can hardly be generalized to an equation against LAA sizes.

4.2 The Mapping of Patient CT images

Figure 7 qualitatively represents the smaller error of proposed mapping method
by highlighting the matching of boundary between ground truth LAA and mapped LAA,
which is consistent with the smaller variance of error displayed in figure 9. However, it
should be noted that some small LAA clusters exhibit similar morphology after being
mapped onto the spring network with different methods. In other words, the result of the
CSAM mapping is equivalent to that of the naive mapping when the target is a small
LAA cluster. Potential reasons are: (1) the size and shape adjustment are too small to
alter the original morphology of the LAA cluster. (2) the resolution of the spring network

is so coarse that small change in the LAA map is not reflected in the spring network. The
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size and shape adjustments become negligible only when the target LAA has an
extremely small size (fewer than 20 pixels) within which the expansion of area due to
eliminating of springs is limited. Thus, it is reasonable to apply the naive mapping on
such clusters based on previous findings that the coalescence of LAA clusters is much
more likely to occur near advanced emphysematous regions involving large LAA
clusters. [25] Therefore, the small clusters away from large ones will have limited
contribution to the progression of emphysema, and the ones close enough to advance
emphysematous regions are more likely to merge into the neighboring clusters. Neither
case will negatively affect the spring network representation of the LAAs. The issue of
coarse spring network resolution may produce errors based on a previous study which
found that small ratio of spring network resolution to CT resolution can lead to
significant underestimation of LAA size in the reconstructed apparent CT images. [26]
The underestimation of a single LAA may not be vital, but the underestimation of two
nearby LAA clusters may alleviate the local pathological state by separating two LAA
clusters further apart. As a limitation of this thesis, the spring network resolution was not
fine enough to avoid such issue, which may be partly responsible for the negative errors
(maybe even the highest error) in Figure 8.

In Figure 8, the correlation between error and total %LAA in the naive method
group is lost in the CSAM method group, suggesting that the size of LAA clusters is
correctly conserved in the spring network representation during the CSAM mapping.
Despite the lack of previous studies in a similar topic, the loss of correlation and the

significantly smaller error in CSAM group (Figure 9) suggest that the proposed mapping
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method successfully improved over the distorting effects of the naive mapping method.
The pre-stress was assumed to be a constant through the entire study, but the
value of pre-stress that reflects accurate physiological characteristic of a lung has not
been determined. Since the spring network model was simplified to be linearly elastic and
all springs were pre-set with the same spring constant, the amount of pre-stress was
determined by the ratio between the initial length (L;;,;¢i4;) and the rest length (L, ) of

the springs.
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Figure 13. The impact of pre-stress on elastic spring network model. All springs are linearly
elastic, hence the ratio of initial length to the rest length of springs determines the magnitude of the

pre-stress. In both naive and CSAM groups, total %LAA of constructed spring networks increases
along with the amount of pre-stress.

Spring networks were constructed from the same set of CT subjects with different pre-

stress, and the total %LAA were measured at corresponding apparent CT Images. Figure
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13 demonstrates the impact of pre-stress on our spring network model by presenting the
distribution of total %LAA at different pre-stress setting. Higher pre-stress results in
higher total %LAA in all 10 subjects with both naive method (p = 0.93) and CSAM (p =
0.93). The result is intuitive with the fact that a fully connected spring network with
higher pre-stress is bearing higher energy at each spring, hence cutting the same amount
of springs will result in a larger void area. The result also implies that the optimal
parameters of CSAM is related to the pre-stress, therefore the ideal range of pre-stress
that reflects actual lung physiology should be identified to determine the optimal
parameters of CSAM with clinical potential.

4.3 Model Simulation of Emphysema Progression

The proposed CSAM mapping method constructs spring network representations
of emphysematous lung with better conservation to the original CT image than the naive
method. However, the qualitative difference between the network representations is
subtle despite the significant difference in quantitative analysis. Thus, it is reasonable to
test the necessity of proposed method by measuring the long-term difference between the
naive and proposed methods during the simulation of emphysema progression.

Despite the similarities between the LAA configurations of the two methods at the
initial iteration, Figure 10 shows qualitative differences demonstrated by the different
force distribution profile across spring networks which manifest in the distinct LAA
coalescence dynamic at later stages of the progression. The different location of
coalescence between the two methods indicates that the redistribution of force after

spring rupture follows distinct profiles, and the progressive iterations of such process
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drives the accumulation of divergence between the networks corresponding to the two
different mapping methods, ultimately resulting in completely distinct LAA
configurations. However, the LAA structures in Figure 10 look somewhat similar even at
an advanced disease stage. A possible reason is that the criteria for removing springs at
each iteration, the springs bearing more than 80% of the maximum force, is too broad and
there exists a great overlap of springs bearing the highest forces across the spring
networks. A finer step size of removing springs requires higher computational resource
but may reveal more obvious divergence between the spring networks of different groups
in long term simulation of emphysema progression.

Figure 11 quantitatively represents the divergence between spring networks by
measuring the average local difference at similar disease severity. The globally strong
correlation between local difference and disease severity demonstrates a collective
behavior of increasing divergence between the two spring networks as emphysema
progresses, consistent with previous discussion about the accumulating divergence due to
redistribution of force after springs rupture at distinct location. A similar phenomenon is
shown in Figure 12, where the largest LAA clusters coalesce with neighboring clusters at
different order in two groups of spring networks. At the level of a single subject (specific
colored data points in figure 11), 6 out of 7 followed global behavior and exhibit strong
correlation between local difference and pathological state, while only 1 subject behaved

conversely. The specific subject is examined in more detail in Figure 14.
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Figure 14. The Exception. The only spring network exhibits decreasing local difference along with
disease severity.

Based on visual assessment, there may be two reasons that can account for the decreasing
local difference: (1) the structure includes many tiny LAA clusters, and (2) as previously
mentioned, the coarse criteria of removing springs at each iteration. Despite the existence
of a single large LAA cluster, the majority of LAA clusters are small that these clusters
do not even require any preprocessing by our CSAM method. Therefore, with the
contribution of coarse degrading criteria, almost identical spring networks at the initial
iteration eventually progress to similar configurations.

Although the patient specific simulation of emphysema progression utilizing
mechanical forces implicitly assumes that rupture sites are also related to increased local
enzyme concentrations, additional factors probably contribute to tissue deterioration such

as exacerbation [27], infections, smoking, and potential other co-morbidities. The
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increasing difference between the prediction of progression by the two mapping methods
more likely reflects more complex network effects as mechanical forces are redistributed

around a rupture site.

Table 1. The impact of  on emphysema simulation.

B=0.1 B=0.2 B=0.1 B=0.2

CT1 %LAA | #HAA | %laa | #LAA CT 2 %AA | #aa | %iaa | #aa
teration 0 13.34 122 11.08 115 Iteration 0 190 | 105 1486 | 115
Iteration 1 14.37 116 12.37 110 lteration 1 2024 | 102 1670 | 107
Iteration 2 16.78 113 12.96 109 lteration 2 239 | 100 1768 | 104
teration 3 18.30 113 15.40 107 lteration 3 25.29 9% 19.22 99
teration 4 19.04 111 16.23 100 lteration 4 27.21 94 20.71 98
lteration 5 20.72 112 18.51 100 lteration 5 29.07 90 22.65 95
teration 6 22.73 106 19.35 9% lteration 6 30.32 88 24.61 93
teration 7 24.78 99 20.79 93 lteration 7 33.09 83 27.89 91
lteration 8 27.01 92 21.52 92 lteration 8 36.42 84 28.56 87
lteration 9 27.93 90 22.85 91 lteration 9 38.29 78 30.66 88
lteration 10 | 30.42 89 25.18 83 Iteration 10 39.74 76 33.74 84

B was the parameter that adjusts the shape of a LAA cluster in CSAM. Despite the
observation that the optimal B is usually a small number, yet the relationship between the
optimal  and the LAA size was not found. Thus, CSAM was implemented with a
constant § = 0.05 throughout the study. However, a slight change in f may result in
completely different layout of neighboring LAA clusters, e.g., a smaller  allows two
LAA clusters be closer to each other, therefore they may merge with a higher probability
based on the mechanical force driven theory of emphysema. To study the impact of § on
the simulation of emphysema progression, four spring networks were reconstructed from
two CT images with CSAM and two different parameter 3, 0.1 and 0.2 respectively.
Those 4 spring networks were then undergoing 10 iterations of disease progression

simulation, while the ratio of area occupied by LAA clusters (%LAA) and the number of
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LAA clusters (#LAA) were measure at corresponding apparent CT images at each
iteration. Based on the results in table 1, the %LAA at iteration 0 always decreases as the
value of [ increases, suggesting that shape adjustment was implemented through the
erosion of original shape. The erosion of a LAA cluster not only accompanies a smaller
%LAA, but also a higher probability that one LAA cluster would be separated into two
clusters if there was initially a narrow connection between them. Based on the finding in
%LAA, the number of LAA clusters should be more likely to increase as a larger B is
applied. The column of #LAA partially agrees with the previous finding by presenting
both increased and decreased #LLAA at iteration O for a larger B. The only explanation for
a decreased #LAA is the elimination of LAA clusters under a high value of B, and Figure

15 supports the explanation by visualizing the shape adjustment of  from small to large

level.

B=0 =03 B=0.7 =12

Figure 15. The Elimination of LAA at Large value f.

The simulation of emphysema progression was performed on all 4 spring
networks and table 1 reveals that different B values can result in distinct progression
trajectories. For example, %LAA is 20.7% and #LAA is 112 for CT1 at iteration 5 with 3

= 0.1, whereas similar %LAA is found at iteration 7 when = 0.2 and #LAA is 93.
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Similar %LAA but much smaller #LAA due to the use of different parameter value

indicates the distinct LAA clusters profile and progression trajectories at two networks.

4.4 Limitations

Various simplifications were made during the development of the mapping
methods, subsequently resulting in limitations of the analysis and the results related to
disease progression.

First and foremost, the ratio of spring network resolution to CT resolution was not
large enough to generate unbiased results. The coarse spring network resolution does not
accurately reflect the LAA map of the original CT image and the subsequently
reconstructed apparent CT is different from the original LAA map. Especially at the
boundary of a LAA cluster, this phenomenon can happen with a high likelihood due to
the mismatch between a CT pixel and a coarse spring network cell. An accurate boundary
profile is critical when two neighboring LAA clusters are separated only by a thin wall.
In this case, inaccurate representation of the cluster boundaries by the spring network can
lead to an early coalesce of clusters during simulated progression of emphysema. Indeed,
the progression by mechanical forces is overly sensitive to small changes in such
boundaries. Therefore, the coarse network resolution may lead to a biased prediction of
the emphysema progression.

Another simplification is the smoothing of LAA map before the construction of
spring network representation. To reduce the strong effects of single LAA pixels or tiny

LAA cluster on the reconstruction, every LAA map was initially smoothed with image
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dilation and image erosion, subsequently reducing the total number of LAA clusters to a
much smaller level.

Another limitation of modeling, especially that of the prediction of progression, is
related to transforming the original CT image to a binary LAA map. This transformation
leads to a loss of information. In the future, the non-LAA pixels may be represented by
springs of different stiffness, which in turn may provide a better representation of the
lung’s elastic structure.

Eventually, the generic 2D nature of the network model limits the potential of
investigating the complete pathological mechanism of emphysema. A recent study [23]
has found a potentially novel model of emphysema progression by analyzing 3D CT data,
which is unlikely to be recapitulated in 2D due to the absence of one-dimensional

information. Nevertheless, our approach can be extended to 3D in the future.
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S CONCLUSION
5.1 Summary

We developed a novel method of reconstructing a pre-stressed spring network
representation of emphysematous lungs through analysis of the characteristic regions, the
LAAs, from emphysema patient lung CT scans. Our results suggest that the proposed
method is able to construct spring network representation of emphysematous lungs while
retaining a better correspondence with the original structure in the CT images than the
naive method. Therefore, our proposed CSAM method can be applied to personalize
spring network models with patient specific information, subsequently helping in
predicting the progression of emphysema. Our study may have implications for early
intervention, and even guiding decision-making in LVRS and Bronchoscopic Lung
Volume Reduction (bLVR) surgeries.
5.2 Future Work

The personalization of a finite element model should be validated by clinical data
[28]. Therefore, the patient specific spring network model should be applied to make
prediction about future state of emphysema with the verification of real follow-up CT
images. The personalized nature of the model will allow the direct comparison of the
microscopic structure between the model output and clinical obtained CT, which may
allow the model to study characteristic emphysema progression mechanisms of patients
with certain microscopic features. Previous studies longitudinally investigated the
microscopic change in lungs of emphysema patients without microscopic mechanical

simulation. [23] [25] The patient specific model can be applied to reproduce the results as
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well as interpret potential difference in microscopic structure between the model and CT.
The potential difference may provide insights into new factors or parameters that can be
incorporated into the model to achieve higher consistency with clinical data. Using
extensive simulations, patient specific model predictions can be compared with clinical
obtained CT data, which may identify distinct parameters, factors and iterative criteria for
different groups of emphysema patients with different pathological characteristics.

A recent lung CT analysis has led to the discovery of super large low attenuation
clusters in 3D which was shown significantly contribute to emphysematous progression
[23]. The extension to 3D model is a necessary next step before fully understanding the
role of mechanical forces in the progression of emphysema. Identical to the case of our
2D model, the 3D model should be extensively simulated and compared with CT images
to validate its efficacy in predicting the progression of emphysema. The ultimate goal is
to improve the patient specific model to a stable and accurate predictor that can be

applied to help guiding decision-making in surgeries like LVRS and bLVR.
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