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Abstract: Magnetic resonance (MR) imaging has demonstrated that CF subjects have a significantly
higher lung density (e.g., fluid content) when compared with healthy control subjects, but, at present,
there are no techniques to quantify the spatial presentation of these lung abnormalities. The excess
fluid in MR lung images for CF subjects with mild (1 = 4), moderate (n = 5), and severe (1 = 4) disease
and age- and sex-matched healthy controls (1 = 13) in both the right and left lungs was identified
and quantified using a thresholding-based image segmentation technique using healthy controls as a
baseline. MR lung images were categorized into one of three spatial presentation groups based on
their regional and global percent area of the lung covered by excess fluid (i.e., spatial distribution):
(i) generalized for sparse, (ii) localized diffuse for a moderate focality, and (iii) localized for a strong
focality. A total of 96% of the controls presented as generalized. CF subjects populated all three
presentation groups and an individual’s right and left lungs did not always categorize identically.
The developed metrics for categorization provide a quantification method to describe the spatial
presentation of CF disease and suggests the heterogeneous nature of the disease.

Keywords: cystic fibrosis (CF); spatial presentation of CF abnormalities; magnetic resonance (MR)
imaging; image segmentation and analysis

1. Introduction

Cystic fibrosis (CF) is an inherited disease, affecting over 30,700 individuals in North
America. The disease, caused by mutations in the CF transmembrane conductance regulator
(CFTR) gene, is associated with a median age of death at ~44 years [1]. The gene mutation
results in abnormal hydration and deployment of the mucus layer overlying the airway
epithelium, which leads to impaired mucociliary clearance [2]. In the lungs, mucus initially
builds up in small airways, creating an ideal environment for the establishment of a
polymicrobial biofilm. The resulting immune response causes small airway closure and gas
trapping. With the buildup of excess secretions, there is a constant cycle of inflammation
and infection, resulting in airway remodeling/scarring, poor gas exchange, and ultimately
death from respiratory failure [3].

Today, more than half of CF patients in North America are over the age of 18 [1], and
the most noticeable aspect of adult CF is the degree of heterogeneity of disease expres-
sion [4]. The genomic defect in CF causes a wide range of structural consequences, such as
bronchiectasis, gas trapping, mucus plugging, peribronchial thickening, and parenchymal
abnormalities [4-6]; however, these vary from patient to patient, even siblings with identi-
cal CF genotypes [7]. With a remarkable increase in the lifespan of CF patients due to the
development of CFTR modulator treatment, new techniques are needed to investigate CF
disease classification and progression.

Many of the lung abnormalities caused by CF, such as those discussed above, are
identifiable through medical imaging techniques because they alter the density of lung
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tissue (i.e., the ratio of gas to surrounding soft tissue) when compared to normal lung
tissue. Peribronchial thickening, for instance, appears denser in imaging studies due to
excess interstitial fluid and edema generated by the airway inflammatory response. Two of
the most commonly used medical imaging techniques for CF are computed tomography
(CT) and magnetic resonance (MR) imaging to visually assess defects and morphological
changes. In healthy subjects, the attenuation measured in CT scans is determined by the
presence of lung tissue, blood, and air [8], whereas MR imaging measures the water content
of blood and lung tissue. Therefore, though CT provides a higher resolution of lung tissue,
MR imaging is ideally suited for assessing lung water content.

Quantitative methods to evaluate CF with CT imaging have been developed and are
primarily focused on threshold and model-based techniques to automatically measure
the size of airways [9] and localized air trapping [10]. Chest CT scoring systems, such as
the Brasfield scoring system provide a fairly sensitive measure of airway secretions. The
Brasfield scoring system of chest CT [11] has been shown to be reproducible and useful
in assessing CF airways but has two drawbacks: (1) It utilizes a semi-quantitative scoring
system based on subjective clinical review. (2) It utilizes CT, which should not be used in
repeated measures due to ionizing radiation exposure [12,13].

Due to the inherent risk of repetitive CT exams, there are new efforts to develop
low-dose CT techniques to monitor lung disease in both pediatric and adult CF [9,14-16].
However, low-dose CT techniques also use a semi-quantitative scoring system to evaluate
lung health. The use of structural MR imaging has been suggested as a surrogate and has
been shown to correlate well with chest CT assessments [17-21]. Although MR imaging
can be used repeatedly, these assessments are still semi-quantitative. At present, none of
the techniques discussed above have been able to determine if the spatial characteristics
(e.g., size, location, and distribution of lung abnormalities) of CF are linked with disease
status. Therefore, there is a need for new metrics that can quantify the spatial heterogeneity
of CF disease.

We hypothesize that lung abnormalities in CF can be identified on an individual-by-
individual basis by spatially identifying locations in the lung that are outside of the range
of lung density observed in the MR images of healthy control subjects. Once abnormalities
have been identified, we also hypothesize that a quantitative metric can be developed that
represents the heterogeneity of disease expression in CFE. In this paper, we describe the
process of identifying lung abnormalities in tissue density maps from MRI data obtained
in a small sample of CF and healthy control subjects, the identification of key summary
statistics that spatially resolve regional and global disease in CF when compared to controls,
and define our model that categorizes the severity and spatial pattern of disease in CF.

An MR imaging sequence specifically designed for rapid quantitative lung density
assessment has been developed at the University of California, San Diego (UCSD) that
is capable of measuring lung water density on a single voxel basis within a nine-second
breath-hold. The measure of lung water density is unitless and is presented as fractional
lung density (FLD) with a range of values from 0 (air) to 1 (100% fluid). This MR technique
has been shown to be a reliable and repeatable technique to measure lung water density
in healthy subjects [22] and has been validated in an ex vivo animal study [23]. It has also
been designed so that it can be installed and used on any clinical MR imaging scanner
without investing in additional hardware or personnel. This technique can reliably evaluate
a change of +0.01 in lung density (+-0.006 cm® of fluid) per MR image voxel (0.6 cm®
of fluid). Thus, any observed change in lung density between lung volumes identifies
very small changes in regional lung water content. We acknowledge that the MR imaging
technique is not capable of approaching the resolution of CT (~0.001 cm?), but our technique
is very sensitive in detecting very small changes in lung water content.

Data acquired with this MR imaging sequence has been obtained for 13 CF subjects
across mild-to-severe disease severity and age- and sex-matched healthy control subjects. In
this study, we have developed a digital image analysis technique to import MR lung density
images and identify excess fluid indicative of lung abnormalities. This is done by segment-
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ing lung regions with an abnormally high tissue density when compared to healthy control
subjects. There are five major classes of lung segmentation methods: (i) thresholding-based,
(ii) region-based, (iii) shape-based, (iv) neighboring anatomy-guided, and (v) machine
learning-based methods [24]. In this study, we use a thresholding-based method to segment
the excess fluid in the lungs by determining the normal fluid content present within the
control group population. Thresholding-based methods are fast and the least expensive
computationally [24]. Additionally, thresholding-based methods are well suited for the
identification and segmentation of well-defined normal structures [24], although they often
fail to categorize pathologic features. However, by comparing segmented images of CF
subjects with healthy controls, we were able to obtain well-defined features of excess fluid
for accurate segmentation.

In culmination, our approach characterizes the spatial presentations of excess fluid
in each CF subject and healthy control subject based on the location, size, and density of
excess fluid present in different regions of their lungs. The percent area of excess fluid,
referred to as the spatial distribution, is determined for the total lung and different regions
of interest. We found that spatial distribution is a key factor in identifying the differences
in spatial presentation between CF and control subjects. We have developed metrics based
on spatial distribution to capture differences in excess fluid regionally and globally. These
metrics were used to define the spatial presentation of each lung in one of three groups:
(i) generalized if the fluid was sparse, (ii) localized diffuse if at least one focality of fluid
was present with a dense distribution of fluid elsewhere, and (iii) localized if at least one
focality of fluid was present with a sparse distribution elsewhere.

Our evaluation of abnormalities with a 15 mm sagittal slice of the lung demonstrates
the benefits of using computational approaches for excess fluid detection, eliminating
subjectivity from manual annotation. The metrics developed are the first known attempt
at defining the spatial presentation of excess lung fluid. This study is anticipated to
add to the growing body of work for understanding CF and motivates the need for fur-
ther investigation of the spatial heterogeneity of disease through digital image analysis.
Since our techniques are quantitative, they have the sensitivity to potentially follow dy-
namic changes in lung anatomy, including the spatial characteristics of lung abnormalities.
This is invaluable for understanding CF disease status and likely disease progression on
an individual-by-individual basis. Our quantitative approach for evaluating the spatial
characteristics of CF may potentially aid the personalized treatment of CF disease. Addi-
tionally, the technique may be applied to evaluate CF response to therapy by comparing
the distribution of lung abnormalities before therapeutic intervention to those still existing
after therapy.

2. Materials and Methods
2.1. Subject Group

We propose to utilize quantitative measurements of lung water density to analyze the
spatial presentations of excess lung fluid in CF patients with stable disease and age- and
sex-matched healthy controls. All subjects were lifetime non-smokers, with no history of or
risk factors for cardiopulmonary disease, no allergies, or contra-indications to MR image
scanning. Lung function data, specifically spirometry, were obtained to assess the disease
status of CF patients and verify the absence of lung disease in the control population.
Spirometry for all subjects followed the American Thoracic Society standards (Easy One
spirometer, Zurich, Switzerland). The percentage of predicted FEV; (ppFEV;, where FEV;
is the forced expiratory volume in one second) for each subject was based on the Third
National Health and Nutrition Examination Survey reference values [25] and calculated
by dividing a subject’s FEV; by the average FEV for subjects of the same age, height, sex,
and race. Data are presented for CF subjects with a range of disease severity determined by
their ppFEV1: four mild (80% > ppFEV1), five moderate (50% < ppFEV1 < 80%), and four
severe (ppFEV1 < 50%). Thirteen age- and sex-matched healthy controls are also presented
for comparison. As stated previously, CF disease is characterized by lung abnormalities
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that are easily identifiable in MR density images due to the altered lung density of CF
subjects when compared to controls. Therefore, this study utilizes MR density images for
lung abnormality quantification and analysis.

2.2. Image Acquisition

A fast gradient echo MR imaging sequence has been developed at the University of
California, San Diego (UCSD) to spatially capture lung water density in CF subjects and
healthy controls [26]. CF subjects with stable disease were recruited from the UCSD Adult
CF clinic. Healthy adults without CF were recruited from the local population in San
Diego. All subjects provided written informed consent approved by the Human Research
Protections Program at UCSD (#110368).

MR density image data were acquired in an ACR accredited 1.5T GE EXCITE HDx
Twinspeed MR imaging scanner (General Electric, Milwaukee, WI, USA) with imaging
parameters kept within the established FDA guidelines for routine clinical MR examinations.
Before being placed supine in the scanner, each subject was trained in breathing maneuvers
to reach total lung capacity (TLC, full inspiration). The 3D maps of lung water density
were collected with 15 mm thick sagittal slices (with no gap) encompassing the entire
lung (15-18 2D sagittal slices) at TLC. Quantitative measurements of lung density were
calculated as fractional lung density (FLD) with a range of values from 0 (100% air) to
1000 (100% fluid) on a voxel-by-voxel basis.

Quantitative measures of lung water density are based on data acquired with a multi-
echo fast gradient echo (nGRE) sequence that acquires multiple single echo acquisitions
within a single breath-hold. The sequence collects 12 images alternating between two
echo times (TE = 1.0 and 1.8 ms) within a breath-hold. After averaging data at each echo
time, data were fit on a voxel-by-voxel basis with a single exponential decay function to
determine the local decay constant (T,*) and lung water content by back-extrapolating
signal to an echo time of zero. Absolute water content was obtained with the inclusion of
a phantom whose signal represents 100% water. Since the phantom does not have decay
constants equal to that in the lung, a correction factor was empirically determined for the
static sequence parameters (TR = 10 ms, T, decay effects negligible), permitting the mean
phantom signal to be used as a reference for absolute calibration of water content.

2.3. MR Tissue Density Data

The lung has been manually pre-processed and segmented from the surrounding
structures in the 2D MR density images before the analysis is conducted in this study.
We aim to quantify and analyze the spatial presentation of excess lung fluid (e.g., edema,
peribronchial thickening, and bronchiectasis).

As MR density image data contains quantitative measurements of fractional lung
density, large blood vessels are captured in the image and are difficult to distinguish from
excess fluid when using thresholding techniques. We note that we do not currently have
a method to remove the blood vessels in a repeatable and accurate manner. Therefore,
a single 2D 15 mm sagittal slice lateral to the hilar vessels has been selected from the larger
data set in each of the right and left lungs of each subject for analysis to avoid the added
complexity of the blood vessels (Figure 1). Thus, a unique mask image that excludes all
anatomy except lung tissue was generated for each of the 52 sagittal slice MR density
images across the entire subject population. The advantage of utilizing image data devoid
of blood vessels allows us to isolate and evaluate disease patterns for our early stage of
model development before expanding our technique to the whole lung.

To address spatial variations in lung density, which must be accounted for when
imaging supine at TLC, we have chosen to define regions of interest (ROIs) in a similar
manner as in [27]. The masks were divided into nine ROIs by indexing their maximum
anterior-posterior and cranial-caudal dimensions by thirds, effectively superimposing a
3 x 3 grid onto each mask. A 3 x 3 grid will sufficiently sample lung density within each
RO], ensuring the number of voxels within a grid is greater than 50 (the lowest adequate
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number of voxels to sufficiently sample lung density), along with the distribution of ROIs
comprising the spatial variation of lung density observed.
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Figure 1. Demonstration of the approximate location of the 15 mm sagittal slice, shown as the shaded
region, chosen for analysis of the lung lateral to the hilar vessels. Red arrows illustrate the hilar points
of the right and left lungs.

The MR density image displays the lung density information (Figure 2), and the mask
shows the total lung space encompassed by the sagittal slice while identifying the ROIs of
the lung (Figure 2). In our analysis, the nine ROISs in the right lung are considered separately
from the nine ROIs in the left lung (labeled regions 1-9 and regions 10-18, respectively) to
account for physiological differences in right and left lung anatomy (Figure 2).

Right Lung Left Lung

MR Lung

Density | anterior posterior | anterior
Image

posterior

Mask | anterior

$ posterior anterior B} posterior

4 3.2 3 ya &)

Figure 2. Demonstration of original MR lung density images (top row) with corresponding masks
identifying the 18 ROIs across the right and left lungs (bottom row).

2.4. Image Processing and Analysis for Identification of Excess Lung Fluid in MR Lung
Density Images

We have automated the extraction of excess fluid information from MR lung density
images by writing a script that utilizes the MATLAB image processing toolbox. The data
used for image processing has been described in Section 2.3. We begin with an MR lung
density image and corresponding mask separated into nine ROls.

When imported to MATLAB, each MR lung density image is represented by a matrix
of pixel intensities. Following image import, the image processing technique follows four
main steps: (i) the image is divided into the nine ROIs using an image mask, (ii) the excess
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lung fluid is segmented using a biologically relevant thresholding technique, (iii) connected
components are identified, and (iv) the pixel areas of connected components are computed
for each ROL The data output includes a list of connected components, their areas, and the
ROI in which each connected component was found. The image processing technique is
described in detail throughout this section and summarized in Figure 3.

MR Density Image

Step 4
Output

Image Mask -SP“t determine
image M area of each
B into 9 : connected
ROIs fluid component
per section
E Image [ Image (A

00100 0 300

01100 3300

00000 0000

00111 0 4 4 4

011 10 4 4 40

] Find and label all 8-

connected components

Figure 3. Graphical representation of image processing technique. (A) Input MR density image of
a sagittal slice of the lung. (B) Input image mask identifying 9 ROIs of the lung. (C) The resulting
image from step 1 after the MR density image is divided into 9 ROIs using the mask. (D) Resulting
images of the excess fluid in each lung ROI from the thresholding procedure in step 2. (E) 8-connected
components are identified and labeled using unique integers. (F) The resulting image after step 3
displays the labeled connected components. The output of the image processing procedure is the
area and location of each connected component calculated in step 4.

2.4.1. Division of MR Lung Density Image into Nine Regions of Interest (Step 1)

The inputs for the image processing technique are (i) an MR density image of a single
sagittal slice of the lung (Figures 2 and 3A) and (ii) an image mask that has been divided
into nine ROIs by a 3 x 3 grid that is unique to each subject (Figures 2 and 3B). The mask is
used to divide the original image into nine ROIs by treating the one ROI as the foreground
and removing the remainder of the image considered to be the background.

2.4.2. Images Are Thresholded to Identify Excess Lung Fluid (Step 2)

As described previously, MR density imaging captures the distribution of fluid in
the lung by detecting the presence of water. In healthy lungs, water is detected in blood,
lung tissue, and/or large blood vessels. In CF lungs, water is detected in not only healthy
tissue but also in mucus and abnormal lung structures. Thus, images from healthy subjects
comprise our control group, and the density of lung fluid in each ROI from this group is
used to determine the presence of excess lung fluid. Each of the 18 ROIs are considered
separately, as normal fluid and/or other anatomical structures do not occur uniformly
across all ROIs [26]. The median of the pixel intensities within each ROI is computed
using density images from the control group only. Intensities falling below two standard
deviations of the control group’s median in each ROI represent normal lung fluid. These
values become the threshold barriers for each ROI and are used to remove noise from the
images by reassigning pixels below these barriers to an intensity value of 0. The remaining
pixels represent excess lung fluid and are reassigned with an intensity value of 1. This step
concludes with binarized images of each ROI displaying only excess fluid.
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2.4.3. Identification of Connected Components (Step 3)

The third step in the image processing technique identifies connected components
representing a collection of excess fluid. A collection of excess fluid may also be thought of
as a cluster of excess fluid present in the image shown by white pixels, as in Figure 3D.

The image processing technique searches for an unlabeled pixel in the density image
I and uses a flood-fill algorithm to label collections of pixels, which are groups of pixels
that are 8-connected (i.e., their edges or corners touch) (Figure 3E). A flood-fill algorithm,
sometimes called seed-fill, is a basic algorithm used in a variety of image processing
applications and is described in its basic form in [28] and can be implemented using
MATLAB version R2021b’s built-in functions bwconncomp and bwlabel. We label each
connected component in the density image I uniquely using an integer and construct a new
image L that contains the labeled connected components in the ROL. This step is repeated
until all pixels have been labeled and the result is an image L that contains all the connected
components and their respective labels (Figure 3F).

2.4.4. Quantification of Excess Fluid Collections (Step 4)

The image processing technique concludes by calculating the pixel area of each con-
nected component and recording the location (ROI) in which it was found. The area of each
labeled connected component is defined as the total number of pixels within that label. At
this stage, we can easily identify each collection of excess fluid and its respective pixel area
in each ROI by the unique labels generated in step 3. The output is the pixel area of each
labeled connected component per ROL

2.5. Statistical Analysis

We aim to identify the key statistics that distinguish the presence of excess fluid in
CF subjects from healthy controls by evaluating features for statistical significance. The
statistical significance of the differences between the CF and control groups was determined
by a two-sample non-parametric Kruskal-Wallis test. Distribution fits were assessed for
statistical significance using a one-sample Kruskal-Wallis test on the transformed data.
A non-parametric test was chosen due to the smaller sample size and to avoid unnecessary
distribution assumptions. Statistical significance was taken at the 95% confidence level.
Statistical tests were performed using R (RStudio version 1.4.1106).

3. Results

Using the methods described, MR density images have been processed to identify
collections of excess fluid in the lungs. We aim to describe the collections by first deter-
mining the key summary statistics capturing differences in CF vs. control, identifying
these differences across both global and regional lung space, and finally labeling the spatial
presentation of excess fluid in the lungs. An overview of the workflow is shown in Figure 4.

PROCESS MR DENSITY IMAGES ANALYZE SUMMARY STATISTICS CATEGORIZE IMAGES
Extract summary statistics from Define new metrics based on the
MR lung density images global and regional spatial

Global
Segmentation

Segmentation

distributions
-p Analyze ability of summary =)

statistics to differentiate CF lungs Model the distributions of the
from healthy control lungs new metrics across all the images
Regional Determine that regional spatial Categorize spatial presentations
distribution is the most effective of excess fluid using new metrics

Figure 4. An overview of the study design for determining the spatial presentation of excess
lung fluid.
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3.1. Summary Statistics of Excess Fluid in MR Lung Density Image: CF vs. Control

We have implemented the image processing technique for lung MR density images
from healthy controls (CTL, n = 13) and CF subjects with mild (n = 4), moderate (n = 5),
and severe (1 = 4) disease. Images of the right and left lungs were considered separately
for a total of 52 individual MR images, 26 in the left and 26 in the right.

From the data output, we have determined summary statistics in each of the nine
ROIs per lung for both healthy controls and CF subjects. Summary statistics include mean
connected component area, maximum connected component area, the number of connected
components, and the area of excess fluid, with respect to lung size, which we define as
spatial distribution.

3.1.1. Mean Pixel Area of Excess Fluid Collections

The mean connected component area in each of the 18 ROlIs (9 in the right lung, 9 in the
right) has been evaluated to investigate if CF subjects have larger collections of excess fluid,
compared to healthy control subjects. The median was not chosen for investigation because
we aim to extract the extreme behaviors occurring within the CF population. Figure 5
shows the mean connected component pixel area across all 18 lung ROIs in the right and
left lungs for individuals with different CF severity levels and healthy controls. We found
a statistically significant increase in the mean connected component area for CF subjects
from that of healthy controls in 10 out of the 18 regions (p < 0.05, red asterisks in Figure 5).

F ™= T T T T T T T T T T T T T T > CTL
I * * L * * * * % * | = Mid
- A e 4 Moderate

- o . A ¢+ Severe
E o ¢ 4 * o ¢ A
3 o o (o2
L » Q
- A (o]
: A [e] Ao
- o 0 o o

1 (| 1 1 1 1 1 1 L (| 1 1 1 1 1 1 L

1 3 4 5 6 7 8 9 10 11 12 183 14 15 16 17 18

ROI

Figure 5. Mean connected component pixel area per ROl in control and CF subjects. ROIs 1-9 are from
the right lung and ROIs 10-18 are from the left lung. Red asterisks denote a statistically significant
increase in CF subjects when compared to controls (p < 0.05). The mean connected component pixel
area is plotted in log scale.

3.1.2. Maximum Pixel Area of Excess Fluid Collections

The maximum connected component area was evaluated for all CF and healthy control
subjects in each ROI (Figure 6). The maximum connected component area was found to
be statistically greater for CF subjects, when compared to healthy controls in 11 out of the
18 regions (p < 0.05, red asterisks in Figure 6).

3.1.3. Number of Excess Fluid Collections

The number of connected components per ROI is shown in Figure 7. Compared to the
mean and maximum connected component area (Figures 5 and 6), the number of connected
components did not show many extremes in the form of outliers in CF subjects. There was
a statistically significant increase in the number of connected components for CF subjects
when compared to healthy controls in 6 out of the 18 regions (p < 0.05, red asterisks in
Figure 7). The number of connected components per ROI did not distinguish CF from
control subjects in most ROIs. This is not surprising because this metric does not account
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for the connected component area. A CF subject may have the same number of connected
components as a healthy control subject, but those of the CF subject may be larger.

600 F 1 T | — T T T T R T T T T T T . CTL
400F « % : *‘ w ¥ % A *o% s Mild
< [ A Moderate
o n *
2 <q=f) 200 ‘ * & © ° * ¢ Severe
o = o o o3
2 8. © . "
s a
Oz
£ ©
5 ¢
Eg A
<
© *
=3
0
] 1 1 1 1 0 ° 1 1 1 1 1 1 1 I
1 2 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

ROI

Figure 6. Maximum connected component pixel area per ROI in control and CF subjects. ROIs 1-9
are from the right lung and ROIs 10-18 are from the left lung. Red asterisks denote a statistically
significant increase in CF subjects when compared to controls (p < 0.05). Maximum connected
component pixel area is plotted in log scale.

1 I I 1 1 1 Ll I I 1 1 1 1 I I 1 o CTL
= Mild
9 A Moderate
q} -
© 15 * *| ¢ Severe
QC) *
o *
62 .
O §10F 0 *
P - *
5 9
S E 5
ES
Z
0 [N 1 1 1 1 A 1 1 1 1 ® 1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
ROI

Figure 7. The number of connected components per ROI in control and CF subjects. ROIs 1-9 are from
the right lung and ROIs 10-18 are from the left lung. Red asterisks denote a statistically significant
increase in CF subjects when compared to controls (p < 0.05).

3.1.4. Spatial Distribution of Excess Fluid Collections

Spatial distribution is defined as the percentage of excess fluid in an ROIL Here, we
define this as SDrp; which gives the percent of the ROI that is covered by excess fluid
(Definition 1).

Definition 1. The spatial distribution of a region of interest of the lung is defined as the area
of excess lung fluid in the region of interest (AL ) divided by the area of the region of interest
(AROI)‘ That is:

AF
SDror = 2oL
ARror

We found that SDgro; distinguished CF from healthy control subjects overwhelmingly.
Figure 8 shows the spatial distribution of fluid values for all ROIs in both the right and left
lungs across all groups. There was a statistically significant increase in spatial distribution
for CF subjects when compared to controls in 13 out of the 18 regions (p < 0.05, red asterisks
in Figure 8).
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Figure 8. Average spatial distribution per ROI in control and CF subjects where ROIs 1-9 are from
the right lung and ROIs 10-18 are from the left lung. Red asterisks denote a statistically significant
increase from control to CF subjects in the ROI (p < 0.05).

3.1.5. Inference of Summary Statistic Importance

After an analysis of the mean connected component area, the maximum connected
component area, the number of connected components and the spatial distribution of
excess fluid in each ROI for both CF subjects and healthy controls, we conclude that spatial
distribution distinguishes CF lungs from healthy control lungs in the most comprehensive
manner. We note that since lung size varies across subjects, the spatial distribution allows
for the comparison of the proportion of the lung covered by excess mucus across subjects.
Therefore, spatial distribution incorporates not only the amount (area) of excess lung fluid
in an ROI but also the lung space occupied by the RO], as this is not uniform across subjects.
In the following, we group the spatial presentation of excess fluid in CF and control lungs
by using information from the spatial distribution of abnormal fluid.

3.2. Regional and Global Spatial Distribution of Excess Lung Fluid

We have identified SDgo; as the parameter that distinguishes CF subjects from healthy
controls. We note that SDrp; measures the regional distribution of excess lung fluid. To
assess the proportion of a whole lung covered by excess fluid, we introduce SDyy as the
proportion of the whole lung covered by excess fluid. A higher SDyy represents a lung that
has a high percentage of excess fluid coverage overall.

We define a focality of excess lung fluid as a concentration of fluid in a particular lung
ROL We use diffuse to refer to excess fluid that is evenly distributed throughout lung ROIs.
To quantify the distribution of focal and diffuse fluid, the SDyy and a spread of SDro; (see
Definition 2) values in each lung were used.

Definition 2 If the set SD contains all SDroy values for alung, i.e., SD = {SD1, SDy,..., SDg},
then the spread of SDroj values is given by

R = maxSD — minSD.

A low R means the SDro; values across the lung are showing low variability, or
diffuse spatial presentation. A high R means the SDgp; values across the lung may be
higher in one area than another, signifying one or more focalities of excess fluid are present.

We identified normal, moderate, and extreme values of R and SDyy by implementing a
distribution analysis. The right and left lung were analyzed separately and the distribution
of the R values across all samples (CF and control) was found to be lognormal (p < 0.01).
Similarly, the SDy metric was found to have a lognormal distribution (p < 0.01).

In Figure 9, the lognormal distribution curves for SDy and R metrics are divided into
three sections based on the mean (i) and the standard deviation (o) for the distribution.
Critical values for the R metric given in Table 1 are identified by the mean py and standard
deviation og: 0.18 and 0.35, which are pg and pg + og, respectively. Similarly, for the SDyy
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metric with mean pgp,, and standard deviation osp,,, the critical values are 0.1 and 0.19 for
Hsp,, and psp,, + osp,,, respectively. These critical values identify the ranges a SDyy value
or R value must fall within to be identified as one of the three categories for an SDyy value
(i.e., S1, S2, S3) and the three categories for an R value (i.e., R1, R2, R3) (Table 1, Figure 8).
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Figure 9. R and S definitions. The probability density functions (PDF) for the R metric (A) and the
(B) SDyy metric. The x axis represents the range of R or SDyy. Three sections in each PDF graph have
been identified by determining the spread from the mean. If a value falls within a range, it is given
that range’s label.

Table 1. R and SDyy ranges for category assignment. Values are determined by the mean and
standard deviation of the log normal distribution for each of the variables (Figure 8).

R and SDy Categories
Range of R Values R Category Range of SDy Values SDy Category
R <0.18 R1 SDw< 0.1 S1
0.18 <0.35 R2 0.1 <SDy<0.19 52
R >0.35 R3 SDw>0.19 S3

3.3. Categories of the Spatial Presentation of Excess Lung Fluid: Generalized, Localized Diffuse and
Localized Presentations

SDyy yields information about the percent of the lung that is covered by excess lung
fluid while R identifies the range of excess lung fluid across the nine lung ROIs. Each
2D lung density image has been assigned an SDyy category (S1, S2, or S3) and an R
category (R1, R2, or R3). We assign the spatial presentation of a lung’s excess fluid into
one of three distinct categories by using a combination of the SDy and R metrics. These
spatial presentations are (i) generalized presentation, (ii) localized diffuse presentation, and
(iii) localized presentation. (Table 2). Sample lung images for these spatial presentations
are shown in Figure 10.

Table 2. R and S pairings for spatial presentation categories. Categories of excess lung fluid are based
on the metrics given in Table 1.

Spatial Presentation R Category SDyy Category
. R1,R2,R3 S1
Generalized R1 5
Localized Diffuse R2,R3 S3

Localized R2,R3 S2
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Generalized Localized Diffuse Localized

Figure 10. Samples of excess fluid spatial presentation groups. (A) is a generalized spatial presenta-

tion, (B) is a localized diffuse spatial presentation, and (C) is a localized spatial presentation. Image
masks are shown where each ROl is identified by a different shade of grey. Excess fluid is shown
in white.

3.3.1. Generalized Spatial Presentation of Excess Lung Fluid

Generalized spatial presentation is defined by excess fluid that occurs uniformly
throughout the lung. With respect to our metrics, a generalized spatial presentation has a
low SDy value (category S1 or S2). A lung in the S1 category has a low percent coverage
of excess lung fluid, and the collections identified are often small in pixel area and sparse
throughout the lung.

For a lung in the R1 category, regardless of the SDyy value, the presence of excess lung
fluid in the lung is approximately uniform across the nine ROIs. Therefore, any lung with
an R1 category is also considered to have a generalized spatial presentation (Table 2). As
can be seen in Figure 10A, a generalized spatial presentation has a low overall amount of
excess lung fluid spread evenly throughout the nine ROIs.

3.3.2. Localized Diffuse Spatial Presentation of Excess Lung Fluid

Localized diffuse spatial presentation is defined by excess fluid that occurs with
a strong focality in an ROI, with a high overall density of excess fluid present within
that ROL. Figure 10B demonstrates a localized diffuse spatial presentation where there is a
concentration of excess fluid in ROI 4 with a high percentage of excess fluid in the remaining
ROIs. A localized diffuse spatial presentation has a severe SDyy value (category S3) and a
moderate or severe R value (category R2 or R3).

A lung in the S3 category has a large amount of excess lung fluid in the lung. The R2
and R3 categories demonstrate that even with a large amount of excess lung fluid, there is
a concentration of this fluid in a particular ROI or ROIs (Table 2).

3.3.3. Localized Spatial Presentation of Excess Lung Fluid

A localized spatial presentation is used to describe excess fluid that has a clear and
strong localization in a particular ROI A localized spatial presentation has a moderate
SDy value, but the R value is moderate to severe due to a large concentration of excess
lung fluid. Therefore, localized spatial presentation is used to characterize a lung in the 52
category that is also in an R2 or R3 category (Table 2). Figure 10C shows a localized spatial
presentation where there is a collection of excess fluid in ROI 7.

3.3.4. Summary of Spatial Presentation Groups

A summary of spatial presentation assignments is presented in Table 3 for healthy
controls and CF subjects with mild, moderate, and severe disease. As expected, our
model assigns most control lungs to the generalized spatial presentation, with only one
control lung not generalized but localized with a statistically significant difference in spatial
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presentation among CF and CTL (Figure 11, p < 0.01 Fisher’s exact test). CF lungs are
found in all three spatial presentation groups. It is important to note that the 13 CF subjects
have varying severity levels. Six of the thirteen CF subjects were assigned the generalized
spatial presentation in both the right and left lung: two mild, two moderate, and two severe
CF subjects (Table 3). Three CF subjects (two moderate and one mild CF subject) were
assigned a localized diffuse spatial presentation in both the right and left lung (Table 3).
Two subjects with severe CF were assigned the localized spatial presentation in both the
right and left lung (Table 3). Only two CF subjects (one mild and one moderate CF subject)
had different spatial presentation assignments for their right and left lung. Their right
lungs were assigned a localized spatial presentation, while their left lungs were assigned a
localized diffuse spatial presentation (Table 3).

Table 3. Subject demographics, FEV, and spatial presentation assignments. Category of spatial
presentation and focality region, when applicable, for each subject.

Right Lung Left Lung
Sample Sex  Age [OZ}EXI‘:I] Disease Spatial Focality Spatial Focality
SDw R presentation Region SDw R presentation Region
CTL 6 M 31 107 Control 0.02 0.06 Generalized - 0.05 0.11 Generalized -
CTL7 F 19 105 Control 0.05 0.10 Generalized - 0.06 0.12 Generalized -
CTL9 F 44 105 Control 0.06 0.08 Generalized - 0.03 0.05 Generalized -
CTL 11 M 58 103 Control 0.06 0.13 Generalized - 0.02 0.09 Generalized -
CF1 M 23 103 Mild 0.03 0.07 Generalized - 0.05 0.08 Generalized -
CTL2 F 42 102 Control 0.05 0.71 Generalized - 0.05 0.09 Generalized -
CTL 10 M 41 102 Control 0.01 0.03 Generalized - 0.01 0.03 Generalized -
CF2 F 37 99 Mild 0.09 0.16 Generalized - 0.11 0.15 Generalized -
CTL1 M 23 96 Control 0.07 0.09 Generalized - 0.05 0.07 Generalized -
CTL 12 M 22 96 Control 0.13  0.39 Localized 5 0.04 0.08 Generalized -
CTL 13 M 26 95 Control 0.02 0.05 Generalized - 0.03 0.06 Generalized -
CTL 8 F 30 93 Control 0.06 0.04 Generalized - 0.06 0.18 Generalized -
CTL3 F 29 92 Control 0.07 0.13 Generalized - 0.09 0.14 Generalized -
CF3 F 29 89 Mild 022 040 Loc. Diff. 4 0.18 0.25 Localized 13
CTL4 F 29 85 Control 0.10 0.16 Generalized - 0.11 0.14 Generalized -
CTL5 M 21 84 Control 0.04 0.06 Generalized - 0.09 0.11 Generalized -
CF4 F 29 80 Mild 022 038 Loc. Diff. 7 0.21  0.36 Loc. Diff. 13
CF6 M 32 58 Moderate 0.05 0.07 Generalized - 0.04 0.09 Generalized -
CF7 F 19 58 Moderate 0.20 0.33 Loc. Diff. 2 0.14 0.26 Localized 16
CF8 F 30 58 Moderate 0.39  0.53 Loc. Diff. 4 0.28 0.27 Loc. Diff. 11
CF5 M 21 56 Moderate 0.06 0.09 Generalized - 0.04 0.03 Generalized -
CF9 F 41 56 Moderate 0.21  0.23 Loc. Diff. 6 0.22 0.36 Loc. Diff. 16
CF13 M 25 46 Severe 0.09 0.19 Generalized - 0.09 0.18 Generalized -
CF 12 M 24 32 Severe 0.16 0.35 Localized 7 0.14 0.38 Localized 15
CF11 M 60 25 Severe 0.18 0.32 Localized 7 0.14 0.35 Localized 16
CF 10 M 54 20 Severe 0.06 0.07 Generalized - 0.05 0.10 Generalized -
40 T T T
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Figure 11. Excess fluid spatial presentations obtained from the analysis of CF and control subjects.
The distribution of spatial presentations among CF subjects differs from the control group (p < 0.01,
Fisher’s exact test).
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4. Discussion

In this study, we aimed to quantitatively describe the spatial presentation of excess
fluid in CF. MR lung density images that identify excess fluid indicative of lung abnor-
malities were obtained for 13 CF subjects across mild-to-severe disease severity and age-
and sex-matched healthy control subjects. We implemented a thresholding-based image
processing technique that segments excess fluid in the lungs using healthy controls as a
baseline and developed novel metrics to quantify the spatial presentations of the excess
lung fluid. We characterized the spatial presentations of excess fluid in each CF subject and
healthy control subject based on the location, size, and density of excess fluid present in
different regions of their lungs. The percent area of excess fluid, referred to as the spatial
distribution, was computed for the total lung and different regions of interest. We found
that the spatial distribution was a key factor in identifying the differences in spatial presen-
tation between CF and control subjects. We developed metrics based on spatial distribution
to capture differences in excess fluid regionally and globally. These metrics were used to
define the spatial presentation of each lung in one of three groups: (i) generalized if the fluid
was sparse, (ii) localized diffuse if at least one focality of fluid was present with a dense
distribution of fluid elsewhere, and (iii) localized if at least one focality of fluid was present
with a sparse distribution. With our metrics, we found that 96% of our healthy control
subjects exhibited a generalized spatial pattern. Conversely, CF subjects made up 93% of
the localized and localized diffuse spatial patterns (Figure 11). A key contribution from
this study is the ability to characterize CF subjects into groupings based on the anatomical
features of their disease using an automated methodology, eliminating the potential for
variability due to manual annotation. This study is the first of its kind, to our knowledge,
to identify and characterize the spatial presentation of CF disease in this way:.

An interesting finding is the spatial presentation of a subject was not always identical
in both lungs. Two CF subjects had varying spatial presentations in either lung, CF 3
and CF 7, along with one control subject (Table 3, Figure 12A,B). This response suggests
the heterogeneity of lung fluid density even within one subject. The amount of excess
fluid present in the lung plays a large role in the spatial presentation ultimately used to
categorize the subject. As an example, we can see that in Figure 12B, CF 7 has a strong
localization of fluid in the bottom anterior ROI 16 with a large amount of fluid elsewhere.
The spread of the excess fluid is otherwise low, as the percent coverage across all ROIs are
similar. CF 3 also had differing spatial presentations in the right and left lung (Figure 12A).
In this case, the left lung is on the outer boundary of a localized distribution where a small
increase in total coverage (SDyw) would lead to a localized diffuse category (Table 3). The
metrics defined in this study can identify these subtle characteristics that distinguish one
lung from the next with sensitivity to category boundaries.

A CF3Right

Localized
Diffuse

CF 3 Left B CF7Right  CF7Left C CTL12Right  CTL12 Left
Localized Localized ) . '
i Localized Localized Generalized
Diffuse

Figure 12. Subjects with differing spatial presentations in the right and left lung where red boxes
mark focality region, if applicable. (A) CF subject 3 has a localized diffuse spatial presentation in the
right lung and a localized spatial presentation in the left lung. (B) CF subject 7 has a localized diffuse
spatial presentation in the right lung and a localized spatial presentation in the left lung. (C) CTL
subject 12 has a localized spatial presentation in the right lung and a generalized spatial presentation
in the left lung.
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Additionally, we grouped the spatial presentation of a control subject (CTL 12) as
generalized in the left lung and localized in the right (Figure 12C). In this particular case,
we hypothesize the localization was due to the hilar vessels being present in the image. As
seen in Figure 12C, the localization of excess lung fluid is in the center of the lung where
large blood vessels are present. To the best of our ability, we aimed to choose a slice of the
lung that was lateral to the hilar vessels while maintaining equidistance between the left
and right lung images chosen. Subjects with narrow lungs have fewer 15 mm slices making
up their total lung volume, therefore, limiting our ability to exclude the hilar vessels. The
discussion of this control sample is essential, as this is the only control subject not in the
generalized spatial presentation group. It is important to note that the remaining anatomy
shows sparse excess fluid, which is expected for healthy control subjects.

The image processing technique and metrics developed focus on segmenting and
identifying excess lung fluid through comparison to healthy control subjects. This com-
parative approach for identifying excess fluid may be used to analyze images using other
quantitative imaging techniques. For instance, CT images will differ from MR images
because CT tissue density includes non-water components from lung tissue, but both
imaging techniques measure the presence of fluid in the lungs. Thus, our methodology
may be applied to investigate whether differences between CF and healthy control subjects
can be observed in a variety of other imaging studies.

Unlike many other genetic diseases, CF patients have access to therapies developed
to target specific CFTR gene mutations [29]. Though not a cure, four separate FDA-
approved CFTR modulator therapies have brought hope to CF patients and their families
by treating the defect directly instead of treating symptoms [30,31]. In late October 2019,
the most recent CFIR modulator therapy was FDA approved. The triple combination
of elexacaftor/tezacaftor/ivacaftor (Trikafta™, Vertex Pharmaceuticals Inc., Boston, MA,
USA) has been designed to treat CF patients with one copy of the F508del mutation
benefiting 90% of the CF patient population [32,33]. With FEV; being the primary efficacy
endpoint in CFTR modulator clinical trials, there is limited information on how, and to
what degree, these therapies have on regional lung structure [34-36].

While imaging studies have not been used in CFTR modulator clinical trials, there are
a few observational imaging studies in patients treated with CFTR therapy. Consequently,
there is limited information on the nature of how CFIR therapy alters the underlying struc-
tural implications of CE To date, there are four computed tomography studies (CT) [37-40].
These studies have reported decreases in peribronchial thickening and mucus plugging
along with ventilatory improvements utilizing the Brody CT scoring system [5] in response
to CFTR modulator therapy. None of these studies have developed a metric or utilized
metrics which present the degree and severity of heterogeneity observed across the CF pop-
ulation. Through the implementation of our metrics, we can determine the scope of what
remains after CFTR therapy, such as whether a specific type of heterogeneity (localized
vs. diffuse disease) progresses at a different rate. In conjunction with clinical classification
(FEV}), our spatial presentation groupings have the potential to be employed to guide these
therapies and assess changes in disease status and response to treatment.

In recent years, image analysis algorithms have significantly aided the study of lung
diseases [41-44]. The majority of image analysis algorithms for studying lung disease focus
on tissue segmentation [45-49]. The field has been enhanced by innovations in the field of
machine learning, such as the development of the convolutional neural network (CNN),
a machine learning tool that uses imaging data to accomplish predictive tasks without
the need for human interference. A study by Marques et al. [50] used CNNs to detect
the presence of structural abnormalities in lung tissues and classified CF CT images as
bronchiectasis, atelectasis, or mucus plugging. Although promising, the CNNs developed
and utilized to date for lung analysis have significant limitations. CNNs are typically
trained through supervised methods, meaning both their inputs (e.g., medical images)
and their labels (e.g., clinical outcomes) are used to train a model. Additionally, for a
well-behaved model, a large number of previously annotated outcomes are necessary for
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training. Many studies have been published that attempt to limit the need for a large
number of training data for neural networks, but there are currently no effective methods
and algorithms for it [51].

To our knowledge, the spatial presentation of excess lung fluid in the lung has yet to
be defined and characterized. This study has developed a methodology to define spatial
presentation outcomes for CF subjects. Additionally, the automated process eliminates the
need for clinical outcomes to be defined manually and reduces the possibility of human
subjectivity upon characterization. The methodology and results of this study may be used
to develop a larger database of spatial presentation outcomes for further headway towards
complete automation of medical image analysis for this problem using CNNss.

The results of this study should be interpreted with some limitations in mind. This
study made use of one 15 mm sagittal slice (i.e., a 2D image) representing lung density
within the 15 mm volume in the right lung and left lung lateral to the hilar vessels for
analysis. We have intentionally chosen this route to build a technique to characterize the
spatial presentation of excess lung fluid while avoiding the added complexities within the
lung that may skew data, such as the consideration of large blood vessels, a normal feature
in lung anatomy. Although this may be a limitation currently, the methodology developed
in this study may be used as a first step toward an analysis incorporating the entire lung.
A possible extension would be the evaluation of all 2D sagittal slices that complete the
volumetric MR map of lung density. Each 2D slice may be analyzed independently utilizing
the same methodologies with only mild modifications. Because the spatial consequences of
CF do not occur uniformly throughout the lung, a 3D analysis of the lungs will likely yield
additional information about the disease.

In this study, we have developed a methodology to quantify the spatial heterogeneity
of CF disease in 2D images of the lungs. The results of this study suggest that the spatial
characteristics of CF may be used in conjunction with existing measurements, such as FEV1,
to investigate the link between lung function and disease status. Our methods motivate
the need for more comprehensive studies as to how the distribution of lung abnormalities
affects disease progression, response to medicinal drugs, and overall lung health [5,6,52].
The extensions of this work through future studies with larger sample sizes may increase
the possibility for personalized diagnoses and treatment plans.
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