
 

i

v 

 

 

Improved Visualization and Quantification for Hyperpolarized 129Xe MRI 

by 

Mu He 

Department of Electrical and Computer Engineering 

Duke University 

 

Date:_______________________ 

Approved: 

 

___________________________ 

Bastiaan Driehuys, Supervisor 

 

___________________________ 

Guillermo Sapiro 

 

___________________________ 

Leslie Collins 

 

___________________________ 

Loren W. Nolte 

 

___________________________ 

Sina Farsiu 

 

___________________________ 

Robert W. Tighe 

 

 

Dissertation submitted in partial fulfillment of 

the requirements for the degree of Doctor of Philosophy in the Department of 

Electrical and Computer Engineering in the Graduate School 

of Duke University 

 

2019 



 

i

v 

 

ABSTRACT 

Improved Visualization and Quantification for Hyperpolarized 129Xe MRI 

by 

Mu He 

Department of Electrical and Computer Engineering 

Duke University 

 

Date:_______________________ 

Approved: 

 

___________________________ 

Bastiaan Driehuys, Supervisor 

 

___________________________ 

Guillermo Sapiro 

 

___________________________ 

Leslie Collins 

 

___________________________ 

Loren W. Nolte 

 

___________________________ 

Sina Farsiu 

 

___________________________ 

Robert W. Tighe 

 

Dissertation submitted in partial fulfillment of 

the requirements for the degree of Doctor of Philosophy in the Department of 

Electrical and Computer Engineering in the Graduate School 

of Duke University 

 

2019 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright by 

Mu He 

2019 

 



 

 

iv 

Abstract 

In Pulmonary diseases, such as chronic obstructed pulmonary diseases (COPD), 

fibrosis, and asthma, are responsible for substantial health and financial burden in the 

world. In 2016, COPD claimed more than 3 million lives, which is also the 3rd leading 

cause of mortality. The treatment for pulmonary diseases continues to be hampered by 

the lack of reliable metrics to diagnose, as well as assess disease progression and 

therapeutic response. The current tools to diagnose and monitor pulmonary diseases are 

the pulmonary function tests (PFT) consisting of spirometry and plethysmography, and 

diffusing capacity of the lungs for carbon monoxide (DLCO). However, these metrics are 

effort-dependent, tend to have poor reproducibility, and measure the lung as a whole, 

which allow a subtle or regional diseases to be ‘hidden’. Alternatively, computed 

tomography (CT) is capable of characterizing lung structures in exquisite detail, which is 

commonly applied in detecting the presence of both emphysema and pulmonary 

fibrosis. However, these structure details do not necessarily correlate well to how 

patients feel, their lung function, and whether the treatment is effective. Thus, this 

information is much better assessed by characterizing the functioning of the lung. This 

can be achieved using nuclear medicine techniques, employing 133Xe ventilation and 

99Tcm-macroaggregated albumin perfusion scan (ventilation/perfusion V/Q scan) can 

assess the inequality of airflow and blood flow in the lung. However, this V/Q scan 
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evolves the usage of radioactive tracers and is limited by both poor temporal and spatial 

resolution. Thus, there has been considerable interest in developing methods that can 

comprehensively evaluate lung function non-invasively and can provide 3D resolution. 

Therefore, there has been considerable interest in developing methods that can evaluate 

lung function comprehensively, non-invasively, and 3-dimensionality.  

 In recent years, the introduction of hyperpolarized (HP) 129Xe magnetic 

resonance imaging (MRI) into clinical research has provided a robust and non-invasive 

3D imaging technique, capable of both high-resolution imaging of pulmonary 

ventilation and gas exchange. Notably, gas exchange imaging is enabled by the 

solubility and unique frequency shifts of xenon in interstitial barrier tissues and 

capillary red blood cells (RBC). These features offer the potential for 129Xe MRI to be 

used, not only to evaluate lung obstruction, but also interstitial and vascular diseases. 

With the capability for both ventilation and gas exchange imaging, robust and 

reproducible strategies are essential for both visualizing and qualifying the resulting 

images. Before that, a standardized acquisition with a well-understood relationship 

between 129Xe dose and image quality needs to be established for efficient and cost-

effective acquisitions. Moreover, we also seek to understand the origins of ventilation 

defects as well as alterations in barrier uptake and RBC transfer. Until such fundamental 

issues are addressed, it will not be possible to disseminate 129Xe MRI for multi-center 

clinical trials. 
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The objective of this work is to establish a robust and comprehensive 129Xe 

ventilation MRI clinical workflow to investigate pulmonary disorders, and to lay the 

foundation for clinical deployment and multi-center dissemination. To this end, this 

work describes several milestones toward establishing a routine, high signal-to-noise 

ratio (SNR) 129Xe ventilation MRI acquisition with the minimum sufficient volume 129Xe 

gas, and associated robust quantification pipeline for our clinical platforms. Moreover, 

we compared our quantification pipeline to other approaches in the field, as well as its 

effectiveness for different types of acquisition strategies (multi-slice GRE vs. 3D-radial).   

To date, various quantification methods have been established for 129Xe 

ventilation MRI, yet no agreement has been reached on how to calculate the ventilation 

defect percentage (VDP). Thus, this work begins by developing a quantification 

workflow with semi-automatic delineation of the 1H thoracic cavity images, automatic 

pulmonary vasculature extraction, and inhomogeneity correction of the 129Xe ventilation 

images. It employs a robust linear binning classification that characterizes the entire 

ventilation distribution while being grounded in a healthy reference population. This 

quantification method can help evaluate, with high repeatability, how aging, diseases, 

and treatment influence ventilation distribution. 

To further evaluate the robustness of this linear binning quantification method, 

its performance was assessed against another commonly used clustering method – K-

means. As part of the investigation, the methods were tested on images for which SNR 
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had been artificially degraded. Through this evaluation, the minimum image SNR was 

established for an adequate quantification. We have also made the SNR-degraded image 

sets publicly available at Harvard Dataverse. These shared image sets could be used to 

evaluate the robustness of various quantification methods in the field. This endeavor is 

intended to help the pulmonary functional MRI community to standardize the analysis 

methods and laid the groundwork for future multi-center comparison studies.  

We further address the fact that 129Xe ventilation MRI can be and has been 

conducted using a variety of pulse sequences, scan duration, and 129Xe doses. With more 

acceptance of the general utility of 129Xe MRI, imaging protocols must be standardized to 

enable multi-center trials. We thus sought to establish a rational basis for understanding 

the dose requirements and evaluating how different pulse sequences and 129Xe doses can 

influence 129Xe ventilation quantification. From that, the minimum required 129Xe dose 

for an adequate 129Xe ventilation quantification can be derived. 

The emergence and development of 129Xe gas transfer MRI has introduced not 

only the ability to regionally assess gas exchange, but has introduced the interesting 

problem that it also delivers ventilation data from the same breath. However, the gas 

phase is acquired differently, with low resolution and isotropically. This raises the 

question as to how to generalize the ventilation quantification approach previously 

introduced specifically for multi-slice GRE. Therefore, we sought to generalize the linear 

binning approach for rescaling the intensity histogram, which enables the application of 
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linear binning analysis to any ventilation MRI acquisition. We also investigated whether, 

and to what extent, 3D-radial acquisition can provide similar diagnostic information as 

from a dedicated multi-slice GRE acquisition. Through these efforts, we evaluated the 

possibility of employing a more efficient scan protocol for future routine clinical 

application.  

During the course of this work, several practical engineering challenges were 

raised. First, hyperpolarized MRI has so far mostly been demonstrated at 1.5 Tesla (T), 

while most MRI vendors are transitioning multi-nuclear platforms to 3 T. This transition 

from 1.5 T to 3 T requires a reconsideration of optimal imaging acquisition and further 

optimization of quantification method. Moreover, preparation for multi-center 

dissemination points to the need for future centralized processing. This leads to the 

interest in cloud-based processing. However, in order to make this possible, manual 

segmentation of the thoracic cavity must be replaced by automatic methods. This, in 

turn, requires the use of a novel neural network-based approaches. To this end, we first 

optimized the sequence on the transition to our new 3 T system. After completing the 

transition, the linear binning quantification method was further optimized with an 

enhanced vasculature segmentation and a neural network based 1H thoracic cavity 

segmentation.  We also exploited the emergence of RBC transfer and implemented a 

framework to interpret these images by comparing them to more well-established 

approaches such as Gd-enhanced dynamic contrast-enhanced (DCE) perfusion MRI. To 
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this end, we also developed a quantitative perfusion imaging pipeline that could be 

used to interpret the causes of RBC defects in our gas exchange imaging.  

Taken together, the results presented in this dissertation provide the step by step 

development of our rapid clinical exam workflow for hyperpolarized 129Xe MRI. This 

clinical workflow, not only demonstrates a comprehensive image quantification pipeline 

with applications to the 129Xe ventilation images and Gd-enhanced DCE MRI, but also 

the considerations for the acquisition sequence and delivered 129Xe dose. Overall, the 

established quantification pipeline offers a robust and sensitive way for diseases 

phenotyping, disease monitoring, and treatment planning. Moreover, this thesis work 

has hopefully laid the groundwork for standardized quantification, that could be 

deployed for future multi-center clinical trials. 
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1. Introduction and Motivation 

Lung diseases are increasing in prevalence, and remain the 3rd leading cause of 

mortality (1). Besides their worldwide prevalence, lung diseases have a broad range of 

causes and symptoms that pose difficulties in diagnosis and treatment. For example, 

over 25 million people in the US were diagnosed with asthma. However, while most 

asthma is well controlled, approximately 10% of severe asthmatics account for a large 

percentage of hospitalizations and costs. In the US, about 6 million children have 

asthma. Although more children with asthma are learning to control their asthma (2), 

still, more than 50% of children with asthma had one or more attacks in 2016. Another 

chronic lung disease, chronic obstructive pulmonary disease (COPD), is commonly 

diagnosed in smokers and is the 3rd leading cause of morbidity and mortality around the 

world (3, 4). In the US, almost 15.7 million people reported having COPD, whereas more 

than 50% of adults with low pulmonary functions have not been diagnosed. One of the 

greatest burdens for these patients is frequent disease-related exacerbations that require 

hospitalization (5). Therefore, it is essential to establish the metrics to phenotype and 

monitor these patients. Moreover, Interstitial lung disease (ILD) consists of a diverse 

range of pulmonary fibrotic disorders, of which the most common type is idiopathic 

pulmonary fibrosis (IPF). The treatment options for IPF has historically to be limited (6, 

7) with median survival time after diagnosis about 2.5 to 3.5 years (8). With the recent 

advancements in new drugs (9, 10), the lifespan has doubled. Therefore, it is critical to 
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managing these diseases by objectively characterize the disease burden, predict disease 

outcomes and measure progression or therapy response.  

The current standard for diagnosing and monitoring pulmonary diseases include 

pulmonary function tests (PFT) (11) and diffusing capacity for carbon monoxide (DLCO). 

PFT, consisting of spirometry and plethysmography, provides metrics that describe 

pulmonary function by assessing lung volumes, capacities, and rates of flow 

noninvasively. Clinically, FEV1/FVC measured using spirometry and lung volume (total 

lung volume and residual lung volume) measured through plethysmography allow the 

identification of obstructive (12, 13) or restrictive pulmonary (14) disorders, while FEF 

25-75% measured using spirometry can distinguish small airway obstruction (15). 

However, these metrics measure the lung as a whole and do not comprehensively 

characterize lung physiology. Moreover, they have shown limitations to observe 

response to therapy and accurate diagnose subjects with early-stage diseases (16). 

Beyond airflow limitation, the other method DLCO can characterize patients with affected 

gas exchange area like emphysema (17), pulmonary capillary thickening like interstitial 

lung diseases (18), and a mismatched ventilation/perfusion relationship (19). However, 

this method is effort-dependent and has relatively poor reproducibility. Therefore, 

DLCO must change by more than 10% to be considered as clinical significant change 

(20). Moreover, DLCO has proven to be difficult to standardize across different centers. 

Given that the lung disease is regionally distributed and doesn’t act on all airways and 
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gas exchange unites equally, this local disease is not readily picked up on global tests 

until reaching a critical thresholds. Thus to improve the sensitivity and specificity with 

which we can diagnose and characterize disease requires using imaging to evaluate the 

pulmonary function regionally. This would also help us monitor disease progression 

and response to therapy.  

Pulmonary diseases have a profound effect on both lung structure (21) and 

function. Computed tomography (CT) provides exquisite lung structure details, which is 

commonly applied in the phenotyping of COPD (22, 23) and fibrotic diseases (24, 25). 

Although the longitudinal monitoring of the patients is restricted by the associated 

ionizing radiation (26), another significant factor is that macroscopic structural 

alterations do not change quickly enough to monitor disease progression. Alternatively, 

information of impaired lung function can be depicted through ventilation and 

perfusion nuclear medicine imaging, employing 133Xe for a ventilation scan and 99Tcm-

macro-aggregated albumin for a perfusion scan. To date, this technique has been mostly 

applied in diagnosing patients with pulmonary embolism (27). However, these scans 

require radioactive contrast agents and are limited by both poor temporal and spatial 

resolution. 

In contrast, MRI is an imaging technique that uses no ionizing radiation and 

provides excellent soft-tissue contrast. However, imaging of the lung using MR is 

challenging due to low proton density in the lung, and short T2* caused by numerous 
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air-tissue and liquid-air interfaces. Thus, images obtained with conventional gradient 

echo acquisition result in the lung appears as a ‘black-hole’. Because of these challenges, 

MR techniques to visualize ventilation heterogeneity directly have been proposed by 

employing different gases, including oxygen (28-30), and hyperpolarized 3He (31-33). 

Oxygen-enhanced MRI was reported to show regional ventilation abnormalities in 

patients with cystic fibrosis (34), COPD (35), pulmonary hypertension (36), and asthma 

(37). However, this technique is hampered by long acquisition times, relatively low SNR, 

low contrast to noise ratio, and resolution, and the need to subtract two images that can 

make it prone to misregistration artifacts (38). Hyperpolarized 3He can depict regional 

ventilation heterogeneity in patients with obstructive pulmonary diseases (39) with high 

resolution. However, the limited supply and cost concerns of 3He gas (40) have 

prevented its everyday clinical use.  

The introduction of hyperpolarized 129Xe MRI into clinical research has 

demonstrated that this technology is equally capable of ventilation (41) and alveolar 

microstructure (42). Cleveland et al. later proved that it was possible to image 129Xe in 

the dissolved phase 3-dimensionally, which opened up avenues for assessing gas 

exchange (43, 44). With the capability for both ventilation and gas exchange imaging 

(42), coupled with the advancement of this technology through phase III clinical trials, 

several areas of needs emerged. First, we need to standardize acquisition protocols and 

relate to 129Xe dose. Next, we need to establish a robust and reproducible way to both 
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visualize and quantify the images. This endeavor would help us establish an efficient 

and cost-effective acquisition protocol, which is suitable for routine clinical application. 

The application of gas exchange imaging also raises the question of what is the origins of 

the defects seen in these images. Without addressing these fundamental issues, it will 

not be possible to disseminate 129Xe MRI for multi-center clinical trials. 

The objective of this work is to establish a robust and comprehensive 129Xe 

ventilation MRI clinical workflow to aid diagnosis and monitoring of pulmonary 

disorders, and to lay the groundwork for multi-center dissemination. Briefly, this work 

illustrates the development of our routine, high SNR 129Xe ventilation MRI acquisition 

with the minimum sufficient volume of 129Xe gas, and a robust quantification pipeline 

for our clinical platforms. This workflow has been applied to various subjects to help 

evaluate how aging, diseases, and treatment influence ventilation distribution. To 

validate the robustness of our quantification workflow, we sought to compare our 

method with other established approaches in the field. Moreover, given the importance 

of 3D-radial imaging for gas exchange MRI, it is also important to understand its 

performance vs. 129Xe dose to help establish a more efficient and cost-effective clinical 

protocol.  

A quantification workflow for HP 129Xe ventilation MRI is essential to help 

depicting ventilation impairment in pulmonary disorders such as asthma, chronic 

obstructive pulmonary disease (COPD), cystic fibrosis (CF), and radiation-induced lung 
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injury (RILI) (45-48). To date, various quantification methods have been proposed for 

129Xe ventilation MRI, yet no agreement has been established on how best to quantify the 

ventilation distribution in the lung. Although much progress has been made using 

reader-based scoring of HP gas MRI, it is also important to quantify these images in a 

way that is robust and automated. The simplest, and longest-standing quantification 

metric is the ventilation defect percentage (VDP), introduced by Woodhouse et al (49). 

So far, most methods have focused on quantifying the VDP. It has been shown to 

correlate significantly with global pulmonary function test metrics (5, 32, 50, 51), and 

along with other biomarkers (52-55), has emerged as one of the most promising 

predictors of exacerbations in both COPD (5) and asthma (56). Methods to calculate VDP 

are improving rapidly. The manual segmentation developed by Woodhouse et al. (49) 

was subsequently extended by Kirby et al. (48) who exploited a breath-hold 1H 

anatomical image to confine the analysis to the thoracic cavity. Employing the idea of 

confining analysis within the thoracic cavity, our group have previously used this basic 

framework in conjunction with supervised region-growing methods to quantify VDP of 

129Xe MRI (45). This approach showed good interoperator agreement, and correlated 

well with expert reader scores. However, the study also highlighted the need to remove 

operator dependence further and extract the full richness of functional lung imaging. 

While VDP quantifies the most severely affected lung units, its definition is not 

robust. Moreover, VDP does not report on lung units with mild to moderate 
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impairment, or increased ventilation. This has led to efforts to extend beyond the VDP, 

including heterogeneity (33, 57, 58). Recently, automatic classification methods have 

been developed, such as the hierarchical K-means clustering algorithm (48), which 

derives five different ventilation levels for 3He MRI, or the Atropos algorithm 

incorporating both intensity and spatial contextual information that can partition 3He 

ventilation into four clusters. However, it has not yet been determined how these maps 

could be used to recover the pulmonary ventilation distribution. Besides the 

classification algorithm, the automated analysis can also be confounded by two 

additional factors. Firstly, the flexible vest coil may produce an inhomogeneous B1 field 

(59), which causes a bias field variation across the lung. Secondly, the presence of 

pulmonary vasculature within the thoracic cavity can cause 129Xe signal intensity voids 

that can be incorrectly classified as ventilation defects. Therefore, this work starts with 

the development of a robust ventilation quantification workflow, which can not only 

explore the whole ventilation distribution and reference to a healthy standard but also 

correct for the B1 field inhomogeneity and pulmonary vasculature. Moreover, the 

repeatability of the quantified 129Xe ventilation metrics was also investigated in order for 

129Xe MR imaging to expand into clinical practice. 

To date, numerous quantification approaches have been developed to report 

metrics characterizing the ventilation distribution, such as heterogeneity, skewness, and 

kurtosis, but also the classification of the images into multiple intensity clusters. 
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Although the importance of such quantitative analysis is undisputed, no consensus has 

yet emerged as to how to best determine VDP or other ventilation distribution 

parameters. Without inter-method validation, it will be challenging to compare 

quantitative ventilation measures between centers and across patient populations. 

Therefore, we then sought to compare the robustness of our linear binning method with 

another popular applied K-means (60) algorithm on quantifying 129Xe ventilation images 

with decreasing SNR. In comparing these methods, the limits of agreement of both 

methods for reporting the percentage occupancy of each cluster was studied. Moreover, 

we also sought to establish the minimum ventilation image SNR for a robust 

quantification. These SNR-degraded image sets are now publicly available at Harvard 

Dataverse. These image sets could be used to evaluate the robustness of various 

quantification methods in the field. In doing so, we seek to help the pulmonary 

functional MRI community standardize its analysis methods for future multi-center 

studies.  

Besides quantification, the way to acquire the 129Xe ventilation images also poses 

a significant impact on how pulmonary ventilation is interpreted. To date, different 

hyperpolarized 129Xe volume, polarization, pulse sequences, and scan duration have 

been used to acquire 129Xe ventilation images, yet no standardized imaging protocol has 

been established. 129Xe ventilation images to date have used up to 1 liter of isotopically 

enriched (~80% 129Xe) gas (46, 47, 61). However, the cost of enriched gas is significant 
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(around $150-300/liter) and larger volumes of xenon take longer to polarize, thereby 

reducing exam throughput and efficiency. Although the rate at which HP 129Xe can be 

produced continues to increase (62), the 129Xe clinical exam must be made more efficient 

and cost-effective by employing the smallest possible 129Xe volumes and extracting 

maximal information from each dose. However, the way in which 129Xe dose affects 

image SNR and the ability to quantify regional ventilation distribution is not yet well 

studied.  

A second important factor impacting image quality is the pulse sequence used to 

acquire the data. To date, the bulk of published HP gas MR studies have employed 

multi-slice fast gradient recalled echo (GRE) imaging. This sequence has the advantage 

of being fast, robust, readily implemented, and reconstructed directly on the scanner 

platform. However, breath-hold imaging of HP gases faces unique challenges that may 

ultimately favor a different data acquisition approach. For example, radial imaging has 

emerged as the method of choice to image dissolved phase 129Xe, since the shorter echo 

time overcomes the short T2* (~2 ms) of 129Xe in pulmonary tissues and blood (63). Such 

a short TE may be advantageous even for gas-phase 129Xe MRI, where susceptibility 

effects from the ribs can appear as ventilation defects in GRE images. Moreover, radial 

imaging typically samples the center of k-space immediately after each RF pulse, 

thereby enabling the decay of 129Xe magnetization to be tracked throughout the 

acquisition (64). This may permit correction for the inherent signal decay that is present 
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in all hyperpolarized MRI (65). Although 3D radial acquisition, in principle, requires  

more views of k-space than Cartesian imaging, the sequence is remarkably robust to 

undersampling (66, 67). Thus, in practice, fully isotropic 3D image data can be 

undersampled 10 to reduce breath-hold durations or be reconstructed with 

retrospective accounting for premature exhalation (68). Additionally, such acquisitions 

are isotropic and have no artificial intensity weighting imposed by the order of slice 

acquisition. This may prove increasingly important for revealing the gravitational 

gradients inherently present in lung function (63). Thus, a truly 3D isotropic acquisition 

not only effectively visualizes ventilation defects, but also more faithfully represents 

slowly varying functional gradients versus multi-slice approaches that confer slice 

order-dependent artifacts due to RF and T1 decay. Although both well-applied 

sequences have their merits, the way the sequence affects ventilation image quality and 

further quantification is not yet well studied. Therefore, in this work we sought to 

provides a rational basis to understand how 129Xe dose and pulse sequence relate to 

image SNR. Given the minimum ventilation image SNR derived earlier, the minimum 

sufficient volume of 129Xe was derived for an adequate 129Xe ventilation quantification. 

The development of 129Xe gas exchange MRI also introduced the problem of how 

to robustly quantify and interpret the resulting gas phase and dissolved phase images. 

However, unlike dedicated ventilation images, 129Xe gas-exchange MRI is geared 

primarily to imaging of gas uptake into the interstitial barrier tissues as well as its 
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transfer into the red blood cells (RBC); gas phase MRI is obtained just as accompanying 

images. However, these 3D-radial images are acquired differently, with isotopic 

resolution and low resolution. Moreover, other imaging centers have employed 

alternative ventilation acquisitions, featuring either higher speed such as spiral (69) or 

more efficient use of magnetization, such as 3D balanced steady-state free precession 

(3D bSSFP) (70). Because the intensity distribution from MRI does not have an absolute 

scale, they must be re-scaled in order to apply intensity thresholds that can parse the 

data into different functional levels. To date, the majority of work has applied multi-slice 

GRE scans, acquired anterior to posterior, which serendipitously generated re-scaled 

intensity distributions that were nearly perfectly Gaussian in healthy subjects. However, 

it has since come to light from our work and others that images acquired using different 

sequences, or slice orders, or using 3D vs. 2D strategies, generate re-scaled distributions 

that are typically not perfectly Gaussian (71). This raised the question as to how to 

generalize the ventilation quantification approach previously introduced specifically for 

multi-slice GRE. Then, given the ability to now obtain an isotropic ventilation image as 

part of the gas exchange acquisition, this raises the practical question as to whether and 

to when this level of ventilation imaging detail provides sufficient information. Thus, 

along with the quantification of the 3D-radial ventilation images, they are compared 

with the ventilation images acquired using the dedicated multi-slice GRE. In this way, 
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we sought to evaluate the possibility of establishing the most efficient, cost-effective 

clinical imaging protocol.   

Finally, several practical engineering challenges were raised along the course of 

this work. First, as most MRI vendors are transitioning multi-nuclear platforms to 3 T, 

our 129Xe MRI with its associated quantification pipeline need to be performed on both 

1.5 T and 3 T with similar image quality and quantification results. Unlike 1H MRI, the 

hyperpolarized signal will not increase linearly with the magnetic field strength. The 

increase of magnetic field strength will, on the contrary, reduce the T2* and elevate the 

influence of susceptibility. Therefore, upon the transition to a 3 T system, it requires a 

reconsideration of optimal imaging acquisition and further optimized quantification 

workflow. Our standard ventilation protocol on our 1.5 T system includes a 1H FIESTA 

sequence and a 129Xe GRE sequence. Upon the transition to our new 3 T system, the GRE 

sequence needs to be adapted to 3 T field strength and further improved to 

accommodate severe pulmonary patients who cannot hold their breath more than 10 sec. 

Moreover, since the 1H FIESTA sequence is susceptible to field inhomogeneity and 

susceptibility differences between tissue and air, the tissue structures near the ribs may 

have similar intensity to the lung parenchyma. This could hamper an accurate 

segmentation of the lung mask. Therefore, 3 T system may ultimately favor an 

alternative 1H sequence.  
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Besides acquisition, preparation for multi-center dissemination points to the 

need for future centralized processing. This leads to the interest in a cloud-based 

processing. Arguably, the most significant obstacle for such quantitative mapping lies in 

obtaining an accurate thoracic cavity segmentation. To overcome this hurdle in 

automatic processing, we have developed an automatic segmentation method based on 

neural networks, utilizing information from the proton images. To further improve 

quantification accuracy, we have also introduced an improved vasculature segmentation 

to better delineate the thoracic cavity. With these improvements, the linear binning 

workflow now can quantify the ventilation distribution automatically and can be readily 

applied to different acquisitions and disseminate into various imaging centers.   

The emergence of RBC transfer brings up a new question to interpret whether it 

is related to perfusion, diffusion, or both. Moreover, Gadolinium (Gd)-enhanced 

Dynamic Contrast Enhanced (DCE) MRI has been a clinically established tool that can 

image pulmonary perfusion. However, recent attention from the FDA has been paying 

to the Gd-contrast agent, which creates a need for a way to measure perfusion without 

relying on Gadolinium contrast. Since Gd-perfusion deficits will only arise from 

perfusion defects, the regions of RBC defect that are not matched with a Gd-perfusion 

defect could represent evidence of diffusion limitation (72). To further compare the 

perfusion with the gas-exchange MRI quantitatively, a robust quantification pipeline for 

Gd-enhanced DCE perfusion is required. Therefore, the end of this work focused on 
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developing a quantification workflow for Gd-perfusion MRI. The derived quantitative 

metrics were then correlated with gas exchange MRI to address the fundamental 

physiology of gas exchange MRI.  

Collectively, this thesis aims to establish robust quantification pipelines for both 

129Xe ventilation and perfusion MRI. This work has also established the minimum 

required 129Xe dose and efficient clinical protocol, which lays the critical foundation for 

multi-center dissemination. 
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2. Relevant Background and Theory 

2.1 Pulmonary Physiology 

This sub-chapter briefly present an overview of the aspects of pulmonary 

physiology that are relevant to my dissertation. The topics covered here have been 

adapted from the book ‘Respiratory Physiology: The Essentials’ by John West (73). 

2.1.1 Structure and Function of the Respiratory System 

The primary function of the respiratory system is the gas exchange, that is to 

bring oxygen from the external environment to feed the body while excreting the carbon 

dioxide out. The model of gas-exchange can be simplified with treating the lung as a 

symmetrical organ with the blood-gas barrier in the middle, while air comes in from one 

side through ventilation and blood comes in from the other side through the pulmonary 

circulation. Both ventilation and pulmonary circulation are crucial in gas-exchange. 

During the pulmonary ventilation, oxygen is first inspired into the conducting airways 

and distributed into the left and right lung. The conducting airways start from the 

trachea, then divides into the left and right main bronchus from which they continue to 

branch and narrow to respiratory bronchioles and then reach the alveoli. This branching 

enables the lungs to achieve an enormous surface area (50-100 m2) within their limited 

volume (4-6 L). In total, the airways have 23 generations, with the first 16 generations 

acting as the pathway for air transfer and the later seven generations involved in gas 

exchange. Respectively, they are referred to as the conducting zone of the lung and the 

respiratory zone of the lung. The respiratory zone makes up 2.5 to 3 liters of the lung to 

ensure efficient gas-exchange, while the conducting zone makes up about 500 mL of the 
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lung. The pulmonary blood vessels branch from the pulmonary artery to the capillaries 

and back to the pulmonary veins. The arteries, veins, and bronchi run alongside each 

other initially, the arteries and bronchi travel together down the centers of the lobules, 

whereas they disperse as the veins pass between the lobules toward the periphery of the 

lung. As they near the alveoli, the pulmonary arteries become the pulmonary capillary 

network. The capillaries branch and follow the bronchioles and structure of the alveoli. 

The capillary wall then meets the alveolar wall, creating the blood-gas barrier. The 

blood-gas barrier is extremely thin, about 0.3 𝜇𝑚 in diameter, which enables very 

efficient arrangement for gas exchange.  

Every unit in the lung is crucial for efficient gas-exchange; mal-function in any 

unit would potentially lead to pulmonary disorder. For example, the major causes for 

obstructive pulmonary disorders, such as chronic obstructive pulmonary disorders 

(COPD) and asthma, are mostly due to obstructions or inflammations taking place in the 

conducting zone of the lung. Whereas in patients with fibrosis, the blood-gas barrier is 

thickened due to the increased amount of collagen fibrils, thus obstructs the gas from 

dissolving through the barrier and into the capillary in the respiratory zone of the lung.  

2.1.2 Ventilation 

Ventilation is the process of getting the inhaled gas into the alveoli so that the gas 

exchange can occur. The volume of normal breathing is around 500 mL and is referred to 

as the tidal volume. During a minute of normal breathing with a breathing rate of 15 

breath/minute, approximately 7500 mL of air was inhaled in. However, not all the 

inhaled gas will enter into the alveoli for gas exchange. Approximately 150 mL gas will 
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remain in the conducting airways, which is referred to as anatomic dead space. Taking 

consideration of the anatomic dead space, the alveolar ventilation is about 5250 ml/min.  

The ventilation is not the same in all regions of the lung even for healthy 

subjects. In general, in the upright posture, the lower regions of the lung ventilate better 

than the upper zones. However, when the subject lays supine, such as during the MRI 

scan, this is replaced by an anterior-to-posterior gradient.  

2.1.3 Diffusion 

After the inhaled gas is brought into the alveoli, it can then transfer across the 

blood-gas barrier into the capillary blood. This process is called diffusion, which can be 

described by Fick’s law as shown in Equation 1. Fick’s law states that the rate of gas 

transfer through the tissue sheet is proportional to the diffusion constant, the area of the 

tissue sheet, inversely proportional to the tissue thickness, and proportional to the 

partial pressure difference between the two sides.  

Equation 1. Fick’s law of diffusion 

𝑉𝑔𝑎𝑠 ∝
𝐴

𝑇
∙ 𝐷 ∙ (𝑃1 − 𝑃2) 

In equation 1, A is the tissue area, T is the tissue thickness, 𝑃1 − 𝑃2 is the pressure 

difference between the two sides, and D is the diffusion constant. The diffusion constant 

is proportional to the solubility of the gas in the tissue and is inversely proportional to 

the square root of the molecular weight. For healthy subjects, there are about 500 million 

alveoli in the lungs, the blood-gas barrier has an area of about 50 to 100 square meters, 

and the tissue thickness is only 0.3 m in most of the places.  



 

18 

The transport of oxygen across the blood gas barrier in the ventilated lung is 

governed by both diffusion and perfusion. To date, the transfer of oxygen in the lung 

has been depicted using many tracer gases as surrogates to study. For example, carbon 

monoxide (CO) is used to measure DLCO, which is a surrogate marker to study global 

gas-exchange in the lung. CO readily binds with the hemoglobin and does not saturate 

quickly in the blood. This affinity for hemoglobin allows the alveolar-capillary partial 

pressure gradient of CO to be maintained throughout the capillary bed, regardless of 

perfusion. Therefore, the uptake of CO is primarily driven by its diffusion through the 

blood-gas barrier. Therefore, carbon monoxide is considered as a diffusion-limited gas.  

Other gases, like nitrous oxide (N2O) and carbon dioxide (CO2) saturate in the 

blood more quickly. Therefore, as the blood gets more saturated, the alveolar-capillary 

partial pressure gradient slowly disappears. As the pressure gradient reaches zero, the 

gas transfer also stops. Hence, the transfer of N2O and CO2 are governed by perfusion, 

which makes both gases perfusion-limited gases.  

Similar to N2O and CO2, 129Xe is classically defined as a perfusion-limited gas, 

since it quickly saturates in the blood and the transfer is primarily governed by blood 

perfusion. However, the nature of the hyperpolarized (HP) 129Xe MRI inherently 

destroys hyperpolarized signals with RF pulse (72). Thus the amount of red blood cell 

signal the scanner detects is limited by the diffusion of HP 129Xe through the barrier 

tissue. Therefore, hyperpolarized 129Xe MRI can also probe diffusion limitation in the 

lung.  
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2.1.4 Blood Supply in the Lung (Perfusion) 

The blood supply plays a crucial role in gas exchange and acts as a transport 

system to carry the gases throughout the body. Once the inhaled gases diffuse through 

the blood-gas barrier into the capillary blood, the red blood cells carried by the 

deoxygenated blood become oxygenated and are then pumped into the systemic 

circulation.  

Similar to ventilation, blood flow is unevenly distributed in the lung. That is, in 

the upright human lung, blood flow decreases from bottom to top, while the blood flow 

in the posterior lung exceeds flow in the anterior lung when the subject lies supine as in 

MRI scans illustrated in this work. In healthy lungs, the ratio of ventilation to perfusion 

(V/Q) is matched. However, when V/Q matching fails, the arterial blood would be 

difficult oxygenated.  

Taken together, in order for the lung to efficiently exchange gases with the blood, 

three fundamental processes are required. First, the lung must be efficiently ventilated 

with the inhaled gas. Second, gases must readily diffuse through the blood-gas barrier 

into the capillary blood. Third, the blood flow must efficiently carry these gases through 

the body.  

2.1.5 Tests of Pulmonary Function 

Pulmonary function tests (PFT), including spirometry, plethysmography test, 

and diffusion capacity test, measures how well the lung functions. These tests are used 

to help diagnose patients with asthma (74), lung fibrosis (75), and respiratory infections 
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(76), etc. The most common parameters measured in pulmonary function tests are 

summarized in Table 1.  

Table 1. Common parameters measured in pulmonary function tests 

Parameters Abbreviation Definition 

Spirometry 

Forced vital capacity FVC The volume of air that can be blown out 

after full inspiration. 

Forced expiratory volume in 

1 second 

FEV1 The volume of air that can be blown out 

in first 1 second, after full inspiration.  

Forced expiratory flow FEF FEF is the speed of air coming out of the 

lung during the middle portion of a 

forced expiration. It can be given as a 

mean of the flow during an interval, also 

generally delimited by when specific 

fractions remain of FVC, usually 25–

75%.  

Plethysmography test 

Functional residual volume RV It measures how much air is left in the 

lungs after full exhalation. 

Functional residual capacity FRC It measures how much air is left in the 

lungs after full exhalation plus the 

amount of air left in the lungs after the 

subject breathe out normally.  

Total lung capacity TLC Maximum volume or air present in the 

lungs  

Diffusion capacity test 

Diffusing capacity DLCO The carbon monoxide uptake from a 

single inspiration in standard time. 

Volume of the alveoli VA It measures the degree to which the 

tracer gas has been diluted by inhaling it 

into the lung. 

In obstructive diseases like asthma, FEV1, FVC (77), RV/TLC are primarily 

concerned. An FEV1/FVC<0.7 is defined as clinically significant obstruction. The FEV1 

improvement after bronchodilator may due to the function of large airway reversibility, 

while lack of significant RV reversibility may indicate small airway closure that is non-

reversible (78). 
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2.2 Pulmonary MRI Registration and Segmentation 

Pulmonary MRI techniques have been developed to assess ventilation (35, 59, 79, 

80), perfusion (81-83), etc. The addition of hyperpolarized 129Xe MRI has further enabled 

visualization of gas exchange (84) as will be explained elsewhere. Regardless, each of 

these techniques has common needs that are accurate image registration and 

segmentation.  

Most quantification workflows generally involve two steps, which are 

registration and segmentation. This sub-chapter briefly covers current registration and 

segmentation methods in the field. Their advantages and disadvantages in the 

application into 129Xe pulmonary MRI are also discussed.  

2.2.1 Registration 

Image registration is the process of transforming different sets of images into the 

same coordinate system. These images can be acquired from separate imaging 

equipment or at different places or time. Registration is necessary for medical image 

quantification since it enables further pixel-wise comparison of different datasets.   

For pulmonary MRI, patients undergo a series of independent scans that yield 

different kinds of information, either anatomical or physiological, either 2D or 3D. In 

clinical application, this information could be more useful if it was integrated or even 

quantified, which can provide valuable information in disease phenotyping, monitoring, 

and even treatment planning. However, because of patient breathing, patient-

compliance-related and acquisition-related issues, these independent scans are always 

misaligned. Therefore, it is necessary first to correlate these images using associating 
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similar features from different sets of images through accurate registration. This 

registration process should consider spatial differences caused by different image 

contrasts, gradient wrapping, global patient movement, and different respiration levels.  

The following sub-chapters illustrate the possible registration approaches for 

pulmonary MRI, with a discussion of whether it is suitable for future clinical 

deployment. 

Note, transformation models discussed in the following sections follow the 

definition of Advanced Normalization Tools (ANTs) transformation models (85). ANTs 

is an open source tool for image visualization and quantification. The following sections 

are adapted from the paper “ANTS: Open-source tools for normalization and 

neuroanatomy,” by Brian B. Avants. 

2.2.1.1 Basic Transformation Models 

Registration is done by transforming the source image to the target image using a 

transformation matrix. This transformation model could be linear, elastic and 

diffeomorphic with different degrees of freedom (DoF). In general, all transformation 

can be categorized into intensity-based and landmark-based schemes. An intensity-

based scheme directly exploits the correspondence of image intensities. A landmark-

based scheme is based on matching corresponding features, which are defined using 

image landmarks. Such landmark based schemes can be further classified into 

anatomical and geometrical. Anatomical landmarks are usually defined by the user (86, 

87), while the geometrical landmarks are points derived from the optimum of some 

outstanding geometric property such as extrema points or lines (88), and curves (89). 
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After establishing correspondences between the pairs of landmarks, interpolation is 

employed to overlay the corresponding landmarks. 

2.2.1.1.1 Linear Transformations 

 Linear transformations, including rigid and affine transformations, are mostly 

applied for images with simple linear mis-alignments or as an initial global alignment 

procedure. Rigid transformation, comprising rotations, translations or their 

combination, is the simplest transformation with 6 DoF (3 for rotations and 3 for 

translations) for image registration. With the addition of scaling and shearing, affine 

transformation offers more degrees of freedom (9 DoF including scaling and 12 DoF 

including both shearing and scaling ) to correct subject movement and image distortion. 

These linear transformation features are usually optimized with either a mean-squared 

difference (MSQ) or mutual information (MI).  

Besides linear differences between the transformed images, other specific 

problems arise such as differences in patient posture, or differences in thorax shape and 

volume (different inspiration levels) between scans. These spatial differences require a 

non-linear transformation to correlate the images. 

2.2.1.1.2 Non-Linear Transformations 

Non-linear transformations including elastic and diffeomorphic transformations, 

usually operate in the vector field space. Elastic transformation, such as statistical 

parametric mapping (SPM) (Yang et al., 2012) and free-form deformation (FFD) 

(Rueckert et al., 1999), is based on models derived from elasticity theory and can 

describe local deformations (Yang et al., 2008). However, elastic transformation cannot 

preserve topology information. Moreover, a diffeomorphic transformation (90) forms a 
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group of smooth, differentiable and invertible maps between target and source images. 

These kinds of transformation, such as greedy Symmetric Normalization (SyN) (91, 92) 

and geodesic SyN (93), ensure a flexible, linear penalty on deformation while preserving 

topology. Similarly, mutual information and mean-square difference similarity metrics 

are generally applied to optimize the transformation. Moreover, cross-correlation and 

local mutual information are also included for the non-linear transformation 

Typically, these non-linear transformations are applied in scans that were 

acquired using different dimensions, like 2D or 3D, or different breath coaching, like 

inspiration or expiration.  

2.2.1.2 Pulmonary MRI Registration 

Registration has been intensely applied to align different acquisitions or 

modalities together for pulmonary MRI. For 2D quantification (58, 79, 80), linear 

registration between 129Xe and 1H using both rigid and affine are the most commonly 

applied strategies. These registration methods can avoid non-linear deformations of 

biological tissues. Tustison et al. registered all ventilation images to a 129Xe ventilation 

template (atlas) (59) using a symmetric diffeomorphic registration algorithm (94) for 

robust registration. This shape and intensity unbiased 129Xe ventilation template was 

constructed using principal component analysis (PCA) statistical model from 100+ 

subjects, which incorporates most of the important intensity and shape features of the 

lungs. For multi-modality registration, non-linear deformable registration has been 

intensely applied in areas such as hyperpolarized gas MRI vs. CT (95), and 

hyperpolarized gas vs. oxygen-enhanced MRI (96).  
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2.2.2 Segmentation 

Image segmentation is the process of classifying an image into multiple clusters 

of pixels. The image pixels within these clusters share some similarities such as color, 

intensity, texture or a combination of them. Given the diversity of image segmentation 

problem, the choice of the segmentation algorithm is also problem-dependent. The 

following sub-chapters illustrate the possible segmentation approaches for the 1H 

thoracic cavity MRI, 129Xe ventilation MRI and pulmonary vasculature respectively. 

2.2.2.1 1H Thoracic Cavity MRI Segmentation 

 

Figure 1. 1H thoracic cavity MRI for (a) a healthy volunteer, (b) a patient with 

fibrosis, and (c) a patient with pulmonary edema.  

The importance of segmenting 1H thoracic cavity images was recently realized 

since it improves quantification by confining analysis to the patient’s own thoracic 
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cavity. However, accurate and efficient segmentation of 1H thoracic cavity is restricted 

by the various features presented in the lungs. As shown in Figure 1(a), a healthy 

thoracic cavity shows homogenously low intensities in the lung parenchyma, while a 

patient with fibrosis (Figure 1(b)) or pulmonary edema (Figure 1(c)) shows elevated 

intensities resulting from regions of fibrosis or edema. Moreover, some 1H thoracic 

cavity images do not show a clear boundary between parenchyma and the heart (Figure 

1(c)).  

On account of these difficulties, 1H thoracic cavity segmentation has long been a 

challenging task in the pulmonary MRI quantification. Here, several approaches are 

introduced, with the consideration of whether it could provide accurate and efficient 

segmentation of 1H thoracic cavity MRI.    

2.2.2.1.1 Manual 1H MRI Segmentation 

Due to the complexities in segmenting the 1H MR images, manual segmentation 

has been intensively used to avoid misclassification. During manual segmentation, an 

expert user needs to trace the thoracic cavity for every image slice manually. This 

process is time-consuming, and the result could be user-dependent. Thus, an automatic 

segmentation approach would be greatly preferred to remove user intervention and 

accelerate the quantification workflow. 

2.2.2.1.2 Edge Detection-based 1H MRI Segmentation 

Edge is an essential characteristic of an image that carries information such as 

object boundary. By detecting this discontinuity, the edge detection algorithm 

transforms the original images into edge images. This process reduces the quantity of 

data to be processed yet it retains essential information from the image. Edge can be 
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detected by employing derivative operations, and derivatives can be calculated using 

differential operators. By applying the differential operators in different orders, edge 

detection segmentation can be classified into first order and second order operator-

based segmentation. First-order differential operator-based segmentation methods, such 

as Canny (97), Roberts (98), Sobel (99), and Prewitt (100) edge detection, are usually 

applied to select the strongest edges by thresholding the gradient magnitude. Second-

order differential operator-based segmentation methods, such as Laplacian (101), 

Laplacian of Gaussian (LoG) (102), and Kirsch (103), are generally applied in localizing 

the edges.   

The advantage of the edge detection segmentation is that it is robust and leads to 

greater efficiency in object recognition. However, this method is sensitive to noise and 

cannot work correctly on a smooth transition image or images with un-continued 

boundaries. In 1H MRI images, lung boundary is sometimes interrupted by ribs or heart 

information (Figure 1). Thus, edge-based segmentation algorithms are not 

recommended for thoracic cavity segmentation.  

2.2.2.1.3 Region-based 1H MRI Segmentation 

Region-based segmentation is a commonly applied semi-automatic method for 

image segmentation. This method group pixels in an image into sub-regions based on 

predefined seeds. Region-based segmentation can be categorized into region-growing 

segmentation and ‘merge and split’. The region-growing method segments image into 

various regions based on the growing of initial seeds. The growing of these seeds is 

controlled by the connectivity between pixels and a predefined criterion. When there are 
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no more pixels to meet the criteria for inclusion in that region, growing will stop. Based 

on a homogeneity criterion, ‘Split and Merge’ is a method that can split the image into 

quadrants. Then, similar regions are merged back to generate segmented clusters.  

The advantage of the region-based segmentation is that it is straight-forward, 

and with fast processing speed. However, the choice of the starting seeds and stopping 

thresholds will influence the segmentation result. Svenningsen et al. (80) and Virgincar 

et al. (58) have previously applied the region-growing segmentation to segment the 1H 

thoracic cavity MRI. However, this segmentation requires an expert user to place the 

initial seeds in the thoracic cavity while avoiding airways or fibrotic regions. Moreover, 

different choices of initial seeds may lead to different segmentation results. This 

inconsistency suggests that segmentation of 1H thoracic cavity images may ultimately 

favor a new segmentation technique, such as neural-network based segmentation.    

2.2.2.1.4 Convolutional Neural Network-based 1H MRI Segmentation 

Convolutional neural networks (CNN), a category of the neural network, is 

driving advances in image segmentation, as it improves the efficiency and accuracy of 

whole-image classification. The pioneering work of CNN can be traced back to LeCun 

(104) and Fukushima (105). Recently, partially due to the influence of annual ImageNet 

Large Scale Visual Recognition Challenge (ILSVRC) (106), different CNN algorithms 

have been proposed (107-109) and applied to a variety of applications in object 

recognition and voxel-wise segmentation. This challenge evaluates algorithms for object 

localization and detection, the team with the minimum average error across all test 

images will be the winner of the year. The structure of CNN can be characterized by 
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components like convolution, pooling, and activation functions. These components can 

be put together in various arrangements to perform image segmentation. LeNet (104) is 

a fully connected network consisting of three ‘hidden’ layers performing convolution 

and pooling alternatively. AlexNet (110), the winner of ILSVRC in 2012 with an error of 

15.3%, included additional stacked convolutional layers and has a bigger and deeper 

network. Subsequently, GoogleNet (111), the winner of the ILSVRC 2014 competition, 

utilized more layers but reduced parameters to achieve an error rate of 6.67%. Recently, 

SegNet (112) transferred max-pooling indices to decoder layers to improve 

segmentation. For the application in pulmonary MRI, Tustison et al. have recently 

introduced an U-net based architecture to segment both structural and functional lung 

images (107). This framework yields accurate automated quantification with drastically 

reduced processing time. Therefore, CNN-based segmentation would be ideal for the 1H 

proton MRI segmentation, since it is automatic, fast, and robust. However, one 

drawback of CNN-based segmentation is that it needs a large quantity of training data, 

including paired images of 1H proton MRI and their associated masks, to derive an 

efficient and robust model. Moreover, the robustness of the model is influenced by how 

well the training masks are generated. If these masks cannot fully cover the lung 

parenchyma or avoid the heart and rib information, the trained model is not likely to 

accurately delineate the lung parenchyma either.  
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2.2.2.2 129Xe Ventilation MRI Segmentation 

 

Figure 2. Representative 129Xe ventilation images for a healthy subject, an asthmatic, 

and a patient with pulmonary stenosis. A healthy 129Xe ventilation MRI shows a 

homogeneous normal ventilation in the lungs, (b) 129Xe Ventilation MRI for an 

asthmatic exhibits void-ventilation, decreased ventilation, normal ventilation and 

elevated ventilation in the lungs, (c) A patient with pulmonary stenosis exhibits low 

ventilation in right lower lobe and high ventilation in left lower lobe.  

After segmenting the 1H MRI, 129Xe ventilation signals within the thoracic cavity can be 

further classified into meaningful metrics. Since pixel intensity is well correlated with 

how well that lung region is ventilated, this classification technique should well 

distinguish different ventilation features, such as ventilation-void, decreased ventilation, 

normal ventilation, and increased ventilation as shown in Figure 2. In the following sub-

chapters, several potential segmentation approaches for 129Xe are illustrated, with their 

merits and drawbacks discussed.  

2.2.2.2.1 Threshold-based Segmentation 

Threshold-based methods are among the most fundamental technique for image 

segmentation. It transforms the gray-scale image into a binary image by setting a 

threshold on the intensity histogram. In general, threshold-based segmentation includes 

local thresholding and global thresholding. Local thresholding needs multiple 

thresholds to classify the image into various target regions and backgrounds, while the 
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global thresholding only needs one threshold to classify the image into foreground and 

background. As estimating the threshold value is crucial for a successful classification, 

various methods have been developed so far, including Otsu (113) and entropy-based 

(114). Among these methods, the most commonly used algorithm is the Otsu’s method. 

This method selects a globally optimal threshold by maximizing the intra-class variance, 

assuming the image follows a bi-modal histogram.  

The advantage of the threshold-based segmentation is that it is straight-forward, 

robust and with fast processing speed. For the application into 129Xe MRI, 129Xe 

ventilation can be classified into multiple clusters by setting thresholds on the intensity 

histogram. However, unlike CT images, the signal in MRI images is not absolute. 

Therefore, classification will not be reproducible with merely threshold-based 

segmentation.  

2.2.2.2.2  Region-based 129Xe MRI Segmentation 

Similar to 1H MRI segmentation, placing the initial seeds in the ventilation 

images can also segment the ventilated regions in the lungs (58, 115). However, similar 

to the problem introduced in 1H MRI segmentation, seeds placement is crucial for 

accurate segmentation of 129Xe MRI. Moreover, as the SNR of the images varied 

throughout the datasets for each subject (115), the image-dependent thresholds were 

applied instead of using a fixing threshold. These thresholds were user-determined and 

could be difficult to determine for noisy images. 

2.2.2.2.3 Clustering-based 129Xe MRI Segmentation 

Clustering-based segmentation is a process that transforms pixels from an image 

into different clusters by minimizing intra-class varieties and maximizing inter-class 
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varieties. Clustering-based segmentation can be categorized into hard clustering and soft 

clustering. A hard clustering only assigns points to one cluster, while the soft clustering 

assigns each point to all the clusters with different weights or probabilities. The most 

commonly used clustering-based method for ventilation MRI is K-means. 

K-means is one of the most popular unsupervised partitional clustering methods. 

This algorithm starts with the initialization of the number of clusters and an initial 

centroid of each cluster. Then, it works iteratively to assign each pixel into one of K 

clusters, and later the centroids are updated after every iteration. An intensity pixel is 

considered to be in a particular cluster based on how close it compares to the current 

centroids. This pixel allocation also makes sure that the in-cluster sum of squares is 

minimized. In hyperpolarized MRI quantification, K-means clustering has been widely 

applied not only as a segmentation/clustering method (60, 79) but also as a pre-

classification step (59). Although all published literature have derived quantitative 

metrics and reported good correlations to the clinical pulmonary function tests, different 

imaging centers have their different choices of the number of clusters, and only the 

lowest cluster (ventilation defect percentage) was evaluated with the traditional clinical 

metrics (79).    

2.2.2.2.4  Template-based 129Xe MRI Segmentation 

Template-based segmentation, or template matching, is a process that classifies 

one object by comparing parts of images with an object template. This is done by 

searching the minimum difference between the template and all possible portions of the 

image that could match the template. In general, template-based segmentation can be 
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classified into feature-based and area-based approaches. In the feature-based approach, 

pair-wise connections between target and reference image are established using 

important features, like points, curves or surface model. The area-based approach is an 

alternative method when the target image shows no strong feature. This approach 

calculates the matching scores between the pixel intensity values of both image and 

template.  For pulmonary MRI application, Tustison et al. have constructed an unbiased 

129Xe ventilation template and statistical description of the lung shape from healthy 

cohorts (59). By matching the source images to the established 129Xe ventilation template, 

the ventilation mask can be therefore segmented.  

2.2.2.3 Pulmonary Vasculature Segmentation 

 

Figure 3. Representative 1H and 129Xe MRI show different vasculature signals. (a) 1H 

MR images for a healthy volunteer shows bright vasculature signals in the lung 

parenchyma, (b) 129Xe MR images for the same volunteer shows dark vasculature signal.  

Vasculature segmentation is essential for improved visualization and accurate 

quantification. So far, vasculature segmentation has been mostly done in computed 

tomography angiography (CTA), magnetic resonance angiography (MRA), and digital 

subtraction angiography (DSA) to assess patients with stroke (116) or arterial and 
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venous occlusion (117), by detecting or quantifying vasculature occlusion (118) and 

stenoses (119). For pulmonary vasculature segmentation, most works have been focused 

on pulmonary CT vasculature segmentation. However, hyperpolarized MRI vasculature 

segmentation has recently attracted more attention with the purpose of improving 

visualization, and quantification since it avoids miss-classifying the vasculature 

information as ventilation defect. Vasculature segmentation is a challenging problem for 

pulmonary MRI due to the low in-plane resolution. Besides acquisition-dependent 

considerations such as contrast, resolution, and SNR, vasculature can exhibit high 

variability of size and curvature (Figure 3). Moreover, the pulmonary vasculature 

network can be perturbed by stenosis, stents, tumors or other pulmonary tissues.  

Therefore, several commonly applied vasculature enhancement and 

segmentation algorithms for pulmonary vasculature segmentation are summarized here. 

For each technique, we describe which kind of information is exploited and how it is 

extracted.  

2.2.2.3.1 Overview of Existing Vasculature Enhancement Filters 

In 1999, Frangi (120) first introduced a Hessian-based filter. This filter can 

capture a larger range of vasculature diameters and is capable of detecting not only 

tubular structures but also blob-like and sheet-like structures. This method model the 

centerline as a 1D B-spline curve and use a 3D B-spline surface evolution to fit the vessel 

wall along the curve. To date, Hessian-based filters have been wildly applied to various 

imaging modalities, such as CTA (121), MRA (122, 123) and MRI (59). Moreover, it has 

been applied to different types of vessels, such as cerebral (124, 125), pulmonary (122), 
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and cardiac vasculature (126, 127). Though with many merits, one drawback of Hessian-

based approach is that it is sensitive to noise, and may give discontinued vessels due to 

junction suppression. To address this problem, the direction bank filter was introduced, 

which can provide superior enhancement of small vessels and distinguish all vessels at 

bifurcations and crossing points. However, this method has so far been established only 

for 2D images, not 3D volumetric images. Therefore, an enhancement filter that yields a 

close-to-uniform response in all vascular structures and accurately enhances the 

vasculature borders, such as Jerman filter (128), is favored in 1H pulmonary MRI 

vasculature segmentation.  

2.2.2.3.2 Overview of Existing Vasculature Segmentation Methods 

Besides vessel enhancement filters, various vasculature segmentation methods 

have been employed, such as region-based (129), active contour based (130), centerline 

extraction (131), level-set (132), and most recently deep-learning-based (108) algorithms.  

Region-based segmentation methods, as introduced earlier for 1H and 129Xe 

segmentation, are sensitive to noise or needs an initial seed point. Active contour-based 

vasculature segmentation methods apply an energy minimization connectivity 

preserving relaxation process to an image to obtain the boundary of an object. 

Centerline-based approaches focus on directly extracting the vessel centerline. The 

extracted centerline can be then used to constrain an accurate segmentation of the 

vasculature contours efficiently. Though providing robust results, all of these above 

vessel segmentation methods require an operator, starting from a set of seed label as 

root and propagating towards the branches.  



 

36 

Other unsupervised methods, such as Optimally Oriented Flux (OOF) (133) and 

morphological path operators (RORPO) (134), were proposed to find an optimal axis on 

which image gradients are projected to compute the image gradient flux.  

Most recently, the application of deep-learning approaches into vasculature 

segmentation has seen rapid progress, including ZNN (135, 136), convolutional neural 

networks (CNN) (109), and Fully Convolutional Neural Network (FCNN) (108). These 

methods provide automatic and robust vasculature segmentation. However, a large 

amount of data are required for training, testing, and validation.  

2.3 Relevant MR Theory  

This section briefly covers the basic NMR theory. This information lays the 

background of this work. At the end of this section, a basic polarization protocol and an 

acquisition protocol are summarized. These protocols have been applied to all of our 

hyperpolarized 129Xe MRI studies with slight variations. Part of the topics covered in this 

section was adapted from the book ‘Principles of Magnetic Resonance Imaging’ by 

Dwight G. Nishimura (137). 

2.3.1 NMR Signal 

Atoms with either an odd atomic number or an odd mass number will have 

nuclear spin angular momentum (J). Thus, only these nuclei exhibit the MR 

phenomenon. These nuclides possess a magnetic field, with the magnetic moment μ, 

given by: 

Equation 2: magnetic moment 

μ = γJ 
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where μ is the magnetic moment, γ is the gyromagnetic ratio and J is the angular 

momentum.  

 In this section, we will focus the discussion on 1H and 129Xe, which are both NMR 

active. Both 1H and 129Xe are spin ½ nuclei. In the absence of magnetic field, thermal 

fluctuations cause these magnetic moments to randomly oriented. Thus the resulting 

spin system has a net zero magnetic moment. However, when these nuclei are placed in 

a static magnetic field (𝐵0), these spins align parallel (spin up) or anti-parallel (spin-

down), relative to the direction of the magnetic field. Each spin state also has an 

associated energy E given by: 

Equation 3: spin energy 

E = −μ ∙ 𝐵0 

Where μ is the magnetic moment and 𝐵0 is the strength of the magnetic field. For spin ½ 

system like 1H and 129Xe, these two energy states are separated by: 

Equation 4: Energy difference 

∆E =
ℎ𝛾𝐵0

2𝜋
 

Where h is Planck’s constant, γ is the gyromagnetic ratio and 𝐵0 is the strength of the 

magnetic field. 

Thus two population of nuclei include one with low energy (parallel, 𝑛+) and the 

other one with high energy (anti-parallel 𝑛−). The ratio of the two population is defined 

by Boltzmann distribution: 

Equation 5: Boltzmann distribution 

𝑛−

𝑛+
= 𝑒−∆𝐸/𝑘𝑇 = 𝑒

−ℎ𝛾𝐵0
2𝜋𝑘𝑇  
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Where 𝛾 is the gyromagnetic ratio, ℎ is the Planck’s constant, 𝐵0 is the magnetic 

field strength, 𝑘 is the Boltzmann’s constant, T is the temperature of the system. 

Typically at body temperature and field strengths of 1.5 T, this ratio is about 5 

ppm for the polarization of a single nucleus. However, 1H is the most abundant nuclei in 

our bodies and there are 110 moles per liter of 1H.  These abundant protons create 

significant nuclear magnetization 𝑀0, which is the sum of a large number of individual 

nuclear magnetic moments: 𝑀0 = ∑ 𝜇𝑛
𝑁𝑠
𝑛=1 . The bulk magnetization equation is shown in 

Equation 6.   

Equation 6: bulk magnetization 

𝑀0 =
𝛾2ℏ2𝐵0𝜌0

4𝑘𝑇
 

Where 𝜌0 is the proton density, ℏ =
ℎ

2𝜋
. 

In the lung, however, this magnetization is significantly reduced due to the 

lower spin density of protons. As an alternative, hyperpolarized (HP) noble gases were 

introduced as external contrast agents to probe the structure and function of the lung. 

However, the thermal signal that can be obtained using 129Xe is really small. Moreover, 

the low spin density of 129Xe makes it even harder to resolve pulmonary functional 

information using MRI. As a result, these isotopes need to be ‘hyperpolarized’ to 

overcome the lower thermal polarization and spin density, by increasing their signal by 

five orders of magnitude.  
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2.3.2 Polarization Methods 

129Xe gas is hyperpolarized to increase its thermal polarization by 100,000 times 

by employing Spin-Exchange Optical Pumping (SEOP). This process involves two steps. 

First, a high powered, circularly polarized laser is used to polarize the rubidium. Then, 

these polarized electrons then undergo spin exchange, which occurs when the polarized 

rubidium interacts with the 129Xe nucleus during which the angular momentum is 

transferred from the rubidium electron the 129Xe nucleus. During this spin exchange 

process, the spin-down 129Xe nucleus is switched to spin-up, thereby polarizing the 129Xe.  

In the following section, the 129Xe polarization and delivery protocol are briefly 

reviewed. This protocol was used to polarize 129Xe throughout this thesis. Thus it is 

described here to avoid redundancy. 

300 to 1000 mL volumes of isotopically enriched xenon (86% 129Xe, Spectra Gases 

Inc., Alpha, NJ) were hyperpolarized by rubidium vapor spin-exchange optical 

pumping, cryogenically accumulated using a commercially available polarizer (Model 

9810, Polarean Inc., Durham, NC), and thawed into 1-L Tedlar bags. For a 129Xe volume 

of less than 1 Liter, the remaining volume was topped using commercial N2. 129Xe 

polarization was determined using a calibrated polarization measurement station 

(Polarean Inc., Model 2881) with 5% relative accuracy. For current ventilation protocol, 

500 mL volumes of 129Xe were hyperpolarized and thawed into 1-liter bags and then 

topped with 500 mL commercial N2.  

Note, in Chapter 3-7, 129Xe was polarized using a prototype polarizer (GE Model 

9800, Durham, NC). Using this model, the mean (SD) polarization achieved for 1-liter 
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studies was 8.3  1.3% and was 9.3  2.4% for the 300-ml studies. For our current study, 

129Xe was polarized using a commercially available polarizer (Model 9810, Polarean Inc., 

Durham, NC), which yielded an average polarization of 20  3%. 

2.3.3 Standard Image Acquisition Protocol 

In this section, standard ventilation image acquisition protocol for our current 

clinical setup was briefly reviewed. This imaging protocol was used to acquire 

ventilation MR images throughout the dissertation. Thus it is described here to avoid 

redundancy. 

In Chapter 3-6, all the MR scans were performed on a 1.5 T GE Healthcare 

EXCITE 15M4 MR system. Subjects were fitted with a flexible chest coil (Clinical MR 

solutions, Brookfield, WI) that was tuned to the 17.66 MHz 129Xe frequency and proton-

blocked to permit anatomical scans to be acquired using the 1H body coil. After the 

initial localizers and proton thoracic cavity scans (described below), subjects underwent 

129Xe ventilation MRI. All scans were performed in the supine position and subjects were 

coached to inhale the gas doses from functional residual capacity (FRC). Before imaging, 

all subjects practiced achieving reproducible breath-holds by inhaling 1-L of air from a 

bag starting from functional residual capacity. Before 129Xe MRI, anatomic 1H images 

were acquired during a 16-second breath-hold. These images were acquired using a 

steady-state free precession (SSFP) sequence (FOV = 40×40 cm2, 128×128 matrix, 15 mm 

slices, TR/TE = 2.8/1.2 ms, α = 45°, BW = 125 kHz). This sequence highlights the 

pulmonary vasculature, which is useful for generating accurate thoracic cavity masks for 

quantifying ventilation. HP 129Xe ventilation images were acquired during a separate 
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8.5–12 seconds breath-hold, with 12/14 slices acquired in the anterior-to-posterior 

direction using a spoiled gradient recalled echo sequence (FOV = 40×40 cm2, matrix = 

128x90x128, 12.5/15-mm slices, TR/TE = 7.9/ 1.9 ms, flip angle = 5 –7, and BW = 8.0 kHz). 

Starting from Chapter 7, all MR images were acquired on a 3 Tesla Siemens 

Magnetom Trio scanner (VB19), which we have transitioned to recently. All clinical 

protocols have been adapted to accommodate the 3 T system. Briefly, subjects were 

fitted with the same flexible chest coil tuned to 35.3 MHz 129Xe frequency. GRE images 

were acquired with parameters: field of view (FOV) = 38.4 × 36 cm, matrix = 96 × 90, slice 

thickness = 12-18 mm, bandwidth = 8.3 kHz, flip angle = 7°−10°, repetition time 

(TR)/echo time (TE) = 8.1/1.9 ms, and resolution = 4 × 4 × slice thickness. A matching 

image of the thoracic cavity was acquired using the 1H body coil before the 129Xe scan. 

This allowed subjects to remain in the same position as for 129Xe MRI and they inhaled a 

1-L bag of room air to match lung inflation between the two acquisitions. The 1H scan 

employed a steady-state free precession imaging sequence (SSFSE) with FOV = 38.4 cm, 

matrix = 192 × 192, slice thickness = 12-18 mm, flip angle = 45°, TR/TE = 2.8/1.2 ms, 

bandwidth = 125 kHz and resolution = 2 × 2 × slice thickness.  

2.3.4 Pulmonary Function Testing 

Spirometry, plethysmography and DLCO were performed using the Vmax 

Autobox and SensorMedics (Carefusion, San Diego, CA). Spirometry was used to 

measure FEV1, FEF25-75 and FVC, while plethysmography was used to assess lung 

volumes (total lung capacity = TLC, residual volume = RV). Ratios such as FEV1/FVC 

and RV/TLC were calculated from raw data, but all values are reported as percentage of 
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the predicted values for subjects of comparable characteristics. Fractional exhaled nitric 

oxide (FeNO), indicating airway inflammation, was measured using the Niox Mino 

(Aerocrine Inc. USA, Morrisville, NC). Asthmatics were classified according to the 

guidelines of the U.S. National Asthma Education and Prevention Program [NAEPP]. 
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3. Developing A Robust Quantification Method for 
Hyperpolarized 129Xe Ventilation MRI 

Clinical deployment of hyperpolarized 129Xe magnetic resonance imaging 

requires accurate quantification and visualization of the ventilation images. In this 

chapter, a semiautomated quantification workflow was established that corrects for B1 

inhomogeneity and vascular structures, and extends the analysis to the whole 

ventilation distribution, including ventilation defect, low ventilation, medium 

ventilation and high ventilation.  

The work summarized in this chapter has been published in the following 

journal articles: 

He, M., Kaushik, S.S., Robertson, S.H., Freeman, M.S., Virgincar, R.S., McAdams, 

H.P., and Driehuys, B. (2014b). Extending semiautomatic ventilation defect analysis for 

hyperpolarized (129)Xe ventilation MRI. Academic radiology 21, 1530-1541. 

He, M., Driehuys, B., Que, L., and Huang, Y.-C.T. (2016a). Using Hyperpolarized 

129Xe MRI to Quantify the Pulmonary Ventilation Distribution. Acad Radiol. 

Ebner, L., He, M., Virgincar, R.S., Choudhury, K.R., Heacock, T., Kaushik, S.S., 

Robertson, S.H., and Freeman, M.S. (2016). Hyperpolarized 129Xenon MRI to Quantify 

Regional Ventilation Differences in Mild to Moderate Asthma: A Prospective 

Comparison between Semi-Automated Ventilation Defect Percentage Calculation and 

Pulmonary Function Tests. Invest Radiol. 
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3.1 Developing a Semi-automatic Ventilation Defect Analysis for 
Hyperpolarized 129Xe Ventilation MRI 

3.1.1 Motivation 

Hyperpolarized 129Xe ventilation MRI needs a quantitative method to unveil the 

ventilation abnormalities in the lung. Although much progress has been made to 

quantify the ventilation defect using reader-based scoring, manual segmentation or K-

means clustering, it is also important to quantify these images in a way that is robust and 

automated. In Chapter 3.1, we introduce several extensions of 129Xe ventilation MR 

ventilation analysis and incorporate several emerging ideas from the 3He literature. 

Firstly, we compensate for the non-uniform B1 field using a bias-field correction. 

Secondly, we remove the influence of the pulmonary vasculature on our thoracic cavity 

mask using a ‘vesselness’ filter. Lastly, we introduce a robust means to rescaling the 

image histogram to enable using the entire dynamic range of ventilation information 

and cast this information into four different clusters. These extensions decrease 

processing time, reduce operator dependence, and improve the robustness and 

reproducibility of the method while improving ease of visualization, and providing a 

richer set of quantitative metrics for analysis.   

3.1.2 Materials and Methods 

3.1.2.1 Subject Inclusion Criteria 

To test the new analysis methods, a total of 24 129Xe ventilation images were 

analyzed. This included 8 younger healthy volunteers (HV; 6 female, 2 male; mean age 

39.1 ± 13.6 years); 8 subjects with COPD (2 female, 6 male; mean age 66.9 ± 4.9 years; 7 



 

45 

with GOLD (138) stage II and 1 with GOLD stage III); and 8 age-matched controls 

(AMC; 5 female, 3 male; mean age 62.0 ± 8.3 years). All subjects with COPD had a 

smoking history of at least 20 pack years, while AMC subjects had less than a 5 pack-

year history and had not smoked in the 5 years before MRI. 

3.1.2.2 Semiautomated Image Analysis Methods 

3.1.2.2.1 Creating the registered thoracic cavity mask 

All image processing used a registered 1H image of the thoracic cavity to develop 

a mask within which the 129Xe ventilation image analysis was constrained. 1H thoracic 

cavity images were first registered to the 129Xe images using a multi-resolution affine 

transform (139). All registration steps were completed using the Image Registration 

Toolkit (Visual Information Processing Group, London, UK) (140). Registration was 

followed by semi-automated segmentation of the 1H images to generate a thoracic cavity 

mask. Thoracic cavity segmentation was performed using Avizo (Visualization Sciences 

Group, Burlington, MA), which used the seeded region growing algorithm previously 

described (45). Briefly, this involved the user placing a seed voxel in the lowest intensity 

of the thoracic cavity’s center slice. The seeded region-growing algorithm then 

constructed a volumetric segmentation of the thoracic cavity by labeling all voxels 

connected to the seed voxel that satisfied a user-adjusted intensity threshold. The 

resulting mask was then morphologically filled in MATLAB (MathWorks Inc., Natick, 

MA) to remove holes from the thoracic cavity mask (45). 

3.1.2.2.2 Method 1: seeded region-growing segmentation to determine VDP 

The first method used to calculate VDP was seeded region-growing, which was 

described previously (45) and is depicted schematically in Figure 4. Just as for 1H 



 

46 

segmentation, region growing was also used to segment the 129Xe ventilation image. This 

provided a binary ventilation mask from which the major airways were removed via 

multiplication by the thoracic cavity mask. Ventilation defects were then defined as 

those regions contained within the thoracic cavity mask, but were not found in the 

ventilation mask. The volume of these defects was then divided by the thoracic cavity 

volume to calculate the ventilation defect percentage (VDP). 

 

Figure 4: Seeded region-growing segmentation workflow: the 129Xe ventilation image 

(a) was segmented to obtain a ventilation mask (b), the 1H image was registered to the 
129Xe image and segmented to obtain a thoracic cavity mask (c). These masks were 

multiplied to remove major airways from the ventilation mask, thereby obtaining the 

ventilated volume within the thoracic cavity and calculating ventilation defect 

percentage (d). 

3.1.2.2.3 Method 2: scaled linear-binning maps with bias field and vesselness corrections 

As suggested by Virgincar et al. (45), once the thoracic cavity mask has been co-

registered to the 129Xe ventilation image, a far richer and potentially more robust analysis 

of the entire 129Xe ventilation distribution becomes possible. Thus, rather than 

segmenting the image into two clusters (defect and normal), the 129Xe distribution within 

the thoracic cavity can be quantified automatically into four bins—defect, low-, medium- 

and high-intensity. Prior to this classification, the images were subjected to two 

additional corrections: application of a “vesselness” filter to better account for the 
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exclusion of 129Xe signal by the pulmonary vasculature, and a bias-field correction to 

account for coil B1 inhomogeneity. The associated workflow to generate such a corrected 

linear-binning map is depicted in Figure 5. 

 

Figure 5: Corrected linear-binning map workflow: registered 1H images (b) were 

segmented and then had the detected vasculature removed to define the thoracic cavity 

mask that constrains the analysis (c). Then bias-field corrected ventilation images (a) 

within the thoracic cavity volume were rescaled to range from 0-1 and classified into 4 

intensity clusters using the linear-binning method (d). 

3.1.2.2.3.1 Linear-binning histogram scaling 

Like the seeded region-growing method, the linear-binning method also relies on 

the classification of the intensity histogram. However, the native histogram typically 

contains a small number of pixels that represent a high-intensity ‘tail’ that can confound 

the classification. These high-intensity ‘tails’ may have different distributions due to 

patient compliances, different xenon doses, and xenon polarizations. To eliminate this 

tail, an intensity cutoff was set at the 99th percentile of the cumulative distribution. This 

intensity threshold was used as the divisor to rescale the remaining voxels to a range 

from 0 to 1. After rescaling, pre-determined thresholds were used to assign each 129Xe 

voxel to a particular intensity cluster. For this phase of the analysis, simple thresholds 
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were set at: defect (0−0.2), low-intensity (0.2−0.4), medium-intensity (0.4−0.8) and high-

intensity (0.8−1). 

3.1.2.2.3.2 “Vesselness” Correction of the Thoracic Cavity Mask 

 

Figure 6. Tuning of the thoracic cavity mask. (b) Thoracic cavity mask after initial 

segmentation and morphological filling. (c) Vasculature detected from thoracic cavity 

image (d) thoracic cavity mask after vasculature removed. The vasculature corrected 

mask preserves the greatest volume of 129Xe image for analysis. 

The larger pulmonary vasculature creates regions that naturally exclude 129Xe 

signal. Unless this vasculature is accounted for when defining the thoracic cavity mask, 

it will contribute to a false increase in VDP. Previously, this problem was addressed by 

Tustison et al. (141), who segmented the vasculature directly from HP 3He ventilation 

images. However, given that HP 129Xe MRI exhibits somewhat lower SNR and spatial 

resolution than 3He, we elected to extract the vasculature from the proton image (Figure 

6a). After segmenting the thoracic cavity mask from the proton image, the holes inside 

the mask were morphologically closed (Figure 6b). Next, the vasculature was segmented 

from the thoracic cavity image by applying the vessel-enhancing algorithm first 

introduced by Frangi et al. (120), using a routine written in MATLAB. This approach 

exploits three properties of the vessel-like structure: intensity difference, tubular shape, 

and tree-like structure to indicate bifurcation and connectedness.  



 

49 

This ‘Vesselness’ filtering algorithm begins by calculating the Hessian matrix of a 

given image convoluted with a Gaussian kernel applied at a range of manually adjusted 

spatial scales. At each spatial scale , tubular structures are detected within the 3D 

volume, by calculating three eigenvalues from the Hessian matrix. In a vessel, one of 

these values will be small (1), while the other two (2, 3) are large and of equal sign. 

These conditions indicate that a particular pixel belongs to the vessel tree under 

consideration. Meanwhile, the eigenvector u1 defines the direction along the vessel 

while the other two eigenvectors (u2, u3) form the orthogonal plane of the vessel. In this 

way, different vessel sizes will be detected at their corresponding scales. Therefore, the 

vasculature was detected and removed to establish a corrected mask (Figure 6d) that 

preserves the maximum possible 129Xe image volume for quantitative analysis. 

3.1.2.2.3.3 Retrospective bias field correction 

Because our images were acquired with a flexible vest coil, the resulting RF field 

across the chest cavity is not completely homogeneous. This results in application of 

slightly varying flip angles and coil sensitivities across the field of view, and manifests 

itself as a slowly varying bias-field or inhomogeneity (142, 143). Here, we use the N4ITK 

retrospective bias-field correction in ANTS (Advanced Normalization Tools; 

http://picsl.upenn.edu/ANTS/), which Tustison et al. first introduced and applied to HP 

3He MRI (143, 144). This method assumes a spatially smooth and slowly varying 

intensity bias across the image, and estimates it using a B-spline approximation, which is 

iteratively adapted to correct the resulting images. 

http://picsl.upenn.edu/ANTS/
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3.1.2.3 Statistical Methods 

All statistical analysis were performed using JMP 11 (SAS Institute Inc., Cary, 

NC). The relationship between VDP calculated by seeded region-growing, linear-

binning, and expert reader scoring (45) was determined using linear regression analysis 

and Pearson correlation coefficients (r). A Bland-Altman analysis was employed to test 

for systematic differences between methods. To evaluate the ability of the various 

segmentation methods to reveal significant differences between groups, the one-way 

analysis of variance (ANOVA) test was employed. For all correlations and comparisons, 

the level of significance was 5% (P < .05).  

3.1.3 Results 

3.1.3.1 Linear-binning Histogram Scaling 

Figure 7 illustrates the importance of correctly handling the high-intensity “tail” 

(Figure 7d) in the 129Xe intensity histogram prior to rescaling to the range of 0-1. A 

previous approach we had suggested (45) was to divide all intensities the average of the 

top 5% of values. As illustrated in Figure 7e, this scaling does reduce the tail, but does 

not completely remove it. The rescaled histogram is still significantly weighted towards 

low-intensity values and the resulting maps significantly overestimate the number of 

pixels belonging to the defect and low-intensity clusters, while underestimating normal 

lung volumes and exhibiting no high-intensity values (Figure 7b). By instead rescaling 

by the 99th percentile of the cumulative distribution, the high-intensity tail is effectively 

removed and the scaled histogram now encompasses the full range from 0–1, with the 

bulk of the distribution falling near the middle of the rage (Figure 7f). The resulting 
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binning maps now better reflect reader perception and highlight not just ventilation 

defects, but also yield a majority of “normal” intensity pixels, while appropriately 

visualizing the low- and high-intensity clusters.  

 

Figure 7. 129Xe histogram re-scaling.: most images have a high-intensity “tail” that must 

be removed in order for rescaling to be effective. When this is done simply by dividing 

all intensities by their top 5%, the tail is only partially removed (e), and resulting 

binning maps over-estimate the low-intensity bins (b). By instead scaling all 129Xe 

intensity pixels by the 99th percentile of the 129Xe intensity cumulative distribution 

function (CDF), the tail is effectively removed (f) and associated binning maps are more 

reproducible and more consistent with reader perception (c). 

3.1.3.2 Vesselness Filter 

Figure 8 shows the different approaches for incorporating the effects of 

pulmonary vasculature to create the thoracic cavity mask. As shown in Figure 8a-b, this 

healthy volunteer exhibits homogeneous ventilation throughout the lung, except for 

those regions containing significant pulmonary vasculature. As shown in Figure 8c, the 
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first-pass segmentation of the thoracic cavity by seeded region-growing does exclude 

this vasculature from the mask but when this mask is applied to the 129Xe ventilation 

image in Figure 8d, it clearly removes too much of the lung from the analysis. This 

problem can be somewhat diminished by using a morphological closing operation (45) 

as in Figure 8e, but this still removes too much of the mask near the large vasculature, 

and completely eliminates the smaller vessels from the mask. In doing so, the regions 

where 129Xe signal is excluded by the smaller vessels, will be erroneously counted as 

ventilation defects. We estimate this vasculature to contributes an exclusionary volume 

of about 0.25  0.18 L to the thoracic cavity, and if not accounted for, will cause VDP to 

be overestimated by 2–6%. As shown in Figure 8g-h, this vasculature is well represented 

in the refined mask that includes the vesselness filter and thereby maximizes the volume 

of lung that can be analyzed, while excluding regions of the lung mask where 

vasculature truly excludes 129Xe signal.  
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Figure 8. Tuning of the thoracic cavity mask to account for the pulmonary 

vasculature.(c) Thoracic cavity mask after initial segmentation (e) Mask after simple 

morphological closing, which overestimates the large vessels, while ignoring smaller 

vasculature (g) mask after application of ‘vesselness’ filter. (d.f.h) shows the union of 

each iteration of the thoracic cavity mask with the 129Xe image. The vasculature-

corrected mask preserves maximum 129Xe image volume for quantitative analysis.  
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3.1.3.3 Bias Field Correction 

 

Figure 9. Bias-field correction.: Column 1 shows ventilation images from two subjects 

(coronal and axial views) prior to retrospective bias correction algorithm. Column 2 

depicts the estimated bias-fields in both orientation (shown as a maximum intensity 

projection). Column 3 shows the 129Xe images after bias-field correction.  

Figure 9 shows the effects of correcting for the bias field imposed by the high-

sensitivity, but flexible vest coil. Note in subject 1, the high signal intensity appearing in 

the lower left lung. This high-intensity region appears to be caused by a small patch of 

very high coil sensitivity that was 2.5 higher than the mean. Upon removing this bias 

field, this region now matches the ventilation of the surrounding regions. Overall this 
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subject showed a range of bias fields that contributed between -20% and +150% above 

the mean, although bias-field correction ranged from a more modest –20% to +20% over 

most of the image. As illustrated by subject 2, the bias-field is observed most strongly 

near the anterior and posterior chest walls, close to where the 4 coil elements are present 

in this flexible coil.  

3.1.3.4 Seeded Region-growing and Linear-binning Clustering Measurements 

All images (n = 24) that had previously undergone seeded region-growing 

segmentation (45) were also successfully segmented by the corrected linear-binning 

clustering methods described here. Figure 10 shows three sample datasets from a 35-yr-

old healthy volunteer, a 65-yr-old age-matched control, and a 73-yr-old COPD subject. 

The healthy volunteer exhibits homogeneous ventilation in most lung regions, with the 

exception of lower signal intensities seen in the apex and peripheral regions of the lung. 

This subject shows very few low-intensity or high-intensity clusters, and thus seeded 

region growing and linear-binning agree well. The analysis becomes more nuanced with 

the age-matched control. Again both methods appear to accurately depict the clearly 

visible small ventilation defects, primarily located in the periphery of the lung. 

However, in this case, linear-binning now also depicts significant areas of low intensity 

(19.9% by volume in this subject), as well as some high intensity (6.9% by volume), 

primarily in periphery and apex of the lungs. Finally, in the COPD subject, linear-

binning identifies a significantly larger ventilation defect percentage than region 

growing. The higher VDP is actually in closer accordance with expert scoring. As with 
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the age-matched control subject, linear-binning also identifies significant regions of both 

low and high intensity. 

 

Figure 10. Ventilation images with associated reader-based scores, and ventilation 

maps generated by the seeded region growing and corrected linear-binning methods. 

Shown here are representative cases of a healthy volunteer, an age-matched control, 

and a COPD subject.  
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Figure 11. Ventilation defect measurements for healthy volunteers, age-matched 

controls, and COPD subjects obtained by expert reader scores, seeded region growing, 

and linear-binning. 

As shown in Figure 11, all three methods of image quantification (VDS%, region-

growing VDP, and linear-binning VDP), showed significant differences in ventilation 

defect levels between the three groups (p<0.0001, one-way Anova; see Table 1). All three 

methods separated AMC from COPD (p<0.0001), as well as HV from COPD (p<0.0001), 

but none differentiated AMC from HV in this small sample. In HVs, reader scoring 

showed the greatest dispersion across subjects, while region growing provided tightly 

clustered, low VDP values. Compared to region growing, linear-binning generated a 

slightly higher mean VDP in the HVs, where subtle defects predominate. In AMCs, all 

three methods reported a generally higher VDP, and the differences between methods 

were similar to what was seen in HVs. Region-growing reported lower VDP and less 

variance than expert reader scoring, while linear-binning appeared to split the 

difference. The differences between methods were most apparent in the COPD group, 
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where region growing generated a lower VDP than the other methods, while linear-

binning results were more closely aligned with expert reader scoring.  

Table 2. Mean values (standard deviation) of ventilation defect score percentage 

(VDS%) and 129Xe cluster percentage measurements using region-growing and linear-

binning 

 

 

Unlike reader scoring and region-growing, which provide only defect scores and 

percentages, linear-binning also reveals and reports on the distribution of low, medium 

and high-intensity regions. The low-intensity cluster was significantly different between 

HVs and COPD subjects, but did not separate HVs from AMCs, nor AMCs from COPD 

subjects. The normal cluster was significantly different between all groups (p<0.0001, 

one-way Anova), with COPD subjects having a normal fraction of only 32.7  14.2% 

(range: 14.0- 48.6%), compared to 65.9  11.8% for AMCs (p<0.0001) and 70.9  4.7% for 

HVs (p<0.0001). Interestingly, the percentage of high-intensity voxels was greatest for 

the HVs for whom it comprised 8.73  1.28% of their volume, compared to 7.90  3.36% 

for AMCs (p=0.0017) and only 3.92  1.37% for COPD (p=0.0003). 

Parameter 
HV  

(n = 8) 

AMC  

(n = 8) 

COPD  

(n = 8) 

HV, 

AMC 

AMC, 

COPD 

HV, 

COPD 

 Mean values  standard deviation P values 

VDS% (%) 3.65  6.07 13.0210.31 47.14  11.93 0.068 <.0001* <.0001* 

Seeded region growing 

VDP (%) 2.41  2.55 7.775.27 24.68  7.59 0.066 <.0001* <.0001* 

Linear binning method 

VDP (%) 4.242.91 10.296.96 40.45  15.40 0.135 <.0001* <.0001* 

Hypo (%) 16.163.76 15.94 8.32 22.95  7.07 0.947 0.055 0.048* 

Normal (%) 70.874.73 65.8711.76 32.69  14.21 0.373 <.0001* <.0001* 

Hyper (%) 8.73  1.28 7.90  3.36 3.92  1.37 0.463 0.0017* 0.0003* 

HV: healthy volunteer; AMC: age-matched control; COPD: chronic obstructive 

pulmonary disease. *Statistically significant 
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3.1.3.5 Correlations and Bland-Altman Analysis 

 

Figure 12. Correlation of the expert reader-based VDS% with VDP calculated 

using the seeded region-growing and linear-binning methods.  

Figure 12 shows correlation and Bland-Altman plots comparing seeded region 

growing- and linear-binning-derived ventilation defect percentage (VDP) to expert 

reader ventilation defect scores (VDS%). Both region growing and binning correlated 

significantly with reader scores. For region growing the correlation to expert readers 

was R2 = 0.928 (p<0.0001), while linear-binning provided a similar correlation (R2 =0.934). 

However, Bland-Altman analysis shows that region growing provided a consistently 

lower defect percentage than readers, with biases ranging from –5% to 30%, and 

trending towards greater differences at the highest defect percentages. Meanwhile, a 
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similar Bland-Altman analysis comparing linear-binning-derived VDP to expert reader 

VDS, still shows some significant biases between the methods, but there is no longer a 

clear trend. Moreover, biases between VDS% and linear-binning VDP were considerably 

smaller and ranged from only -10% to 15%. 

3.1.4 Discussion 

3.1.4.1 Advantages of the Corrected Linear-binning Method 

The corrected linear-binning method provides an elegant way to quantify and 

visualize ventilation defects and has the capability of highlighting subtle features of 

ventilation that could be missed by the simple binary classification resulting from 

seeded region growing. Moreover, linear-binning mitigates the subjective elements of 

the analysis caused by intra- and inter-observer bias while providing a substantial 

throughput improvement. The only user intervention in the process is initialization and 

supervision of the 1H segmentation. Moreover, this workflow is naturally amenable to 

applying corrections for B1 inhomogeneity associated with flexible coils, to correct 

slowly varying regions of non-physiological low-intensity or high-intensity. Although 

the importance of such a correction was noted by Tustison et al (141), they are not yet 

widely practiced in the HP gas MRI literature. Moreover, we have further refined the 

analysis by more carefully accounting for the role of vasculature in the thoracic cavity, 

which we estimate could lead to a false 2 to 6% increase in VDP if not properly removed 

from the thoracic cavity mask. In aggregate, this analysis method should significantly 

expand our ability to mine information from 129Xe ventilation images.  



 

61 

3.1.4.2 Comparison of Reader-based Scoring, Seeded Region Growing and Linear-

binning Methods 

As was previously noted for the case of seeded region growing, VDP calculated 

by corrected linear-binning also correlated exceptionally well with expert reader VDS% 

(R2 = 0.934, p<0.0001). However, a key difference between the two segmentation 

methods is revealed by Bland-Altman analysis showing that region-growing VDP 

exhibits a systematic bias towards lower defect percentages relative to reader VDS%. 

This is likely because region-growing segments the ventilation image without including 

thoracic cavity mask information. In this case some background noise voxels in the 

ventilation image may share the same intensity as some less-ventilated regions within 

the lung. This requires the user to select a somewhat lower threshold in order to 

segment only those voxels perceived to lie within the lung, without inadvertently 

‘growing’ to the background. This has the effect of excluding some poorly ventilated 

voxels in the lung periphery. Of course, linear-binning does not suffer the same 

problem, because the analysis is already confined to the thoracic cavity mask and does 

not require region growing.  This may explain why linear-binning and associated re-

scaling of the histogram generate VDP values that more closely resemble the 

interpretation of expert readers who make this calculation intuitively. Thus, linear-

binning not only correlated well with VDS%, but also provided defect percentages of 

similar magnitude.  
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Figure 13. Examples of slight discordance between reader scoring and binning. Subject 

1 depicts a healthy volunteer appearing to have no clear defects, but when viewed in 

the context of the registered thoracic cavity, shows clear ventilation defect and low-

intensity primarily in the apex of the right lung. The second row shows images of an 

age-matched control with a somewhat tortuous thoracic cavity, which may have caused 

readers to assign a higher VDS% of 16.667%. However, binning analysis, which 

incorporates the tortuous thoracic cavity shows mostly normal ventilation.  

It is interesting to single out and more carefully consider some cases in which 

reader VDS% and linear-binning VDP did not agree perfectly. As seen in Figure 10, 

there were several subjects who received a reader score with VDS% = 0%, while linear-

binning identified a non-zero VDP. It is certainly possible that the binning method could 

over-estimate ventilation defects if there is a small degree of mis-registration between 

the thoracic cavity and 129Xe image. However, it is also conceivable, as suggested by 

Virgincar et al., (45), that readers tend to ignore ventilation defects if they comprise less 

than 2% of the total volume, whereas the linear-binning method and seeded region 

growing method consider every voxel within the thoracic cavity independently, 
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regardless of the context. But perhaps a more interesting interpretation is provided in 

Figure 13, where the top row shows a healthy volunteer who received a score of VDS% = 

0. Indeed, based on viewing purely the grey-scale information, this image appears fully 

homogeneous. However, when the registered thoracic cavity is also included, the linear-

binning technique makes apparent a thin rind of ventilation defect (VDP=8.44%) and 

low-ventilated lung (13.5%) primarily in the apex of the right lung. Hence, in this 

situation, the additional context provided by the thoracic cavity reveals ventilation 

defects and hypoventilation that is not readily apparent when viewing the gray-scale 

image in isolation. 

A second example of discordance between expert reader and linear-binning is 

shown in the bottom of Figure 14. In this case, the reader ventilation defect score is 

16.67%, whereas binning assigned a lower ventilation defect percentage of 6.65%. In fact, 

this 74-yr-old AMC had a somewhat tortuous thoracic cavity that resulted in a 

somewhat jagged looking ventilation image. However, when this thoracic cavity is 

incorporated into the VDP calculated by binning, the defect percentage is quite modest, 

and significantly lower than the reader score. These two examples, thus illustrate that 

accurate incorporation of the thoracic cavity mask is critical for both avoiding under- 

and overestimation of ventilation defects. 

Having established that linear-binning VDP correlates well with expert reader 

scoring, and that minor differences between the two, may be more attributable to slight 

inaccuracies in the way readers estimate the thoracic cavity, it is useful to consider the 

value of clusters beyond the ventilation defect percentage. For example, in healthy 
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volunteers and AMCs, there is a clear tendency towards detecting hypoventilation in the 

peripheral lung. Such regions may be associated with aging-related airway closure. 

Similarly, the corrected binning reveals significant regions of hyperintense signal in the 

HV and AMC. The physiological interpretation of these clusters is not yet apparent, but 

clearly provides another possible metric for study. Note that we have elected to consider 

only 4 levels of ventilation in this analysis; the method can be easily extended to any 

number of intensities. The utility of this extension will have to be determined by 

scanning greater numbers of subjects with wider ranges of disease. However, it is 

conceivable that careful analysis of these additional clusters would provide insights into 

different COPD phenotypes or be predictive of exacerbations. 

3.1.4.3 Study Limitations 

Although the results of this analysis method are encouraging, the study did have 

some limitations. First, since the thoracic cavity and ventilation images were obtained 

during different breath-holds, body movement, and lung volume differences could 

create difficulties in registering the two images. Thus, there may be benefit in 

simultaneously acquiring the 1H thoracic cavity image and the HP gas ventilation image 

within a single breath-hold, as described by Wild et al. (145). Such an approach should 

largely obviate the need for registration, or at least greatly reduce the degree of image 

warping required. However, we do note, that no significant registration issues were 

encountered in this work.  

Further, it should be noted that binning thresholds of 0.2, 0.4, and 0.8 used to 

divide the scaled ventilation intensity histograms into clusters were based on qualitative 
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visual assessment. It is conceivable that further refinement of these thresholds could 

hold further benefit. Furthermore, it should be noted that our cluster segmentation was 

based entirely on intensities and did not exploit spatial contextual information. Future 

work may incorporate such information as done, for example, in the Atropos software 

package introduced by Tustison et al. (141). Finally, the bias-field correction algorithm 

we introduced to correct B1 inhomogeneity, while providing reasonable corrections to 

the images in locations that are consistent with known coil architecture, are derived 

primarily from the brain MRI literature where segmentation of the gray and white 

matter, as well as the cerebrospinal fluid are also incorporated (146). Clearly, such steps 

are not applicable for lung MRI, and therefore the method was modified by Tustison et 

al. (147) to enable correction of 3He MRI. However, further work is needed to ensure that 

such corrections do not inadvertently remove physiologically important contributions to 

intensity nonuniformity, such as posture-related ventilation gradients (42). We intend to 

pursue phantom studies to further investigate and document the validity of such bias 

field corrections in a simple system with no known physiological gradients.  

3.1.5 Conclusions 

This study demonstrated the feasibility of using corrected linear-binning analysis of 

129Xe MRI to visualize and quantify regional ventilation in healthy volunteers, age-

matched controls, and COPD patients. The resulting defect percentages correlated 

exceptionally well and were of similar magnitude to expert reader scores, suggesting 

that linear-binning closely follows expert reader observations. Moreover, the optimized 

linear binning method objectively generates 6 bin maps, which presents a novel way to 
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more comprehensively analyze the ventilation distribution and holds significant 

promise for more sensitively detecting ventilation abnormalities under a variety of 

baseline conditions and stimuli. This analysis method has the sensitivity to detect 

regional changes and heterogeneity in ventilation, even when spirometry dose not. 

While demonstrated here for patients with COPD, this quantitative technique is likely to 

be equally applicable to visualization and quantification of 129Xe MRI in a broad variety 

of pulmonary diseases. 

3.2 Investigating Repeatability of Ventilation Defect Percentage 
Calculation by Comparing with Pulmonary Function Tests in 

Patients with Asthma 

3.2.1 Motivation 

Pulmonary function tests (PFTs) have a broad variation with age, standing 

height, sex, and ethnic group. In addition to being highly variable, PFTs also cannot 

depict regional ventilation, nor its heterogeneity. Although 129Xe ventilation MRI 

demonstrates a way to visualize regional ventilation, there are no studies further 

investigating obstructive patterns in asthma with 129Xe MRI or the repeatability of the 

ventilation defect percentage calculation. As the linear binning method, introduced 

earlier in Chapter 3.1, demonstrates a robust way to quantify ventilation defect 

percentage for 129Xe ventilation MRI. In here, we sought to investigate and compare the 

reproducibility of ventilation defect percentage derived from the linear binning method 

and the traditional lung function metrics in an asthmatic cohort. 
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3.2.2 Material and Methods 

3.2.2.1 Subjects  

Between January 2012 and March 2014, 30 subjects were prospectively recruited 

for this study (20 asthmatics, 10 age-matched healthy controls). Both study populations 

were matched for gender, asthma medication use, and percent predicted forced 

expiratory volume (FEV1%). Asthma was confirmed with a methacholine challenge test 

according to American Thoracic Society (ATS) guidelines. The population was further 

stratified by age to young (18–35 years; n = 9) and older (55–75 years; n = 10) asthmatics, 

and included 5 age-matched healthy subjects for each age group. All subjects underwent 

repeated PFTs and MRI scans. 

3.2.2.2 Acquisition and Image Analysis   

Subjects underwent two multi-slice GRE 129Xe ventilation MRI scans in the 

supine position, ten minutes apart, using 1-liter of total gas volume, comprised of 0.5–1 

liters of HP 129Xe, mixed with N2 buffer gas. Prior to these two ventilation scans, 

matching anatomical scan was acquired to enable further quantification.   

For each 129Xe MRI scan, VDP was calculated using the linear binning 

approached described in Chapter 3.1. Prior to statistical analysis, the HP 129Xe 

ventilation images and the corresponding binning maps were reviewed in consensus by 

two readers (blinded to the review process, with 6 and 10 years of experience in chest 

imaging) to verify that image quality was suitable. Image quality was determined to be 

inadequate for further analysis if the images exhibited extensive coil shading or 

insufficient signal to noise to undergo binning analysis. 
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3.2.2.3 Statistical Analysis 

Statistical analysis was performed using JMP 12 (SAS Institute Inc., Cary, NC). 

Correlation between VDP and pulmonary function tests was evaluated using the 

Pearson’s correlation coefficient (r). Reproducibility of VDP over the two consecutive 

scans was assessed using linear regression, intra-class correlation coefficient (ICC), 

concordance correlation coefficient (CCC), as well as by Bland-Altman analysis. Results 

were considered statistically significant with P<.05. 

3.2.3 Repeatability of HP 129Xe VDP and PFTs 

 

Figure 14. Linear regression and Bland-Altman plots for the two repeated measures of 

VDP and FEV1%.Linear regression plots showed high agreement between the two 

scans for VDP (R2=0.976), and slightly lower for FEV1% (R2=0.879). Solid lines indicate 

the least squared fit. Bland-Altman analysis yielded a bias  SD of -0.88  1.52 for VDP, 

and -0.33  7.18 for FEV1. Solid line indicates the mean difference and dotted lines 

indicate the standard deviation about this mean.  
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The repeatability of VDP proved to be excellent with ICC = 0.977 and CCC = 

0.976 between the two MR scans. Figure 14 additionally shows results of linear 

regression and Bland Altman analysis for VDP. Linear regression yielded an excellent 

least squares fit for VDP with R2 = 0.976 (P < 0.001). Bland-Altman analysis depicted a 

small bias (±SD) in VDP of −0.88±1.52, which is largely driven by two subjects who had a 

difference of ~4% between the two scans. In contrast, the variability in FEV1% at 1 week 

was ±183 ml (7.18%) across the subject population, which is well illustrated by the 

Bland-Altman plot for FEV1%.  

3.2.4 VDP Calculated from 129Xe MRI is a Reproducible Markers of 
Airway Obstruction 

The high degree of variability of FEV1% confounds the clinical value of PFTs. By 

comparison, the high repeatability observed with HP 129Xe MRI has the potential to 

mitigate the variability impacting PFTs. In this study, we evaluated the repeatability of 

HP 129Xe MRI by conducting short-term follow-up scans. The Bland-Altman analysis 

yielded only a minimal variation of ±1.52%, whereas the variability of FEV1% was found 

to be ±7.18%. Although the time between FEV1 measurements was considerably longer 

than for HP 129Xe MRI, such variability is consistent with the known short-term 

variability of FEV1%. In combination that HP 129Xe VDP and PFTs are significantly 

correlated, the measures of VDP with HP 129Xe ventilation MRI can be clinically 

leveraged in monitoring ventilation changes in patients with mild to moderate asthma-

related diseases.  
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3.3 Extending Hyperpolarized 129Xe MRI Quantification to the 
Whole Ventilation Distribution with Objective Classification 

3.3.1 The Importance of Exploiting the Whole Ventilation Distribution 

The understanding of 129Xe ventilation MRI quantification has yet to fully 

embrace the entire pulmonary ventilation distribution. Most methods, although classify 

ventilation distribution into multiple clusters, have mostly focused on reporting and 

interpreting the ventilation defect percentage (VDP). This is primarily due to the 

subjective choice of classification clusters and the lack of connection between a 

quantification result to a healthy reference. Here, we present a novel approach to 

analyzing 129Xe MRI scans that combines image histogram characterization and linear 

binning maps to more comprehensively map and quantify the underlying distribution of 

pulmonary ventilation. We illustrate its utility by detecting abnormalities in the scans 

from older normal subjects with normal spirometry. We subsequently characterize 

ventilation distribution differences in older and younger asthmatics and illustrate how 

they are altered by bronchodilator therapy.  

3.3.2 Methods 

3.3.2.1 Subjects 

We recruited 12 healthy young (18–30 years old) and 10 healthy older (50–70 years old) 

individuals who were nonsmokers, with FEV1 >  85% according to ethnically 

appropriate reference tables and FEV1/FVC >  0.7. We also recruited 9 younger (18–30 

years old) and 10 older (50–70 years old) patients with mild intermittent asthma. 
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3.3.2.2 Image Analysis 

We applied two additional technical extensions to the previously established 

linear binning method introduced in Chapter 3.1. We now retain signal from the major 

airways prior to histogram rescaling, but remove them prior to quantitative reporting; 

these airways replenish fully with each breath and contribute the top percentile of 

intensities. Furthermore, we erode the thoracic cavity mask by 1 pixel to minimize false 

defects near the lung borders. 

3.2.2.2.3 Method 3: Updated segmentation using the whole ventilation distribution 

 

Figure 15. The workflow for the linear binning method. (a) 129Xe MRI as acquired. (b) 

after correction for B1 inhomogeneity. (c) 1H thoracic cavity image registered to 129Xe 

MRI. (d) Detection of vascular structures within the 1H image. (e) Segmentation and 1 

pixel erosion to create a thoracic cavity mask with vascular structures removed, (f) 

histogram of 129Xe intensities within the mask, (f) 129Xe histogram after rescaling by the 

top percentile of all intensities. (h) Binning map generated after applying thresholds. 

To establish an unbiased reference distribution we first characterized the 

averaged rescaled 129Xe intensity histograms from healthy young volunteers. Of these 12 
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younger volunteers scanned, images from 10 were deemed to exhibit no ventilation 

defects by visual inspection. From these subjects, an averaged rescaled intensity 

histogram was generated, and its mean and standard deviation (SD) were used to define 

the threshold intensities for the ensuing 6-bin maps. The mean of this distribution 

defined the boundary between bins 3 and 4, which were classified as the normally 

ventilated regions. Each bin was assigned a width of 1 SD. The lowest intensity bin was 

identified as the ventilation defect region (VDR), followed by the low ventilation region 

(LVR), while the highest two bins were combined to form the high ventilation region 

(HVR). These same definitions were then used to analyze all subsequent images by 

classifying each pixel into one of the 6 bins. In addition, the coefficient of variation (CV) 

of each rescaled distribution was calculated by taking the ratio of its SD to its mean. 

Each image was then displayed in its original grey-scale, as a 6-bin color map, and with 

its associated histogram depicting the rescaled intensity distribution relative to that of 

the young healthy reference population.  

3.3.2.3 Statistical Methods 

Pulmonary function tests and binning map quantification were tested for 

significant differences between age and asthmatic groups using a one-tailed Student’s t-

test. This approach was justified given that previous 3He literature had shown that 

ventilation defects increase and lung function declines as age increases (148). The 

skewness of the distribution was assessed by Pearson’s moment coefficient of skewness. 

Differences were considered significant when the probability of a type 1 error was 0.05 
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or less. All statistical analyses were performed using JMP 11 (SAS Institute Inc., Cary, 

NC).  

3.3.3 Results 

3.3.3.1 Study Population 

After excluding two healthy subjects with ventilation defects, the study included 

10 younger healthy subjects (age: 24.7 ±  5.2 years, FEV1: 103.9 ±  13.3% predicted), 10 

older healthy subjects (age: 62.2 ±  7.2 years, FEV1: 97.7 ±  13.9% predicted), 9 younger 

asthmatics (age: 25.9 ±  6.4 years, FEV1: 84.3 ±  16.3 predicted), and 10 older asthmatics 

(age: 63.2 ±  6.1 years, FEV1: 79.5 ±  22.4 predicted). 

3.3.3.2 Establishing the Healthy Reference Distribution 

 

Figure 16. Establishing the healthy reference distribution. (A) Rescaled ventilation 

distribution for the 10 young normal individuals. (B) Average distribution for the 10 

subjects has a mean of 0.52 and SD of 0.18. This was used to define the thresholds and 

widths of 6 bins used to quantify and map the ventilation distribution. 
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The rescaled 129Xe ventilation distributions for each of the healthy young 

individuals are shown in Figure 16; each exhibited a nearly Gaussian shape and when all 

10 were combined, the distribution had a mean of 0.52 and SD of 0.18. These parameters 

generated thresholds for the binning maps of 0.16, 0.34, 0.52, 0.70 and 0.88. When these 

thresholds were applied to the healthy younger subject population, they exhibited 

volume fractions of VDR=2.1±1.3%, LVR=15.6±5.4% and HVR=17.4±3.1%. For these 

young healthy volunteers, the average skewness of the ventilation distribution was 

0.0±0.1 and its CV was 0.37±0.04. 

3.3.3.3 Effects of Age 

Figure 17A compares the images, binning maps and distribution histograms of a 

27-year-old healthy subject with FEV1=86% (Using south Asian reference table (149)) to 

those of a 58-year-old healthy subject with FEV1=102%. The healthy younger subject 

exhibits a relatively homogenous ventilation distribution with the bulk of the voxels 

falling within the central green bins and some intensity in the HDR region. VDR and 

LVR (red and orange bins) were similar to reference, and CV was 0.31. By contrast, the 

older subject, despite having normal FEV1, exhibits elevated VDR (9.4%) and LVR 

(32.2%) visually, as well as increased CV of 0.50. As shown in Figure 18B, this older 

control exhibited a right-skewed distribution (skewness=0.47) histogram relative to the 

reference population. 
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Figure 17. Examples of 129Xe-derived ventilation distributions in a younger and older 

normal subject. (A) In a 27-year-old healthy subject with FEV1of 86%, the 129Xe 

ventilation image shows very few ventilation defects. The associated histogram is 

similar to that of normal young controls, with mean of 0.54 and SD of 0.18.  (B) In a 58-

year-old healthy subject with FEV1 of 102%, the ventilation image shows areas of 

ventilation defects (red) and low ventilation (orange). The associated ventilation 

histogram shifted towards lower values compared to that of normal young controls, 

with a mean of 0.40 and SD of 0.20. 
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Figure 18. Comparison of ventilation distribution parameters between the younger and 

the older control groups. (A) Ventilation distribution histogram from the older control 

(OC) group (red) is overlaid with that from the young control (YC) group (blue). The 

ventilation distribution in the older healthy subjects shifted towards lower values 

compared to the younger group. (B) Comparison of ventilation distribution parameters 

between the young and the old groups shows significant differences for all parameters 

except HVR. (*- indicates p ≤ 0.05.) 

As seen in Figure 19, the aggregate ventilation distribution in the older healthy 

subjects was right-skewed (skewness=0.36) compared to the younger group, resulting in 

a significantly lower mean value (0.46±0.08, p=0.034), and a significantly increased SD 

(0.20±0.01, p=0.017). As a result, this group exhibited a significantly increased VDR 

(7.0±4.8%, p=0.0076) and LVR (24.5±11.5%, p=0.025) compared to the younger normal 

reference group. The increased fractions of VDR and LVR appear to have depleted the 

populations of the two middle bins, while HVR remained close to reference (14.7±7.5%, 

p=0.20). In this older population, the higher SD, and lower mean of the ventilation 

distribution also caused heterogeneity to increase, as reflected by a significantly higher 

CV (0.45±0.09, p=0.014). 
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3.3.3.4 Ventilation Distribution in Older and Younger Asthmatics 

 

Figure 19. Representative ventilation distributions in a younger and older asthma 

subject. (A) The younger asthma subject with FEV1 of 76% exhibits a ventilation image 

with very few ventilation defects. The associated histogram is similar to that of normal 

young controls. (B) The older asthma subject with FEV1 of 53% has a ventilation image 

with significant areas of ventilation defects (red) and low ventilation (orange). The 

associated ventilation histogram was significantly right-skewed compared to that of 

normal young controls. 

Figure 19 shows representative grey-scale images, 6-bin maps and ventilation 

distribution histograms for a 36-year-old asthmatic with FEV1=76% and a 68-year-old 

asthmatic with FEV1=53%. For this example, the younger subject exhibits no significant 

ventilation defects (VDR=2.1%), and a relatively high fraction of HVR (24.1%). By 

contrast, the older asthmatic subject exhibits more ventilation defects (VDR=14.0%), and 

a significantly diminished HVR (9.3%). As shown in Figure 19A, this young asthmatic 

had a distribution histogram that was similar, and even slightly left-skewed (skewness=-
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0.1) relative to the reference population. By contrast, in the older asthmatic the 

histogram was right-skewed (skewness=0.56), with substantial depletion of the higher 

intensity bins (Figure 22B). 

 

Figure 20. Comparison of ventilation distributions between the younger and the older 

asthma groups. (A) Ventilation distribution histogram from the older asthma (OA) 

group (red) is overlaid with that from the younger asthma (YA) group (blue). In the 

older asthma group the distribution is shifted towards lower values compared to the 

younger asthmatics. (B) Comparison of ventilation distribution parameters between 

the younger and the older asthma groups shows significant differences in all 

parameters * p ≤ 0.05. 

Comparing the younger and older asthmatic groups (Figure 20) reveals not only 

that, in the older asthmatics VDR (11.4±9.4%, p=0.02) and LVR (20.2±6.7%, p=0.016) are 

increased, but also that HVR is significantly diminished (13.5±4.6%, p=0.009). As was the 

case for older healthy subjects, aging in asthma caused heterogeneity to increase 

(Skewness=0.06 for younger asthmatics and 0.32 for older asthmatics), resulting in an 

elevated SD (0.21±0.02, p=0.049), CV (0.48±0.12, p=0.017) and a decreased mean 

(0.45±0.07, p=0.008) relative to younger asthmatics. 
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3.3.3.5 Differences between FEV1 and 129Xe MRI Ventilation Distribution 

 

Figure 21. Comparisons between FEV1 and 129Xe MRI-derived ventilation distribution 

in patients with asthma. (A) A patient with normal FEV1, but abnormal 129Xe MRI. (B) 

A patient with abnormal FEV1, but normal 129Xe MRI. (C) and (D) Two patients with 

moderate asthma with similarly low FEV1, but markedly different ventilation patterns. 

We subsequently used these methods of characterizing the 129Xe ventilation 

distribution to illustrate several individual cases in which 129Xe MRI and spirometry 

convey contrasting pictures of lung function. Shown in Figure 21 are cases of 4 

asthmatics - one with normal FEV1, but abnormal 129Xe MRI (Figure 21A), one with 

abnormal FEV1, but normal 129Xe MRI (Figure 21B), and two with moderate asthma 

(Figure 21C-D), who have similarly low FEV1, but radically different ventilation 

patterns. The 69-year-old asthmatic in Figure 21A, had FEV1=90%, but a ventilation 

distribution that was right-skewed from the reference distribution. This resulted in 

visible defects and increased VDR (10.4%). By contrast, the 19-year-old asthmatic in 

(Figure 21B) had FEV1=77%, but a ventilation distribution nearly identical to the 

reference curve. The subjects in Figures 21C and D had similar FEV1s of 59% and 53%; 
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however, their ventilation distributions bear little resemblance to one another. The 

subject in 21C exhibits a relatively homogenous ventilation distribution, with the bulk of 

the voxels falling within the central green bins. This subject exhibits only a slightly 

elevated VDR (7.9%) while LVR (18.7%) and HVR (15.5%) remained within the normal 

range. By contrast, the subject in 21D exhibits greatly elevated VDR (35.9%) and LVR 

(25.8%), while HVR is significantly diminished (5.7%). 

3.3.3.6 Ventilation Distribution Before and After Albuterol Treatment 

Quantitative 129Xe MRI can also be used to evaluate bronchodilator response in 

patients with normal FEV1. Figure 22 shows 129Xe MRI and the associated binning 

analysis in a patient with mild intermittent asthma (FEV1 = 86%) before and after 

bronchodilator administration. At baseline, the binning map exhibits high percentages 

of VDR (13.5%) and LVR (27.8%), especially in the right lower lobe, and somewhat lower 

than normal HVR of 11.5%. After 4 puffs of albuterol, the patient’s FEV1 increased by 

15% to 101% predicted (classifying them as a “responder”), and the binning map (Figure 

23B) showed a commensurate reduction in both VDR (2.4%) and LVR (15.2%), while 

HVR increased (17.2%). The associated histogram shifted to higher values and 

approached the healthy young control distribution. 
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Figure 22. Ventilation distribution in a patient with mild intermittent asthma who had 

positive bronchodilator response to albuterol based on FEV1 criteria. (A) The binning 

map (top) and histogram (bottom) before albuterol. (B) The binning map (top) and 

histogram (bottom) after albuterol showed decreased VDR and LVR, and a distribution 

matching that of young normal controls after bronchodilator. 

Figure 23 shows a second patient with mild intermittent asthma with FEV1 of 

90% predicted before albuterol. For this patient, the binning map at baseline (Figure 

23A) exhibited slightly elevated VDR (6.4%), and relatively normal LVR (15.5%) and 

HVR (18.2%). After albuterol treatment, there was no appreciable change in FEV1 (91% 

predicted or a “non-responder”). In this patient the 129Xe VDP decreased somewhat 

(from 6.4% to 3.2%), but LVR actually increased from 15.5% to 23.4% (Figure 23B). This 
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view is more easily grasped by evaluating the patient’s ventilation histograms, which 

paradoxically shifted towards lower values. 

 

Figure 23. Ventilation distribution in a patient with mild intermittent asthma who did 

not respond to albuterol based on FEV1 criteria. (A) The binning map (top) and 

histogram (bottom) before albuterol. (B) The binning map (top) and histogram (bottom) 

after albuterol. The ventilation distribution histogram after albuterol showed 

decreased VDR but increased LVR at the expense of normally ventilated regions. This 

may be the result of more normal airways dilating and redistributing ventilation. 

3.3.4 Clinical Importance of the Linear Binning Method 

3.3.4.1 Quantification Using Unbiased Thresholds 

Clinical application of 129Xe MRI requires accurate quantification and 

visualization of the ventilation abnormalities. In this method extension, we report initial 

results from this novel 129Xe MRI analysis approach that accounts not just for defects, but 

represents and quantifies the ventilation distribution in its entirety. The essence of the 
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method is to rescale the native 129Xe MR image intensities by their top percentile such 

that the distribution ranges from 0 to 1. Applying such rescaling to the 129Xe MRI scans 

from 10 healthy younger volunteers without visible ventilation defects revealed that 

their aggregate distribution was nearly Gaussian. From it, a mean and SD could be 

derived and used to define the thresholds and widths for 6 bins used to generate 

quantitative color maps. These maps, in turn permit both visualization and 

quantification of the regions containing absent, low, normal and high ventilation.  

Hierarchical K-means clustering method is another widely applied quantification 

method, which also extends the analysis beyond VDP in order to quantify the remaining 

aspects of the ventilation distribution (48). However, in our hands, we found the binning 

approach described here to involve fewer assumptions than K-means, which can be 

affected by the choice of initial centroids and number of clusters (150).  Moreover, the K-

means may not perform well in the case of unevenly sized or overlapping clusters (151). 

The binning approach also connects naturally to physiological principles and may 

therefore be more intuitive to practicing clinicians. 

3.3.4.2 Relating Linear Binning to Fractional Ventilation 

Using the methods outlined here, we found that young healthy individuals 

exhibit a narrow ventilation distribution. This agrees qualitatively with ventilation 

distributions measured by the multiple inert gas elimination technique (152), where the 

differential blood excretion of soluble inert gases is fit to a 50-compartment model. Our 

approach can also be loosely related to the imaging-derived calculations of fractional 

ventilation and specific ventilation. Fractional ventilation measures the turnover of gas 
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on a voxel-by-voxel basis, and typically requires inhalation or exhalation of multiple 

breaths (153), a series of image registration steps, and numerous corrections to account 

for polarization losses (154). Such methods were recently used by Horn with 3He MRI to 

estimate fractional ventilation distributions in 4 healthy subjects and reported 

r=0.25±0.11 (155). Similarly, Hamedani recently reported r=0.24±0.06 for 3He MRI (156). 

A closely related measure is specific ventilation (SV), which was measured by Sa, using 

oxygen-enhanced proton MRI in 8 healthy individuals to have a mean of 0.24-0.42 and 

an SD of 0.08-0.14 (157). Converting these averages to fractional ventilation using 

r=SV/(SV+1), yields r~0.25±0.10. Thus, it appears that the ventilation distribution with 

mean of 0.52±0.18 derived by our relatively simple, but robust rescaling approach, can 

be loosely related to more rigorous and technically challenging multi-breath measures of 

fractional ventilation, by a factor of ~0.5.  

3.3.4.3 Detecting Subtle Ventilation Changes 

The 6-bin analysis method proved capable of detecting subtle ventilation changes 

in older individuals who have normal spirometry. Similar age-related changes have 

been reported using hyperpolarized 3He MRI by Sheikh, who found ventilation defects 

in lung periphery in 39 of 52 elderly nonsmokers (158). Such defects can be understood 

in the context of the aging lung, which undergoes pathological changes, such as 

degeneration of small airways and loss of tissue support for peripheral airways. These, 

in turn, lead to increased ventilation heterogeneity and appearance of low VA/Q regions 

(158-160). In our analysis this is reflected in greater fractions of VDR and LVR that can 

be appreciated and explained by the right-skewing of the ventilation distribution in 
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older subjects. Such aging-related effects have also been reported by Cardus, who used 

MIGET to confirm that log SDv increases slightly with age (160). These age-specific 

physiological changes will need to be considered when interpreting ventilation 

distribution results from 129Xe MRI in older individuals.  

The 129Xe-derived ventilation distributions in younger and older asthmatics also 

exhibited significantly different character. While the greater fractions of VDR and LVR 

seen in older asthmatics is somewhat expected (161), a more striking finding was the 

significant reduction of HVR in the older vs. younger patients. HVR may correspond to 

part of the gravity-dependent regions of the lung that naturally receive more ventilation, 

or may represent regions of the lung that are subserved by collateral airways. Collateral 

ventilation is an important protective mechanism for minimizing ventilation-perfusion 

heterogeneity (162, 163). It has been shown using the stop-flow maneuvers by Kaminski, 

that asthma patients have more narrowing and closure of collateral airways and that 

closure that was sensitive to challenge with cool-dry air (164). Thus, narrowing of these 

airways in the older asthmatic patients could explain our observed decrease in HVR. 

However, the exact pathophysiological determinants relevance of VDR, LVR and HVR 

require further validation in additional pulmonary phenotypes. 

A third example demonstrating sensitivity of 129Xe MRI is given by its ability to 

detect ventilation abnormalities in mild asthmatics with normal spirometry. Normal 

PFTs in patients with mild intermittent asthma are not uncommon, indicating that this 

subgroup has fairly mild and well-controlled airway hyper-reactivity. In our study of 19 

asthmatics, 12 were asymptomatic with mild intermittent disease and normal FEV1, and 
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6 of them exhibited significant ventilation defects. Detecting such defects in 

asymptomatic individuals has precedent in 3He MRI, where Altes showed peripheral 

ventilation defects in 7 of 10 asthmatics whose FEV1 ranged from 62% to 126% predicted 

(39). Building on this, de Lange et al used 3He to study 58 patients with asthma but 

found no difference in ventilation defect score between patients with mild intermittent 

asthma and healthy subjects (32). It appears 129Xe may be more sensitive to the entire 

ventilation distribution than 3He, and analyzing it in its entirety yields insights beyond 

VDP. Similarly, 129Xe MRI revealed radically different ventilation distributions in 

patients with similarly low FEV1. This may indicate that the current categories of 

asthma could benefit from further stratification by ventilation distribution patterns. 

However, of the 12 mild intermittent asthmatics, 7 of them exhibited a ventilation 

distribution that was similar to our healthy reference cohort. This similarity and lack of 

obvious difference in quantitative metrics derived from the histogram, poses difficulties 

in separating intermittent asthmatics from controls. Further studies will be therefore 

needed to find signatures that discriminate these subjects, as well as to assess the 

robustness of this analysis methodology and how well it correlates with other clinical 

phenotypes (165). 

And finally, the sensitivity of 129Xe MRI provides insights into the way 

ventilation distribution changes in patients with mild intermittent asthma before and 

after albuterol treatment. In one asthmatic exhibiting a 15% improvement in FEV1 after 

albuterol, 129Xe MRI showed a ventilation distribution that shifted towards higher 

values, causing VDR and LVR to decrease while HVR increased. These changes were 
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consistent with bronchodilation at the narrowed (or more diseased) airways and thus 

move the “choke point” downstream (toward the mouth) (166). Such reversibility of 

ventilation defects has been previously visualized by 3He and 129Xe MRI in asthma 

patients who responded to bronchodilator (57, 167, 168). Unique to our study is 

illustration of an asthmatic with normal baseline FEV1, and no FEV1 response after 

bronchodilator use, where 129Xe MRI reveals substantial redistribution of ventilation. In 

this case, VDR was reduced, but this was accompanied by an increase in LVR, 

suggesting that bronchodilation may have also occurred in more normal (less affected) 

and distal airways. The changes, however, were insufficient to shift the choke point 

downstream (166). Thus, 129Xe MRI ventilation distribution may serve as a more 

sensitive endpoint for describing albuterol response than spirometry. 129Xe MRI could 

also be used to investigate the mechanisms for therapeutic response in patients with 

obstructive airway pathology. Because the technique is inherently non-invasive, it is 

well suited to repeat application on any desired time scale. Changes in ventilation 

distribution without changes in spirometry have been demonstrated when ventilation 

heterogeneity was quantified by more sensitive techniques, such as MBNW (169) and 

MIGET (167). Moreover, LCI derived from the MBNW test is the earliest measurement 

for small airway dysfunction in cystic fibrosis (170-172); Macleod et al (169) reported a 

significantly elevated LCI suggesting ventilation heterogeneity in asthmatic children 

compared to age matched healthy children. So far, although LCI was primarily applied 

to pediatric populations population (169, 173), it could be the most appropriate metric 

against which to compare 129Xe MRI in future studies.  



 

88 

In summary, the analysis of 129Xe MRI scans by histogram rescaling and 

objectively generated 6-bin maps represents a novel way to more comprehensively 

analyze the ventilation distribution and holds significant promise for more sensitively 

detecting ventilation abnormalities under a variety of baseline conditions and stimuli. 

This analysis method has the sensitivity to detect regional changes in ventilation, even 

when spirometry does not. With additional, larger studies, this analysis methodology 

may prove broadly useful for more sensitive regional assessment of obstructive lung 

disease and detection of therapeutic efficacy. 

3.4 Conclusion 

In Chapter 3.1 to 3.3, a semi-automated quantification workflow was developed 

to quantify HP 129Xe ventilation MRI. This method first registers the 1H thoracic cavity 

image to the 129Xe ventilation MRI. The 129Xe MRI and registered 1H image were 

segmented by region growing to create a combined mask that included both the thoracic 

cavity and the airways. This mask was eroded by 1 pixel and vascular structures were 

removed using Frangi’s vessel-enhancing algorithm. Then, 129Xe images were corrected 

for B1 inhomogeneity, and then rescaled by the 99th percentile of their cumulative 

intensity distribution so that the resulting pixel values ranged from 0-1. The reference 

healthy distribution had a mean = 0.52 and standard deviation (SD)= 0.18. These were 

used to define 6 bins for mapping ventilation distribution and to quantify ventilation 

defect, low, medium, and high-intensity percentages as follows: VDP—[0, mean – 2SD], 

LVP—[mean – 2SD, mean – 1SD], and HVP—[mean+1SD, 1].  
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Figure 24. The linear binning method can be applied to a variety of pulmonary diseases. 

A young healthy subject exhibits homogenous normal (green) ventilation in the lung. 

Asthmatics exhibit elevated defects and low-intensity pixels. After bronchodilator, 

asthmatics exhibit a more normalized ventilation distribution with less defects. The 

transplant patient exhibits low intensity pixels before stent placement. These regions 

normalize after stent placement. IPF subject has remarkably few ventilation defects, 

but a striking paucity of high-intensity pixels at the later disease stages.  

As shown in Figure 24, this linear binning method can be applied to a variety of 

pulmonary diseases. A typical young healthy volunteer exhibits few defects, few low-

intensity pixels, and a moderate number of hyper-intense pixels. Asthmatics exhibit 

increased numbers of defects and low-intense pixels. High-intense pixels are prevalent 

in mild disease, but not severe disease. After bronchodilator, asthmatics exhibit a more 

normalized ventilation distribution with diminished defects. The transplant patient with 

a stenotic bronchus intermedius exhibits low-intensity pixels, but not defects. These 

regions normalize after stent placement and in the left lung, compensatory high-

intensity is reduced. IPF subjects are characterized by a smaller thoracic cavity volume 

(TCV=2.9 ± 0.3 L vs. 3.8 ± 0.6 L in healthy subjects), remarkably few ventilation defects, 
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and a striking paucity of high-intensity pixels at the later stages of their disease, 

indicating lost compliance.  

In all, the linear binning method is a robust quantification workflow that can aid 

pulmonary disease phenotyping, treatment planning and disease monitoring. 

Quantitative metrics derived from this workflow, like VDP, correlates significantly with 

the clinical established pulmonary function tests. Moreover, VDP also reports high 

repeatability in comparison with the PFTs for short-term follow-up examinations, 

although only verified on an asthmatic cohort. Though this method is robust and 

reproducible, future works need to be done to: 1. Optimize the 1H thoracic cavity MRI 

segmentation to automatic processing. 2. Evaluate and understand the nature of the bias 

field.   
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4. Evaluating the Performance of Two Hyperpolarized 
129Xe MRI Ventilation Quantification Pipelines 

The linear binning quantification workflow, described in Chapter 3,  enables a 

robust quantification of HP 129Xe ventilation MRI. However, multiple classifiers have 

been proposed to determine ventilation defect percentage (VDP) as well as other 

ventilated clusters in different centers. These various methods have yet to be validated 

and harmonized, which limits 129Xe MRI development for multi-center studies. 

Therefore, the next challenge was to begin establishing the consensus for the 

quantification work by comparing to existing literature approaches.  

The work summarized in this chapter compared two published classification 

techniques–linear-binning and adaptive K-means–to establish their limits of agreement 

and their robustness against reduced signal-to-noise ratio (SNR). This work has been 

published in the following journal article: 

He, M., Zha, W., Tan, F., Rankine, L., Fain, S., and Driehuys, B. (2018). A 

Comparison of Two Hyperpolarized (129)Xe MRI Ventilation Quantification Pipelines: 

The Effect of Signal to Noise Ratio. Acad Radiol. 

4.1 Motivation 

The challenge of quantifying 129Xe MRI stems from its lack of an absolute 

intensity standard (such as Hounsfield units in CT). For a given patient, the 129Xe 

intensity distribution depends not only on the underlying ventilation pattern, but also 

on the acquisition-specific factors such as 129Xe polarization, inhaled volume, coil 

sensitivity and receiver gains. To this end, numerous quantification approaches have 
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been developed to report metrics characterizing the ventilation distribution, such as 

heterogeneity, skewness and kurtosis, but also classification of the images into multiple 

intensity clusters. Although the importance of such quantitative analysis is undisputed, 

no consensus has yet emerged as to how to best determine VDP or other ventilation 

distribution parameters. Without inter-method validation, it will be difficult to compare 

quantitative ventilation measures between centers and across patient populations.  

Here, we seek to address these issues by comparing the performance of two 

quantification methods for 129Xe ventilation MRI. Specifically, we compare the linear 

binning method introduced in Chapter 3 with the more established K-means algorithm. 

Although several different variations of K-means analysis have been published, here we 

employ the most recent refinement of the K-means classifier, the adaptive K-means 

approach (60, 174).  

As described in Chapter 3, the binning approach assigns pixels in the 129Xe 

ventilation scan to specific bins by rescaling the intensity histogram by its top percentile 

such that it ranges from 0-1. It then uses the standard deviation of a healthy reference 

population distribution (175), to set thresholds by which to assign pixels to four clusters 

referred to as: ventilation defect percentage (VDP), low-, medium, and high- ventilation 

percentage (LVP, MVP, HVP) respectively. The adaptive K-means instead employs an 

initial histogram analysis to determine whether disease is absent, mild-, or severe (60, 

174), and based on this outcome employs two rounds of K-means clustering to determine 

the ventilation defect cluster, followed by three additional rounds of K-means to assign 

three additional clusters. 
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In comparing these methods, we sought to answer three questions. First – what 

are the limits of agreement between the methods for reporting the percentage occupancy 

of each cluster? Second – what is the sensitivity of the respective methods to low SNR 

conditions? Third – what are the implications of these findings for determining the 

required 129Xe dose range to obtain adequate SNR? In doing so, we seek to help the 

pulmonary functional MRI community standardize its analysis methods for future 

multi-center studies. To facilitate this endeavor we have made the images, as well as 

their SNR-degraded versions, and thoracic cavity masks, publicly available at Harvard 

Dataverse (176). 

4.2 Methods 

4.2.1 Subjects 

The study employed a retrospective analysis of previously acquired, IRB-

approved 129Xe ventilation MRI scans (177). The dataset was comprised of 29 subjects, 

including 10 healthy controls (age: 25.7±3.4 years, FEV1 %: 103.9 ± 13.3%) and 19 patients 

(age: 45.1 ± 20.4 years, FEV1: 81.79 ± 19.3) with mild intermittent asthma.  

4.2.2 Degrading Image SNR by Adding Noise to Source Images 

The entire workflow is shown in Figure 25. The SNR for the source 129Xe 

ventilation images for all subjects was 10.2 ± 5.1. For each original 129Xe ventilation 

image, 7 additional variants were generated, with progressively lower SNR down to ~1.  

Although the MR scans are generated from underlying complex data, with a Gaussian 

noise distribution (178-180), they are reconstructed as magnitude images, causing their 

noise to follow a Rician distribution (179-181). Moreover, prior to reconstruction on the 
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scanner, a Fermi filter is typically applied to the raw k-space data, which affects the 

structure of the image-domain noise. 

 

Figure 25. SNR-degradation protocol. (a) Example of complex Gaussian noise generated 

in the frequency domain. (b) Application of a Fermi filter with radius = 64/128, width = 

10/128 to match the reconstruction parameters. (c) Real component of the noise after 2D 

inverse Fourier transformation to the image space. (d) Original hyperpolarized 129Xe 

ventilation magnitude image. (e) Magnitude of the 129Xe ventilation image with 

imposed noise. 

Since only the reconstructed magnitude source images were available for this 

study, the following approach was used to generate SNR-degraded images with a realistic 

noise pattern. First, complex Gaussian noise with zero mean was generated in the spatial 

frequency domain and then Fermi filtered using parameters identical to those of the 

original image (radius 64, width 10 matrix units). These noise data sets were generated 

with a range of noise amplitudes such that the SNR of the noise-enhanced images ranged 

from the original 𝑆𝑁𝑅0 down to 1, incrementing by ∆𝑆𝑁𝑅 according to  

Equation 7: SNR increment 

∆𝑆𝑁𝑅 =
𝑆𝑁𝑅𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 − 1

7
 

Thus, generating images with individual SNRi given by 

Equation 8: Desired SNRs with different noise levels 

𝑆𝑁𝑅𝑖 = 𝑆𝑁𝑅𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 − ∆𝑆𝑁𝑅 × 𝑖        ( 𝑖 = 1, 2, … .7) 
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In order to generate images with these desired SNR values, complex Gaussian 

noise was generated with a range of standard deviations σi that were calculated based 

on the SNR of native image as follows. For a magnitude image, the noise distribution 

will be Rician and its SNR given by                 

Equation 9: Image SNR 

𝑆𝑁𝑅 =
𝑀𝑒𝑎𝑛𝑠𝑖𝑔𝑛𝑎𝑙 − 𝑀𝑒𝑎𝑛𝑛𝑜𝑖𝑠𝑒

𝑆𝑡𝑑𝑛𝑜𝑖𝑠𝑒
× √2 −

𝜋

2
  

where  𝑀𝑒𝑎𝑛𝑠𝑖𝑔𝑛𝑎𝑙  is the average signal within the combined mask (thoracic 

cavity mask and ventilation mask), and 𝑀𝑒𝑎𝑛𝑛𝑜𝑖𝑠𝑒  and 𝑆𝑡𝑑𝑛𝑜𝑖𝑠𝑒  are the mean value and 

standard deviation of the background noise. (Note, the average signal within the 

combined mask includes regions of ventilation defects.) Following the properties of the 

Rician distribution (179), 𝑀𝑒𝑎𝑛𝑛𝑜𝑖𝑠𝑒 ≈ 1.25σ and 𝑆𝑡𝑑𝑛𝑜𝑖𝑠𝑒 ≈ √2 −
𝜋

2
σ. Therefore, equation 

5 can be simplified to derive the needed standard deviations of the seven target SNRs as 

follows: 

Equation 10: Standard deviations of the seven target SNRs 

𝜎𝑖 =
𝑀𝑒𝑎𝑛𝑠𝑖𝑔𝑛𝑎𝑙

𝑆𝑁𝑅𝑖 + 1.25
      (𝑖 = 1, … 7) 

Seven noise-enhanced data sets were then generated with these standard 

deviations σi. After applying the Fermi filter, the noise sets were inverse Fourier 

transformed into the image domain and added to the original magnitude image to 

synthesize a noise-enhanced complex image. The resulting complex, noise-enhanced 

images were then added in quadrature to provide, SNR-degraded magnitude images for 

analysis. 
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4.2.3 Quantification Workflow 

All original 129Xe ventilation images and noise-enhanced variants were processed 

through both the binning and adaptive K-means quantitative workflows. To limit the 

comparison to only the two intensity classifiers, several aspects of the workflow were 

first harmonized between the published methods. 

4.2.3.1 Harmonization of Methods Prior to Applying the Classifier 

 

Figure 26. Registration, masking, and bias field correction were shared between 

pipelines: (a) 129Xe MRI as acquired. (b) 1H thoracic cavity image registered to 129Xe MRI. 

(c) Joint segmentation of the 129Xe and 1H images to obtain an initial mask for bias field 

(B1 inhomogeneity) correction. (d) 129Xe MRI after bias-field correction. (e) Detection of 

vascular structures from 1H MRI. (f) Refined thoracic cavity mask with vascular 

structures removed. 

The aspects of the two pipelines that were made identical between two 

algorithms are depicted in Figure 26. First, the 1H thoracic cavity image was registered to 

the 129Xe image (175). Second, the two were jointly segmented to obtain a combined 

binary mask that included both the thoracic cavity and trachea. Subsequently, the 

pulmonary vasculature was segmented out of the mask using a vesselness filter (59). 

Finally, the 129Xe image intensity within the binary mask was corrected for B1 

inhomogeneity using N4BiasCorrection (182) with default parameters with two 

exceptions. First, the algorithm was operated only on voxels within the combined 

ventilation and thoracic cavity mask. Second, the shrink factor that is used to accelerate 
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the algorithm was reduced from its default value of 4 to 2 in order to provide robust 

results for gravity dependent signal variations when slices were acquired in the 

conventional anterior to posterior order as well as the opposite order.  

4.2.3.2 Classification 

 

Figure 27. Linear-binning and adaptive K-means algorithms. The binning method 

rescales the (Aa) 129Xe intensities within the thoracic cavity mask by its top percentile 

such that it ranges from 0-1. (Ab) Each pixel is then assigned to an intensity cluster 

using thresholds based on the standard deviation of a healthy reference population. 

(Ac) Resulting linear-binning map. (Bb.(1)) The adaptive K-means decimates the 

original histogram of the lungs to 10 clusters. It then tests to see whether the first cluster 

(lowest intensity percentage PL) contains <4%, 4-10% or ≥10% of all lung voxels. 

Depending on the PL value, the defect cluster was determined after two rounds of K-

means. (Bb.(2)) Setting aside the defect voxels, low-, medium-, and high-ventilation 

clusters were further classified from the ventilated voxels based on PL after another 

two rounds of K-means. (Bc) Resulting adaptive K-means map. 
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The resulting intensity-corrected 129Xe MRI data and lung masks were then fed 

into either the linear-binning (177) or the adaptive K-means (174) pipelines. Note, the 

binning method utilized the intensity voxels within a mask that included both the 

thoracic cavity and trachea to first rescale the histogram and classify the clusters, while 

the adaptive K-means method utilized only the thoracic cavity mask. However, both 

methods reported the percentages of classified voxels only for the volume within the 

thoracic cavity mask. 

Both methods reported VDP, as well as the percentage of voxels populating the 3 

higher signal bins labeled as LVP, MVP, and HVP. For linear-binning (Figure 27a), the 

B1-corrected, re-scaled 129Xe intensity histogram was classified into one of 6 bins by 

applying equally-spaced thresholds derived from a healthy reference population (177). 

However, to permit subsequent comparison with K-means-derived maps (containing 

only 4 clusters), bins 3-4 and 5-6 from the linear-binning maps were merged.  

The adaptive K-means approach is illustrated in (Figure 27b). The intensity-

corrected gas histogram of all lung pixels was first grouped into 10 equally spaced bins, 

the lowest of which determined the percentage of pixels PL falling in the lowest-intensity 

bin. This value, established by a prior repeatability study (60), drove one of three 

pathways for calculating VDP and populating the ventilated clusters. Specifically, a first 

round of K-means was used to parse the data into 4 clusters if PL ≥4%, and 5 clusters for 

PL <4%. The lowest of these clusters, C1, then underwent a 2nd round of K-means to parse 

it into 4 sub-clusters, a combination of which formed the final VDP cluster depending on 

the value of PL. For PL< 4% (typical of healthy lungs), sub-clusters C11 and C12 comprised 
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the VDP.  For 4% ≤PL≤10% (mild disease) C13 was added, and for PL> 10% (severe-

disease), all four sub-clusters of C1 comprised the VDP. After determining VDP, the 

remaining lung was classified into three ventilated clusters, using three rounds of 

adaptive K-means, again driven by the value PL, as illustrated in Figure 29b. Further 

details of this approach are presented in the Appendix of reference (174).  

4.2.4 Statistical Analysis 

The Wilcoxon rank-sum test was used to determine whether VDP, LVP, MVP, 

and HVP derived from the two classifiers distinguished between control and asthma 

subjects. Bland-Altman plots were used to test for bias and to determine the limits of 

inter-method agreement on each global measure, while Dice coefficients were used to 

measure their level of regional agreement. 

4.3 Results 

4.3.1 Agreement between Methods for Original 129Xe MRI 

 

Figure 28. Comparison of ventilation maps determined by the linear-binning and 

adaptive K-means methods for both a healthy control and an asthma subject. 

Qualitatively, the two methods appear to report similar VDP, LVP, MVP and HVP 

clusters in both subjects. 
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Typical examples of ventilation maps generated by the two classification 

approaches from the original, high-SNR images are shown in Figure 28. In this example, 

depicting a healthy volunteer with few small defects, and an asthmatic subject with 

many modest-sized defects, both methods report qualitatively similar maps. A 

comparison of the cluster occupancies and overlap between the two pipelines across the 

entire cohort of asthma and control subjects is shown in Table 3. Both methods reported 

significantly greater VDP and lower MVP in asthma vs. controls (p<0.04). However, in 

asthma, adaptive K-means found significantly higher LVP (the ventilated cluster 

immediately above VDP) relative to the normal group (Table 3). No significant 

difference was found for the HVP cluster classified by either binning or K-means. 

Comparing the spatial overlap of the two methods over the combined asthma and 

control data resulted in Dice coefficients of 0.4±0.3, 0.7±0.1, 0.9±0.0 and 0.8±0.1 for VDP, 

LVP, MVP, and HVP respectively. 

Table 3. Ventilation distribution (VDP, LVP, MVP, HVP) reported by linear binning 

and adaptive K-means along with Dice coefficients reflecting their overlap. Both 

methods reported significantly higher ventilation defect percentage (VDP) and lower 

medium ventilation percentage (MVP) in asthma vs. control. 

 Linear Binning Adaptive K-means Dice Coefficient 

(%) 
Control 

(N=10) 

Asthma 

(N=19) 

Control 

(N=10) 

Asthma 

(N=19) 

Control 

(N=10) 

Asthma 

(N=19) 

All subjects 

(N=29) 

VDP 0.8±1.4 6.1±9.4* 1.8±1.6 7.9±9.7* 0.3±0.2 0.5±0.2 0.4±0.3 

LVP 16.5±3.7 20.3±6.7 9.0±2.8 15.6±6.7* 0.7±0.1 0.8±0.1 0.7±0.1 

MVP 65.1±4.7 58.2±11.2* 76.3±4.6 64.6±12.7* 0.9±0.0 0.9±0.0 0.9±0.0 

HVP 17.6±2.2 15.5±5.9 12.9±2.4 11.9±5.3 0.9±0.1 0.8±0.1 0.8±0.1 

Values are expressed as mean ± standard deviation. The symbol * denoted significant 

difference (p<0.05) between asthma vs. control was observed in a ventilation level measured 

from the same method. 
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Figure 29. Bland-Altman plots comparing the K-means and binning analyses of the 

original high-SNR scans for 29 subjects. One plot is dedicated to each class of 

ventilation distribution — ventilation defect percentage (VDP), low ventilation 

percentage (LVP), medium ventilation percentage (MVP), and high ventilation 

percentage (HVP). These results show only modest bias between binning and adaptive 

K-means for VDP (+1.5%) and HVP (-4.0%), but more substantial biases for LVP (-5.7%) 

and MVP (+8.1%). The limits of agreement between the two methods were 0.5% to 

13.4% for MVP, while LVP showed the broadest range from -11.7% to +1.9%. 

Figure 29 shows the Bland-Altman plots comparing VDP, MVP, LVP and HVP 

calculated by the two classification methods. Only modest biases were found for VDP 

and HVP, with linear-binning indicating slightly larger VDP (+1.5% bias) and slightly 

smaller HVP (-4.0% bias) with limits of agreement ranging from +0.2% to +4.0% for VDP 

and trending towards greater differences in asthma subjects, while ranging from -9.5% 
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to 2.8% for HVP. However, larger biases were found for LVP (-5.7%) and MVP (+8.1%). 

The limits of agreement between the two methods were 0.5% to 13.4% for MVP, while 

LVP showed the broadest range from -11.7% to +1.9%. 

 

4.3.2 Effects of SNR Degradation 

 

Figure 30. Representative 129Xe ventilation MRI and associated linear-binning and 

adaptive K-means maps for a young asthmatic subject with low VDP as SNR is 

progressively degraded. Both methods appear to report a stable VDP as SNR decreases 

down to ~4. At that point, both methods start to report a substantially higher VDP than 

that derived from the undegraded image. 

For this cohort, the lowest SNR values were 1.2 ± 0.4 after applying evenly 

spaced noise degradation. An example of the effects of SNR degradation on the 

associated quantitative maps generated by the two methods is shown in Figure 30 for a 

subject with VDP≈2%. In this case, both methods continue to report a fairly stable VDP 

until SNR falls below 4. 
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Figure 31. Representative 129Xe ventilation MRI and associated linear-binning and 

adaptive K-means maps for an older asthmatic subject with high VDP as SNR is 

progressively degraded. As SNR decreases, linear-binning reports a continuously 

decreasing VDP caused by noise in the ventilation defect regions being erroneously 

classified as low-ventilation signal. The adaptive K-means method appears more stable 

against such misclassification and reports relatively stable VDP down to SNR around 

1.8. 

A similar analysis is shown in Figure 31 for a subject exhibiting prominent 

ventilation defects on the original image. For this case, the methods diverge in how they 

are affected by decreasing SNR. Specifically, linear-binning reports a continuously 

decreasing VDP, which is caused by noise in the ventilation defect regions starting to be 

erroneously classified as low-ventilation signal. By comparison, for cases in which large 

ventilation defects are present in the source image, the adaptive K-means method 

appears more stable against the misclassification of defects and reports relatively stable 

VDP down to SNR ~1.8.  
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Figure 32. Testing classification fidelity for linear-binning vs. adaptive K-means when 

challenged with decreasing SNR. Subjects with blue marks are analyzed using the 

linear –binning method, while subjects with red marks are analyzed using the adaptive 

K-means method. The empirical failure threshold was set at 1.8% difference in VDP 

(dotted lines) from the values obtained from the original image. With this threshold, 

the SNR at which the VDP value deviated from tolerance was 2.4 ± 1.0 for linear-

binning and 3.5 ± 1.5 for adaptive K-means. Using a similar threshold for LVP, MVP 

and HVP, the lowest tolerable SNR values for LVP were 5.1 ± 2.6 for linear-binning, 

and 3.7 ± 1.8 for adaptive K-means, for MVP they were 5.6 ± 3.9 for linear-binning and 

5.4 ± 2.5 adaptive K-means, and for HVP they were 5.8 ± 3.8 for linear-binning and 3.8 ± 

2.6 adaptive K-means. 

The effects of SNR degradation across the entire cohort and for each of the 

clusters (VDP/LVP/MVP/HVP) are shown in Figure 32. Overall, the values for each 

cluster remained relatively stable for both methods as SNR decreased. In order to 

establish a minimum tolerable SNR for the quantification algorithms, we defined an 
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empirical threshold for failure as the point at which the reported VDP deviated from the 

original VDP by >1.8%; this threshold corresponds to the reported standard deviation of 

VDP within a healthy reference cohort (177). Using this tolerance threshold, the SNR at 

which the algorithms failed was significantly different between these two methods for 

the VDP (p<<0.05), LVP (p<0.05) and HVP (p<<0.05) clusters, but not the MVP (p=0.82) 

cluster. Specifically, the SNR at which the algorithms failed was 2.4 ± 1.0 for linear-

binning and 3.5 ± 1.5 for adaptive K-means (Figure 34). Using a similar threshold of 1.8% 

for LVP, MVP and HVP, the lowest tolerable SNR values for LVP were 5.1 ± 2.6 for 

linear-binning, and 3.7 ± 1.8 for adaptive K-means, for MVP they were 5.6 ± 3.9 for linear-

binning and 5.4 ± 2.5 for adaptive K-means, and for HVP they were 5.8 ± 3.8 for linear-

binning and 3.8 ± 2.6 for adaptive K-means.  

4.4 Discussion 

4.4.1 Harmonizing Bias-field Correction Needs More Attention 

This study demonstrates a high degree of agreement between the linear-binning 

and adaptive K-means methods in classifying the 129Xe MRI-derived VDP. Note that in 

this comparison all image pre-processing (thoracic cavity mask generation, registration, 

and bias field correction) were standardized so that only the classifiers were compared. 

Specifically, it was important to harmonize the approach to correcting the RF coil-

induced B1 inhomogeneity that is common for the flexible coils used in pulmonary HP 

gas MRI  (59, 60, 175). Specifically, we found that constraining the algorithm to operate 

within the combined lung mask provided robustness against the level of disease severity 

and limiting the shrink factor to 2 ensured the N4BiasCorrection algorithm performed 
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robustly regardless of slice acquisition order. Although the bias field correction was 

performed independently on the noisy data for all subjects, this work did not specifically 

investigate the effects of low SNR on the performance of the bias field algorithm. 

However, in the context of brain imaging, Tustison et al. (182) have confirmed its 

robustness against decreasing SNR. 

4.4.2 The Effect of the Trachea on the Two Pipelines 

While global agreement was strong between the methods in calculating VDP, 

they agreed to a significantly lesser extent in their classification of the other clusters 

(LVP, MVP, and HVP). This is perhaps not entirely surprising given the significant 

methodological differences. It is perhaps noteworthy that the adaptive K-means 

algorithm used here was trained using 3He MRI data, which may possess somewhat 

different characteristics than 129Xe MRI for the detection of ventilation defects (80). 

Fundamentally, both methods seek to characterize an intensity histogram with a scale 

that is initially arbitrary. Linear-binning treats this problem by rescaling the histogram 

using its top percentile and generating intensity bins by using a reference population. To 

normalize the signal intensities, it is important to note that the binning method retains 

signal from the trachea for this process on the assumption that the highest intensity 

signal has a high likelihood of originating from these voxels. K-means by contrast uses 

several rounds of refinement based on thresholds that were determined from a 

reproducibility study. However, K-means was therefore found to be highly sensitive to 

including trachea voxels, which typically dominate the high intensity cluster and lead to 
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lower HVP (~2%) versus when the trachea is excluded (~15%). For this reason, the 

trachea was excluded from K-means analysis.  

4.4.3 Robustness of the Two Pipelines against Decreasing SNR 

It is interesting to note that the Dice coefficients followed a different trend from 

the Bland-Altman analysis. Most notably while agreement on VDP was very strong, the 

Dice coefficient for this cluster was the lowest (0.4 vs ≥ 0.7 for all other clusters). This can 

be explained by the relatively small size of the VDP cluster, particularly for the healthy 

cohort, where the average value was 0.8% for binning and 1.8% for K-means. In this 

example, the methods clearly reported similar percentages, but with K-means reporting a 

cluster 2.25 times larger, the Dice coefficient by definition, could not exceed 0.6. Thus, 

interpretation of the Dice coefficient for such small clusters is limited. 

When challenged with decreasing SNR, both methods continued to robustly 

report VDP until SNR had dropped to a relatively low value (3.5 ± 1.5 for K-means). The 

SNR requirements were somewhat higher for the other clusters, with calculation of HVP 

needing the highest value (5.8 ± 3.8 for linear-binning). It should be noted that 

determining the minimum acceptable SNR, necessitated setting an empirical threshold 

for failure relative to the values calculated for the original images. While this could be 

approached numerous ways, we used a tolerance of ±1.8%, which represents our 

previously measured standard deviation in the value of VDP determined from a healthy 

reference cohort (177). This resulted in the minimum SNR values above and we propose 

to require an SNR two standard deviations higher than the minimum. Thus, for 



 

108 

calculating VDP using K-means, this translates to an SNR of 6.6. Applying a similar 

approach to calculating HVP by linear-binning yields a required SNR of 13.4.  

This study shows that both methods report VDP values that are in close 

agreement. Moreover, both methods are remarkably robust against degrading SNR as 

well, with K-means perhaps providing a better estimate of VDP at low SNR. This may be 

attributable to the adaptive nature of the K-means thresholds, conferring perhaps a slight 

advantage against decreasing SNR. However, the two methods do not agree closely for 

the higher ventilation bins and, absent a gold standard, this makes determining a 

preferred method challenging. Perhaps one approach would be to test the 

reproducibility of the methods for analyzing test-retest images within the same patients. 

Alternatively, a choice could be made based on relative ease of interpretation. This work 

has revealed that while K-means methods can readily classify clusters above VDP, their 

interpretation may not be entirely straightforward. By contrast, it may be argued that the 

relatively simple approach of rescaling the intensity histogram is intuitive and is aided 

by the fact that its thresholds are derived from a healthy reference population, which is 

similar to typical medical test reporting. Agreement on these approaches to image 

quantification is critical to determining important factors such as the minimal clinically 

important difference for 129Xe MRI VDP as was recently addressed for 3He MRI (183).  

4.4.4 The Rationale for Harmonizing Ventilation Quantification 
Pipelines  

While this work arguably represents a first step, achieving consensus around the 

image analysis approach is crucial to the advancement of this technology clinically. This 
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scenario is not dissimilar from efforts to harmonize the analysis and quantification of 

positron emission tomography (PET) in order enable multicenter studies (184). Analysis 

software can be an important element of variability and defining standards for bias and 

precision is an essential step to establishing a quantitative image biomarker as a measure 

of disease. Thus, much can be learned from this parallel field, which has strived to 

establish standards for acquisition/reconstruction, image quality, the choice of 

interpretation criteria and quantitative parameters, and the validity of the quantification 

methods. Paradigms for developing and validating quantitative image biomarkers such 

as the quantitative imaging network (QIN) project (185), and the quantitative imaging 

biomarkers alliance (QIBA) project (186), are supported by consortia of experts working 

together to define best approaches and standard methods while maintaining avenues for 

future innovation (187). Efforts such as the current work can begin to build a foundation 

for multicenter trials of 129Xe MRI, and more specifically, as a first effort to assess the 

baseline reproducibility of existing analysis approaches. Once there is agreement on 

such standards for ventilation MRI, similar principles must be applied to other contrast 

mechanisms now being developed, such as imaging gas exchange (71, 188). In order to 

aid this conversation and allow for other methods to be compared, we have made the 

images, their SNR-degraded replicates, and lung masks used in this analysis publicly 

available (176). 

4.5 Study Limitations 

Although this initial comparison of the two quantification methods provides 

encouragement that harmonization will be feasible, this study did have some 



 

110 

limitations. First, this retrospective study is necessary limited as to the accuracy of the 

noise model used since only magnitude images were available for the reduced SNR 

comparisons. Second, estimating mean signal from the thoracic cavity in the presence of 

ventilation defects is debatable; we have opted not to exclude the defect regions from 

our mean calculation because the SNR calculated in this manner would remain the same 

for a given subject under inhalation of equal dose equivalent volumes of gas.  Finally, 

the study used a relatively modest sample size and included only healthy subjects and 

those with asthma. While it did include a substantial range of defect severities and 

patterns, future work would benefit from prospectively recruiting a larger cohort, with a 

wider range of pulmonary disease conditions and severities. Moreover, such a study 

would also benefit from acquiring multiple scans on patients in order to rigorously 

assess repeatability; this could be achieved by expanding the availability of curated data 

sets gathered from multiple expert centers and archived as image examples for testing in 

future studies. 
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5. Understanding Dose Requirements for 129Xe MRI 

To date, a variety of pulse sequences, scan duration, and 129Xe doses have been 

used in 129Xe MRI. With more acceptance of the general utility of 129Xe MRI, standardized 

imaging in multi-center trials is required. To this end, we introduced a robust 129Xe 

ventilation quantification workflow in Chapter 3, and the minimum image SNR for 

adequate quantification in Chapter 4. In this chapter, we provide a rational basis to 

understand the dose requirements and evaluate how different pulse sequences and 129Xe 

doses can influence 129Xe ventilation quantification. From that, the minimum required 

129Xe dose for an adequate 129Xe ventilation quantification can be derived. 

The work summarized in this chapter has been published in the following 

journal article: 

He, M., et al., Dose and pulse sequence considerations for hyperpolarized 129Xe 

ventilation MRI. Magn Reson Imaging, 2015. 33(7): p. 877-85. 

He, M., Zha, W., Tan, F., Rankine, L., Fain, S., and Driehuys, B. (2018). A 

Comparison of Two Hyperpolarized 129Xe MRI Ventilation Quantification Pipelines: 

The Effect of Signal to Noise Ratio. Acad Radiol.  

5.1 Motivation 

As 129Xe MRI transitions from its early research role to a more broadly used tool, 

the 129Xe clinical exam must be made more efficient and cost-effective. This requires 

employing the smallest possible 129Xe volumes and extracting maximal information from 

each dose. A second important factor impacting image quality is the pulse sequence 

used to acquire the data. Yet, the way in which 129Xe dose and pulse sequence affect 
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image SNR and ability to quantify regional ventilation distribution is not yet well 

studied. 

The aim of this study was to evaluate the influence of both the acquisition 

strategy and 129Xe dose on SNR and the ability to quantify inhaled hyperpolarized 129Xe 

lung MRI. We hypothesized that image SNR should scale with the inhaled 129Xe dose 

(polarization, volume, enrichment) and voxel volume. We further expected that 

regardless of which pulse sequence was used for acquisition, that for a given bandwidth, 

SNR normalized by dose and voxel volume (SNRn) would be a constant. To test this, we 

acquired 129Xe ventilation images in all subjects using both a multi-slice gradient recalled 

echo (GRE) and 3D-radial sequence, at high and low 129Xe doses, differing by 3 in their 

129Xe magnetization. For lower doses, images were acquired with commensurately larger 

voxel volumes in an effort to retain approximately equal SNR. As a secondary objective, 

we sought to evaluate the ability of each sequence and dose to detect ventilation defects 

in healthy non-smoking subjects over the age of 50.  This population was expected to 

exhibit subtle ventilation defects, based on previous studies showing that ventilation 

defects increase with age (61, 189). Note, this study was conducted applying the linear 

binning method introduced at the beginning of Chapter 3 with user-defined thresholds. 

Updates have been provided at the end of this Chapter using the latest linear binning 

method, as well as updates on how SNR was calculated.  
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5.2 Methods 

5.2.1 Subject Inclusion Criteria  

Studies were conducted under a protocol approved by the Institutional Review 

Board, and subject to an FDA Investigational New Drug application. A total of 10 non-

smoking (< 5 pack-yrs) older volunteers (6 males, 4 females; mean age = 60.8 ± 7.9 yrs) 

were enrolled. All subjects provided written informed consent. 

5.2.2 129Xe Dose Equivalent 

The mean (SD) polarization achieved for the two volumes of isotopically 

enriched 129Xe in this study was 8.3  1.3% for the 1-liter studies, and 9.3  2.4% for the 

300-ml studies. For convenience, we express these as dose equivalent (DE) volumes of 

100% polarized, 100% isotopically enriched 129Xe calculated as follows  

Equation 11: Dose equivalent 

𝐷𝐸 =  𝑓129 × 𝑃129 × 𝑉𝑋𝑒  

where f129 is the isotopic fraction of 129Xe, P129 is the 129Xe nuclear spin polarization 

and, VXe is the xenon volume. Note, the dose equivalent can be thought of as an 

equivalent volume of 100% polarized, pure 129Xe, similar to the concept of fully polarized 

spins that was introduced by Coffey et al (190). Calculated in this manner, subjects 

received dose-equivalent (DE) volumes of 71  11 ml representing the high dose, and 24 

 6 ml for low doses. All subjects received 4 doses of HP 129Xe plus an additional 15 ml 

DE for transmitter gain calibration. 
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5.2.3 Image Acquisition 

After the initial localizers and proton thoracic cavity scans (described below), 

subjects underwent 129Xe ventilation MRI in the following order: GRE with DE = 71 ml, 

3D radial with DE = 71 ml, GRE with DE = 24 ml, and 3D radial with DE = 24 ml. Scans 

were performed in the supine position and subjects were coached to inhale the gas doses 

from functional residual capacity (FRC).  

GRE images were acquired using a modified ventilation protocol based on what 

we have introduced in Chapter 2. In short, we employed two different doses – 71 ml and 

24 ml DE. For the high dose (71 ml DE), we applied a matrix size of 128 × (90–128), 

whereas a matrix size of 64 × 64 was applied for the low dose (24 ml DE).  

For 3D-radial imaging, parameters were (71 ml/24 ml DE): FOV = 36/48 cm, 

matrix = 643, radial views = 4601, flip angle = 1.2°, TR/TE = 3.3/0.376 ms, BW = 15.63 kHz. 

To facilitate analysis of the 3D radial 129Xe images, a thoracic cavity image was acquired 

using a 4-minute, free-breathing, un-gated 3D radial 1H scan, again using the body coil. 

The thoracic cavity images were acquired with parameters: FOV = 36 cm, matrix=1283, 

TR/TE = 3/0.24 ms, radial views = 80,001, BW = 62.5 kHz, flip angle = 15°. 

Ventilation images acquired using the GRE sequence were reconstructed directly 

on the scanner using the default Fermi filter and imported as 256x256 DICOM slices for 

analysis. The 3D radial acquisitions were reconstructed from the raw data using an in-

house reconstruction algorithm implemented in MATLAB (The MathWorks Inc., Natick, 

MA) (191). For these images, no Fermi filter was applied. 
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5.2.4 Image Analysis 

5.2.4.1 SNR Assessment 

SNR of each image slice was calculated by: 
(𝑆𝑙𝑢𝑛𝑔
̅̅ ̅̅ ̅̅ ̅̅ ̅−𝑆𝐵𝐺)̅̅ ̅̅ ̅̅ ̅

𝑆𝑡𝑑𝑒𝑣𝐵𝐺
 where 𝑆𝑙𝑢𝑛𝑔

̅̅ ̅̅ ̅̅ ̅ was the mean 

signal in the ventilated lung parenchyma, 𝑆𝐵𝐺
̅̅ ̅̅ ̅ the mean background signal and 𝑆𝑡𝑑𝑒𝑣𝐵𝐺 

its standard deviation. The mean lung signal for each image slice was calculated from 

pixels constrained by applying a mask that included only the ventilated lung within the 

thoracic cavity (see below). Subsequently a 5 x 5 cm2 voxel region of interest (ROI) 

containing only background noise was manually selected for each slice and its mean 

signal and standard deviation were calculated. Raw SNR was plotted as a function of slice 

position for each acquisition and average values for the entire image were calculated. 

Finally, for each image its raw average SNR was divided by voxel volume Vvox and 129Xe 

dose equivalent (DE) to calculate normalized SNRn according to 

Equation 12: Normalized SNRn 

𝑆𝑁𝑅𝑛 =
𝑆𝑁𝑅

𝐷𝐸 × 𝑉𝑣𝑜𝑥
 

Since both DE and Vvox are expressed in units of volume, SNRn has units of ml-2. 

5.2.4.2 Ventilated Volume and Ventilation Defect Percentage Calculation 

In this phase of the study, all images were analyzed for ventilation defect 

percentage (VDP) using the linear binning method introduced in Chapter 3.1 using a 

user-defined threshold. Briefly, the 1H thoracic cavity images were registered to the GRE 

129Xe images using a multi-resolution affine transform. The free-breathing radial 1H 

images were registered to the radial 129Xe ventilation images first using a multi-
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resolution affine transform, followed by a non-rigid landmark-based registration step. 

Then, the registered 1H thoracic cavity images were segmented to create thoracic cavity 

masks. These were used to confine the 129Xe image analysis to regions where ventilation 

is expected. Prior to analysis, 129Xe images were corrected for B1 inhomogeneity using a 

bias field correction (144), and then rescaled by the 99th percentile of their cumulative 

intensity distribution, such that the intensities ranged from 0-1 (192). The rescaling 

permitted each 129Xe voxel to be classified into one of 4 clusters (< 0.2 VDP, 0.2-0.4 low 

intensity, 0.4-0.8 medium intensity, and >0.8 high intensity). The ventilated clusters 

(above VDP) within the thoracic cavity were used to calculate SNR. 

5.2.5 Statistical Methods 

All statistical analysis was performed using JMP 11 (SAS Institute Inc., Cary, 

NC). The dependence of SNR on acquisition sequence and 129Xe dose equivalent was 

determined using linear regression analysis and the Pearson’s correlation coefficient (r). 

The same approach was used to test the dependence of VDP on acquisition sequence 

and dose. Any systematic deviation between sequences or volumes was further 

evaluated using Bland-Altman analysis. 

5.3 Results 

Ventilation images were successfully acquired using both xenon doses and both 

pulse sequences in all subjects. A sample dataset from a 65-year-old volunteer with 

FEV1%= 124% is shown in Figure 33. For this subject, numerous small ventilation defects 

are clearly visible in all scans as shown by the arrows. Of these scans, the high-DE GRE 

image exhibited an SNR of 22.5, low-DE GRE had SNR = 18.0, high-DE radial had SNR = 



 

117 

8.1, and low-DE radial had SNR = 7.0. After dividing by voxel volume and DE, the high-

DE GRE image exhibited a normalized SNRn of 2.3 ml-2, the low-DE GRE had SNRn = 1.2 

ml-2, high-DE radial had SNRn = 0.5 ml-2, and low-DE radial had SNRn = 0.7 ml-2. 

 

Figure 33: Representative 1H SSFP and free-breathing 3D-radial 1H anatomical images 

as well as 129Xe ventilation images acquired with low and high 129Xe dose equivalents 

using both multi-slice GRE and 3D radial sequence. Features that appear similar across 

different images are indicated by arrows. 

5.3.1 SNR Comparisons 

The mean, uncorrected SNR for all subjects obtained at high and low dose for 

each sequence is plotted in Figure 34a. For high-DE GRE images, mean SNR was 14.7 ± 
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5.6, versus 11.3 ± 4.3 for low-DE GRE. For high-DE radial images, mean SNR was 6.9 ± 

1.9 versus 6.2 ± 3.2 for the low-DE radial scans.  

 

 

Figure 34: SNR and normalized SNR for ventilation images acquired using multi-slice 

GRE and 3D-radial. a) SNR for ventilation images acquired using GRE and radial 

sequence at high and low dose. b) SNR normalized by voxel volume and dose 

equivalent polarization. 

Similarly, Figure 34b shows SNRn values that have been normalized by voxel 

volume and dose equivalent. As was the case for the individual subject shown 

previously, the high-DE GRE images exhibited the highest SNRn of 1.9 ± 0.8 ml-2 

compared to 0.8 ± 0.2 ml-2 for low-DE GRE. Similarly, the high-DE radial images had 

SNRn = 0.5 ± 0.1 ml-2 versus 0.5 ± 0.2 ml-2 for low-DE radial MRI. 
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5.3.2 Ventilation Defect Percentage Validation 

 

Figure 35: Representative 129Xe ventilation images and associated linear-binning maps 

for high- and low-dose equivalent images acquired with each acquisition. Note, the 3D-

radial acquisition is isotropic and can be reformatted in any view plane. Features that 

appear similar across different images and binning maps are indicated by arrows. 

Additionally, all ventilation images were segmented using linear binning to map 

each voxel into one of four distinct intensity clusters. Such maps are shown in Figure 35, 

which were generated using the 129Xe images of the same subject shown in Figure 33. 

The maps highlight several ventilation defects that are present in this older volunteer. 

These appear to be similar in extent and location across all binning maps.  
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The VDP derived from all sequences and doses across groups are shown in 

Figure 36.  The mean VDP was greatest for the high-DE GRE images (6.4  2.8%), and 

lowest for the low-DE radial acquisitions (4.6  3.2%). However, these differences in 

VDP were not statistically significant. There was a trend towards higher VDP being 

observed from high-DE compared to low-DE images. 

 

 

Figure 36: Comparison of ventilation defect percentage (VDP) derived from both 

sequences at both high and low 129Xe dose equivalents. No statistically significant 

differences were observed across any acquisitions. The GRE images, however, tended to 

exhibit higher VDP than 3D-radial, and high-dose equivalent images tended to have 

higher VDP than low-dose equivalent. Error bars represent standard error about the 

mean. 
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Figure 37 shows the correlations and Bland-Altman plots for VDP derived from 

the different acquisition sequences and 129Xe DEs. VDP was well-correlated across all 

acquisitions and doses. Correlations were strongest between different doses within a 

given acquisition sequence. For the GRE acquisitions, VDP exhibited a correlation of r = 

0.85 between low- and high-DEs. For the 3D-radial acquisitions VDP exhibited a 

correlation of r = 0.97. For a given dose, the VDP derived via GRE vs. radial acquisition, 

was somewhat less strongly correlated with r = 0.80 and r = 0.74 for the high- and low-

dose cases, respectively. Testing this further with Bland-Altman analysis showed that 

neither GRE nor radial images exhibited a significant bias between high- and low-DE 

scans (0.16 and 0.60 higher defect percentage points respectively). However, some bias 

was evident in comparing the two acquisition sequences. At high-DE, VDP derived from 

the GRE acquisition was 1.3 points higher than for the 3D-radial acquisition. Similarly at 

low-DE, VDP was 1.7 points higher for the GRE vs. 3D-radial acquisition. 

5.4 Discussion 

This study sought to evaluate the effects of both dose and acquisition strategy on 

image SNR and ventilation defect conspicuity. To do so, we have introduced the notion 

of a dose equivalent that incorporates 129Xe polarization, volume, and enrichment into a 

single, relatively intuitive metric that can simply be expressed as a volume of 100% 

polarized, isotopically pure 129Xe. This dose definition, in conjunction with the target 

voxel volume, allows us to estimate the expected image SNR. 
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5.4.1 SNR Assessment 

 

Figure 38. Quantify the SNR of the 129Xe ventilation images. Image background noise 

was calculated by selecting four regions of interest (ROI) in the image corners away 

from the region affected by gradwrap. The standard deviation of the noise was 

computed by the median of the SD of each ROI, which was further corrected for its 

Rician distribution resulting from magnitude image reconstruction. The signal mean 

was calculated within the thoracic mask.  

We have updated the way to quantify SNR to account for Rician distribution 

resulting from magnitude image reconstruction (√2 −
𝜋

2
). As shown in Figure 38, SNR of 

each image slice was calculated by: 
𝑆𝑙𝑢𝑛𝑔̅̅ ̅̅ ̅̅ ̅̅ −𝑆𝐵𝐺̅̅ ̅̅ ̅̅

𝑆𝑡𝑑𝑒𝑣𝐵𝐺/√2−
𝜋

2

, where 𝑆𝑙𝑢𝑛𝑔
̅̅ ̅̅ ̅̅ ̅ was the mean signal in the 

ventilated lung parenchyma, 𝑆𝐵𝐺 the mean background signal and 

  

StdevBG its standard 

deviation.  

With the update calculation, in our study, we found that the conventional 

spoiled gradient echo image, with centric encoding, obtained at 8 kHz acquisition 

bandwidth and high DE, provided the highest normalized SNR of all scans (SNRn = 1.24 

± 0.5ml-2). It was interesting to note that the low-DE GRE scan, which was acquired 

using a 6464 matrix size to increase voxel volume by 4-fold, nevertheless yielded a 

more than 2-fold lower normalized SNRn of 0.5 ± 0.1 ml-2. It appears that the high degree 

of interpolation applied by scanner’s reconstruction algorithm caused a significant 
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degradation of SNR. Thus, at least for our particular scanner, it would have been 

preferable to either prescribe a larger FOV and 128x128 matrix, or to have reconstructed 

the raw data offline using our own algorithms (see below). 

The radially acquired images had a more consistent normalized SNR (SNRn =0.3 

± 0.1 ml-2 and 0.3 ± 0.1 ml-2 for high and low-dose acquisitions, respectively), although 

still significantly lower than for GRE. This is partially attributable to having acquired 

these scans at twice the bandwidth of the GRE scans to allow more frames to be acquired 

in the breath-hold. Thus scaling these SNR values by √2 to remove bandwidth 

differences brings them in line with the low-dose GRE scan, but they remain well below 

the high-dose GRE value. This partially reflects the challenge of defining true SNR and 

resolution for radially acquired images. Specifically, when radial images are 

reconstructed, SNR and resolution are strongly impacted by the convolution kernel 

sharpness parameter (191). For our reconstructions, kernel parameters were manually 

tuned by a trained observer to optimize perceived image quality. However, if a sharper 

kernel had been used, image SNR would have increased, but structural detail would 

have been lost. We further note that the radial images employed no additional Fermi 

filter, whereas a Fermi filter with Fermi radius equal to half the matrix size and Fermi 

width equal to 10 (matrix unit) is applied for the standard GRE image reconstructed on 

our scanner. Thus, while the radially acquired images have lower SNR, it is interesting 

to note that they are approaching that of multi-slice GRE.  
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Table 4: Parameters and SNR summary for hyperpolarized 129Xe MRI at 

different sites 

 Current Work (193) (193) (41) 

Scanner GE GE GE GE 

Field strength (T) 1.5 1.5 3 3 

Coil Chest coil Twin Helmholtz quadrature 

transmit-receive coil 

Quadrature 

asymmetric 

birdcage coil 

Voxel volume (ml) 0.12 0.24 0.24 0.15 

BW (kHz) 8.25 4 4 15.63 

Phase encoding Centric Centric Centric Centric 

Flip angle 7-10 9 9 Variable 

Xenon volume (ml) 1000 300 300 500 

Polarization (%) 8 14 14 10-60 

Enrichment 86% 86% 86% 86% 

DE (ml) 71 36 36 150 

SNR 9.2 36 44 22 

Offline Recon (Y/N) N Y Y N 

SNRn (ml-2) 1.24 4.2 5.0 1.0 

SNRn (8.25kHz) (ml-2) 1.24 2.9 3.5 1.3 

It is interesting to compare our normalized SNR notion to those that can be 

calculated from previous literature reports (see Table 4). For example, Xu et al. (193) 

reported mean SNR of 36, and 44 for 129Xe ventilation MRI at 1.5 T and 3.0 T. They 

employed a voxel volume of 0.24 ml and an estimated DE ~0.36 ml. This suggests that 

they achieved an SNRn of 4.2 ml-2 at 1.5 T, and 5.0 ml-2 at 3.0 T. Even after accounting for 

their use of a lower 4 kHz bandwidth, their normalized SNR values are 130-182% higher 

than those we report here. One possible difference may be that Xu et al. reconstructed 

their images off-line, and therefore may have employed a stronger Fermi filter, or 

suffered less interpolation noise. Similary, Svenningsen et al. (41) reported a mean SNR 

of 22 for 129Xe images scanned with a three-dimensional fast gradient echo sequence with 

centric phase-encoding ordering at 3.0 T. Their images were acquired with a voxel 

volume of 0.15 ml, and assuming a mean polarization of 35% employed an estimated DE 
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= 150 ml. This suggests they achieved a voxel- and dose-normalized SNRn = 1.0 ml-2, 

accounting for their higher bandwidth results in SNRn = 1.3 ml-2, which is similar to our 

observed value. Thus, although these comparisons of voxel size and DE-normalized 

SNR were done using only literature-reported values, it is interesting that all values 

(scaled to 8kHz bandwidth) are within a factor of 2 of what we report, ranging from 

approximately 1.2– 3.5 ml-2. This suggests that normalized SNR is a fairly fundamental 

value and in conjunction with the dose equivalent concept can be used to predict 

achievable SNR for a given target image resolution. Moreover, such a normalized SNR 

value may represent a useful benchmark for evaluating image quality (194, 195) at lower 

field strengths (196, 197), or more efficient hardware and pulse sequences, such as 

interleaved spiral (198) and steady-state free-precession methods (199, 200) that may 

extract more SNR from a given dose. 

To gauge the practicality of these imaging studies with the dose ranges we report 

here, it is further useful to consider the DE production rates for 129Xe hyperpolarizers 

that have been reported in the literature. These are shown in Table 5 and range from 

approximately 40 ml/hr to 240 ml/hr. It is clear that all systems are capable of producing 

one or more low dose volumes per hour, and many are capable of producing one or 

more high-dose volumes per hour. Furthermore, the more recently reported systems are 

exhibiting an ever-increasing trend towards higher polarization levels, which allow 

smaller volumes of xenon or even potentially naturally abundant xenon to be used (201). 
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Table 5: Polarization, xenon flow rate and maximum DE production rate for 

polarizer designs as reported in the literature  

Polarizer Laser 

Power 

Polarization Xe Flow Rate (ml/hr) DE Rate 

(ml/hr)** 

Driehuys, 1996 140 W 5% 1000 ml/hr 50 

(202) 30 W 7.5% 1884 ml/hr 141 

(203) >150 W 67% 150 ml/hr 111 

(203) 210 W 12% 1000 ml/hr 40 

Ruset, 2006  90 W 64% 300 ml/hr 192 

(62) 90W 64% 300 ml/hr 192 

(204) 60W 84% 60 ml/hr 50 

(204) 30 W 20% 600 ml/hr 120 

(205) 25 W 12% 540 ml/hr 65 

(206) 75 W 40% 97 ml/hr 39 

(206) 75 W 25% 390 ml/hr 98 

(207) 170W 83% 130 ml/hr 108 

(207) 170W 64% 230 ml/hr 147 

GE 9800 (this work) 100 W 8% 1000 ml/hr 80 

Polarean 9800 60 W 12% 1000 ml/hr 120 

Polarean 9810 60 W 24% 1000 ml/hr 240 

** DE rate assumes 100% isotopically enriched 129Xe. 

 

5.4.2 Minimum Required 129Xe Dose for Robust Quantification  

In this study of older, healthy non-smoking volunteers, subtle ventilation defects 

appeared to be effectively visualized using both GRE and isotropic 3D-radial 

acquisitions at both high and low 129Xe dose equivalents. As illustrated in Figure 35, 

most of the subtle defects could be visualized on all 4 scans. While all images in this 

study were successfully quantified using a linear-binning-derived VDP metric, no 

statistically significant differences were found between scans or DEs. Moreover, within a 

given acquisition strategy, the VDP derived from low-DE vs. high-DE 129Xe MRI was 

extremely well correlated (r=0.85 for GRE and r=0.97 for 3D-radial). This suggests that it 
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may be possible to adequately resolve ventilation defects in these older subjects using 

the lower 129Xe dose. 

In Chapter 4, we have derived the minimum required SNR for robust 

quantification using K-means and the most updated version of linear binning method. 

The minimum SNR was 6.6 for robust VDP quantification, and was 13.4 for robust 

ventilated cluster quantification. These SNR requirements can, in turn, be related to the 

minimum hyperpolarized 129Xe dose required by using the previously established 

relationship between SNR, resolution, and dose. Briefly, the average SNR for fast, 

spoiled gradient echo imaging with typical ~8ms read-out times can be calculated 

according to: 

Equation 13:  Average SNR for GRE acquisition 

𝑆𝑁𝑅 = 1.24𝑚𝑙−2𝐷𝐸 × 𝑉𝑣𝑜𝑥 

where SNR is the raw average SNR of the given dataset, 𝑉𝑣𝑜𝑥  is the voxel volume 

and DE is the dose equivalent given by equation 13. 

Using these principles for the highest requirement, that is SNR = 13.4 for the 0.12 

ml voxel volume used in this work, yields a required 129Xe dose equivalent of 89.7 ml. 

Assuming 85% isotopic enrichment, such a dose can be achieved with 423 ml of xenon 

polarized to 25%. 
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5.4.3 Potential Advantages of Radial vs. GRE MRI 

 

Figure 39: Comparison of the SNR variation from the anterior-to-posterior slice 

positions for both GRE and 3D-radial acquisitions. 

Although to date, SNR achieved by radial imaging lags behind that achieved by 

conventional GRE, there continue to be reasons to pursue this approach. The first is seen 

in the way the 3D-radial acquisition exhibits SNR that increases in the anterior to 

posterior directions. Such variation is attributable to physiological factors that drive 

greater ventilation in the gravitationally dependent lung (44, 63, 208). However, this 

slope was much smaller or even presented as a descending trend in the GRE acquisition 

(Figure 39). This is likely because GRE images were acquired from the anterior-to-

posterior slice order, which attenuates the true signal enhancement in the better-

ventilated posterior slices because they experience greater T1 and RF decay before being 

encoded (193, 208). By contrast the 3D-radial acquisition is a truly 3D scan that preserves 



 

130 

the physiologically dictated SNR distribution. Hence, if fundamental physiology is of 

interest, a truly 3-dimensional acquisition is preferred to a multi-slice one. 

 

Figure 40: Possible benefits of 3D-radial acquisition illustrated in subject with 

changing right-lung volume. (a) Multi-slice GRE reference image showing 

homogeneous distribution.  

Perhaps the most relevant advantage of a 3D-radial vs. a Cartesian acquisition is 

illustrated in Figure 40. In a high-DE 3D-radial acquisition of one subject, the 

reconstructed image appeared to show two diaphragm borders near the right basal lung. 

We hypothesized that the artifact was caused by partial exhalation during the scan. 

Because the radial image was acquired with randomized views, it was possible to 

reconstruct the images in arbitrary time and k-space increments. By reconstructing 

multiple subsets of data, it was revealed that the lung position changed at 

approximately 1400 frames (4.6 seconds) into the scan (Figure 40c). Thus, by discarding 
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the first 1400 frames and reconstructing only the frames obtained after the change in 

diaphragm position, the artifact was removed, and the image quality became suitable for 

quantitative analysis. 

5.4.4 Study Limitations 

The study did have some limitations. First, we note that the GRE images were 

reconstructed directly on the scanner. Those acquired at low DE, used only a 64 x 64 

matrix size for the acquisition, which appeared to introduce significant interpolation 

artifacts that reduced the normalized SNR relative to expectations. A more ideal 

comparison might have been made if the images had been reconstructed offline. Second, 

a more ideal way to test the effect of dose equivalent could have been to acquire the 

identical scan at a broad range of doses and establish the SNR to DE correlation by linear 

regression. Here, instead, each image was acquired with fairly equivalent 129Xe doses, thus 

preventing meaningful linear regression. We further note that our notion of normalized 

SNR assumes that it depends only on dose equivalent and voxel volume. Clearly, there 

must also be some dependence on subject lung volume and maneuver of inhalation. 

Subjects with a larger lung volume might be expected to dilute the available dose to a 

greater extent than those with smaller lung volumes. However, we were unable to 

uncover any systematic relationship between the subject’s lung capacity and SNR. Finally, 

in comparing SNR from different scans, we also point out that the scan order was not 

randomized. Hence, it is conceivable that some systematic bias was introduced by 

acquiring all data for each subject in the same order.  
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Similarly, while our data seem to suggest that lower 129Xe dose equivalents may 

be equally useful for detecting subtle age-related defects, this is also subject to 

limitations. The most significant is the assumption that ventilation distribution was 

identical over each dose the subject inhaled. This assumption may not be entirely valid, 

as shown in the example of Figure 35 where one defect is only visible on the initial high-

DE GRE scan, but not on subsequent scans. This could have been the result of a small 

region of atelectasis that opened up after subsequent inhalations. However, this was a 

rather subtle change, and prior studies of short-term reproducibility indicate that 

ventilation defects are relatively stable during a given MRI session (209, 210). Second, 

while ventilation defect percentage (VDP) has become the most widely used metric of 

regional ventilation, it does not capture all elements of pulmonary ventilation.  Hence, it 

is possible that if these scans were compared with different metrics than the ones used 

here, the differences could be more significant. Currently, the latest version of the linear 

binning method was employed in our clinical studies. This method, which was 

introduced at the end of Chapter 3, reports not only VDP, but also low-, medium-, and 

high-ventilation, by reference to a normal distribution. So far, this updated method has 

shown robust results comparing to other more sophisticated methods, and against 

different image SNR levels. Third, the thoracic cavity and ventilation images were 

obtained during different breath-holds, or in the case of radial images, during free 

breathing. This introduces the necessary step of image registration, which can introduce 

error into the analysis. In this work, we found it especially challenging to register the 

free-breathing UTE images to the breath-held 129Xe MR images. We have since 
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transitioned to using a lower-resolution, breath-held radial image to delineate the 

thoracic cavity. However, recent work by Johnson et al. (211), suggests improved free-

breathing UTE sequences are on the horizon. We note that even breath-held images pose 

challenges in registration, as diaphragm position can be significantly different during a 

self-directed breath-hold of room air vs. inhalation from a 1-liter bag. We have since 

found it beneficial to collect breath-hold anatomical images after subjects inhale air from 

a 1-liter bag rather than a self-directed breath-hold. Alternatively, there may be benefit 

to simultaneously acquiring the 1H thoracic cavity image and the HP gas ventilation 

image within a single breath-hold, as described by Wild et al. (145). Such an approach 

should largely obviate the need for registration, or at least greatly reduce the degree of 

image warping required. 

5.5 Summary 

We have tested the effect of both acquisition strategy and 129Xe dose on image SNR 

and ventilation defect calculations. To do so, we have introduced the notion of a 129Xe dose 

equivalent that incorporates volume, polarization, and isotopic enrichment into a single 

metric expressed simply as the equivalent volume of 100% enriched, 100% polarized 129Xe. 

This approach has allowed us to estimate that for our scanner configuration and similar 

ones from the literature, the SNR one can expect from a conventional spoiled gradient 

echo ventilation scan is on order ~1.24 ml-2. Thus, for example, to obtain an image SNR of 

15 for a voxel volume of 0.25 ml, an equivalent 129Xe dose of approximately 46 ml is 

required. Such a dose can be produced, for example using 250 ml of 86% enriched 129Xe, 

polarized to 21%. Alternatively, one could employ 500 ml of xenon at natural abundance 
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(26% 129Xe) polarized to 35%. Both are well within reach of emerging polarizer technology 

(212). Of course, as pulse sequences and transmit/receive coil technology improves, dose 

efficiency will increase, and smaller volumes of xenon can be used. It would not be 

unreasonable to expect that normalized SNRn could increase from 1.24 ml-2 today to values 

of 5 ml-2 with further development.  

Finally, even though 3D-radial scans exhibited a lower image quality compared 

to GRE scans, they provide isotropic resolution that allows any slice plane to be 

visualized, the ability to monitor magnetization dynamics, better visualization of 

physiological gradients, and the ability to reconstruct different temporal windows of the 

same acquisition. However, in spite of the advantages afforded by 3D-radial acquisition, 

further work is required to improve SNR performance. In short, the future looks 

promising for developing an efficient and integrated 1H and 129Xe radial imaging exam 

that can readily yield quantitative maps of regional ventilation. When complemented 

with emerging images of 129Xe gas exchange (43), this moves us towards a fully isotropic 

and comprehensive exam of regional pulmonary function. 
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6. Evaluating the Concordance of Hyperpolarized 129Xe 
Ventilation Derived from 3D Radial Gas Exchange MRI 
versus Multi-Slice Gradient Echo Imaging 

Both multi-slice GRE and 3D-radial sequences can acquire ventilation images 

using 129Xe MRI.  Such functional images can subsequently be analyzed quantitatively to 

provide a means of visualizing regional disease, its progression, and therapy response. 

However, different acquisition sequences yield different ventilation intensity 

distributions, which cannot be directly quantified using the linear binning method 

introduced in Chapter 3. Moreover, as 3D-radial gas exchange imaging provides not 

only dissolved phase images but also the gas phase images, this raises important 

questions as whether, and to what extent, different ventilation imaging acquisition 

strategies can provide similar diagnostic information as from a dedicated multi-slice 

GRE acquisition. 

Therefore, in this chapter, we introduced an additional transformation to the 

linear binning method to normalize the skewed ventilation intensity that arises from 3D-

radial ventilation images. Then, we compared quantified 3D-radial and GRE ventilation 

images both globally and on a pixel by pixel basis. From that, we sought to investigate 

whether the ventilation images acquired as part of this gas exchange scan can provide 

equally meaningful information as derived from a standard GRE acquisition.  
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6.1 Introduction 

Hyperpolarized 129Xe ventilation MRI is typically acquired using multi-slice fast 

GRE acquisitions. However, newly emerging interleaved 3D-radial imaging of 129Xe gas 

transfer now provides dissolved-phase and ventilation images from a single breath. 

The plurality of available 2D and 3D ventilation acquisitions raises two issues 

that must be addressed. First, it is necessary to generalize the approach for rescaling the 

intensity histogram to enable application of linear binning analysis to any ventilation 

MRI acquisition. Second, it is necessary to establish and test a framework to evaluate 

whether, and to what extent, emerging ventilation image acquisition sequences can 

provide diagnostic information similar to a dedicated multi-slice GRE acquisition. 

Thus, in this work, we sought to address these two questions to determine the 

degree to which 3D-radial ventilation images acquired as part of a gas exchange study 

could deliver similar quantitative results compared to standard multi-slice GRE 

acquisition. We used our established linear-binning method (71, 175, 177) to derive the 

quantitative metrics – ventilation defect percentage (VDP), low-, medium- and high-

ventilation percentage (LVP, MVP, and HVP, respectively). We present a solution to 

manage the non-Gaussian reference distributions derived from the 3D-radial acquisition. 

We tested the degree to which the quantitative metrics derived from the two 

acquisitions agreed both globally and regionally. The results of our investigation may 

help answer the question of whether and to what degree the 3D-radial acquired 

ventilation images derived from 129Xe gas exchange can substitute for a dedicated multi-

slice GRE acquisition. 
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6.2 Methods 

6.2.1 Subject Inclusion and Exclusion Criteria 

A total of 36 cases were included from subjects who had undergone both multi-

slice GRE MRI and 3D-radial gas exchange MRI, with ventilation image signal-to-noise 

ratio (SNR) greater than 6. This cohort included 11 COPD (age: 62.5±12.2 years, FEV1%: 

50.1 ± 22.0), 3 left heart failure (LHF) (age: 65.4 ± 6.5 years, FEV1%: 70.6 ± 17.2), 5 PAH 

(age: 51.2 ± 6.9 years, FEV1: 71.0 ± 12.9), 6 chronic thromboembolic pulmonary 

hypertension (CTEPH) (age: 48.3 ± 18.1 years, FEV1: 77.5 ± 13.6), and 11 non-specific 

interstitial pneumonia (NSIP) (age: 55.2 ± 10.2 years, FEV1: 58.4 ± 10.6) subjects. All 

subjects provided written informed consent prior to the scan. Studies were conducted 

under a protocol approved by the Institutional Review Board, and subject to an FDA 

Investigational New Drug (IND) #109,490 application.  

6.2.2 Image Acquisition 

All MR scans were acquired on a 3-Tesla SIEMENS MAGNETOM Trio scanner 

(VB19). Briefly, subjects were scanned in the supine position with a flexible quadrature 

129Xe vest coil (Clinical MR Solutions, Brookfield, WI) that was tuned to the 34.09 MHz 

129Xe frequency and proton-blocked to permit acquiring anatomical scans using the 1H 

body coil. After the initial localizers and proton thoracic cavity scans (described below), 

subjects underwent a dedicated ventilation MRI using a fast spoiled gradient echo 

sequence (GRE) sequence with DE = 97 ± 13 ml, followed by a 3D radial gas exchange 

MRI with DE = 187 ± 15 ml. Scans were performed in the supine position and subjects 

were coached to inhale the gas doses from functional residual capacity (FRC). 
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GRE ventilation images were acquired with field of view (FOV) = 38.4 × 36 cm, 

matrix = 96 × 90, slice thickness = 12-18 mm, bandwidth = 170 Hz/pixel, flip angle = 10°, 

repetition time (TR)/echo time (TE) = 7.65/3 ms, and resolution = 4 × 4 × slice thickness 

(mm3). A matching image of the thoracic cavity was acquired using the 1H body coil 

with the subject positioned in the 129Xe coil and inhaling 1-L of room air from a bag to 

match lung inflation. The 1H scan employed a steady state free precession imaging 

sequence (SSFSE) with FOV = 38.4 cm, matrix = 192 × 192, slice thickness = 12-18 mm, 

echo spacing = 3.46 ms, TR/TE = 800/31 ms, NEX = 0.5 (half Fourier), bandwidth = 789 

Hz/pixel, flip angle = 108°, and resolution = 2 × 2 × slice thickness (mm3). 

Subsequently, 3D-radial ventilation images were acquired as part of the gas 

exchange acquisition (188). The gas and dissolved-phase 129Xe distributions were each 

encoded using 1000 randomized radial views and reconstructed to 1283 matrix using an 

isotropic FOV (36-40 cm)3 (188, 213), TE/TR = TE90/7.5 ms, TE90 =0.45 – 0.5 ms, bandwidth 

= 800 Hz/pixel (dwell time = 9.8 us) and flip angles = ~0.5/20°. This was accompanied by 

a matching 3D-radial 1H thoracic cavity scan for which subjects again inhaled 1 L room 

air. This acquisition consisted of 4601 radial views, 64 samples per projection, TE/TR = 

0.52/3.54 ms, readout bandwidth = 562 Hz/pixel, flip angle = 5°. 
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6.2.3 Image Analysis 

6.2.2.1 Linear Binning Quantification for Non-Gaussian Ventilation Distribution 

 

Figure 41. Setting binning thresholds for a Gaussian vs. non-Gaussian healthy 

reference population. (a) unscaled histogram for a healthy subject acquired using 

multi-slice GRE sequence on a 1.5 T system. (b) This histogram was scaled with top one 

percentile, (c) then binned basing on a Gaussian reference distribution. (d) The 

averaged histogram for a healthy subject acquired using 3D-radial sequence is skewed. 

(e) Box-Cox transformation was applied to transform the skewed distribution of a 

healthy population to normal distribution. (f) The updated thresholds were then 

derived using equation 1. The resulting thresholds derived for the healthy reference 

cohort with 3D-radial imaging are non-linearly spaced at [0.227, 0.477, 0.686, 0.828, 

0.940]; however each bin encompasses the same percentage of the histogram as its 

Gaussian counterpart. 

Both the multi-slice GRE and isotropic 3D-radial ventilation images were 

quantified using the previously described linear binning method (71, 177). The GRE 

ventilation images were parsed into individual bins, as previously described, using the 

published thresholds that had been established based on a healthy reference cohort 

scanned at 1.5 Tesla (175, 177). The process of rescaling by the top percentile and binning 

of the GRE scan is illustrated in (Figure 41 a-c). Note that both the individual data from 
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this subject and the healthy reference population appear Gaussian upon visual 

examination. By contrast, the 3D radial acquisition, after bias field correction and top 

percentile rescaling, generates a skewed/shifted-Gaussian signal distribution in healthy 

volunteer (Figure 41 d). Such skewing/shifting is also observed in larger healthy cohorts. 

If using the previous Gaussian-based way to classify the distribution, most clusters will 

end up in the high-intensity side of the histogram. Thus, in order to derive appropriate 

binning thresholds, a Box-Cox transform given by Equation 14 was applied to transform 

the skewed healthy reference distribution y into a normal one 𝑦(λ) using a 

transformation parameter  = 1.348. 

Equation 14: Forward Box-Cox Transformation 

𝑦(λ) = {
𝑦𝜆 − 1

𝜆
, 𝑖𝑓 𝜆 ≠ 0 

𝑙𝑜𝑔𝑦, 𝑖𝑓 𝜆 = 0

 

This normal distribution was then normalized to 0 to 1 (Figure 41e). This 

transformed distribution when analyzed over the healthy cohort exhibits a mean of 0.513 

and a standard deviation (SD) of 0.215, which were used to generate binning thresholds 

in the transformed space. These threshold values were then transformed back to the 

original distribution space using Equation 15: 

Equation 15: Reverse Box-Cox Transformation 

y = √𝜆 ∙ 𝑦(𝜆) + 1
𝜆

 

Note that this generalized approach creates thresholds that are no longer evenly 

spaced, but the resulting bins still encompass the same percentages of voxels as for the 

case of the purely Gaussian distributions (34.1% for the bins within 1 SD of the mean, 
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13.6% for the next bin). For this 3D acquisition, this approach generated thresholds of 

0.227, 0.477, 0.686, 0.828 and 0.940 as shown in Figure 41f. Using these thresholds for the 

3D acquisitions and the previous thresholds of 0.16, 0.34, 0.52, 0.7, and 0.88 for multi-

slice GRE scans, permitted quantifying the ventilation defect percentage (VDP), as well 

as low-, medium- and high-ventilation percentage (LVP, MVP, HVP).  

6.2.2.2 Resampling and Registration for Pixel-wise Comparison of GRE vs. 3D radial-

derived maps 

 

Figure 42. Resampling and registration workflow for pixel-wise comparison of GRE 

and 3D-radial derived maps. (a) The z-dimension of the 3D-radial images was first 

cropped to match the slice coverage of the multi-slice GRE acquisition. (c, e) cropped 

3D-radial images were then interpolated to 128x128x14. The (c) interpolated 3D-radial 
1H images were registered to (b) the SSFSE 1H images using a SyN diffeomorphic 

registration with rigid and affine as pre-registration steps. This registration yielded the 

(d) registered 3D-radial 1H images. The transformation matrix generated from the 



 

142 

registration was applied to the (e) averaged 3D-radial 129Xe images to derive the (f) 

registered 3D-radial 129Xe images. 

To enable pixel-wise comparison of the ventilation maps, the 3D-radial images 

were re-sampled to a 128×128×14 matrix with FOV= 38.4 cm and co-registered, as 

illustrated in Figure 42. The multi-slice GRE images were acquired as a 96×90×14 matrix 

with a native resolution of 4×4×15mm, whereas the 3D radial images were reconstructed 

as a 128×128×128 matrix, with a nominal voxel size of 2.83 or 3.13 mm3. The multi-slice 

GRE with a FOV = 38.4 × 36 cm was first zero-filled to 96×96×14 and then interpolated to 

128×128×14. Similarly, the SSFSE proton images, acquired at a native resolution of 

192×192×14 were down-sampled to 128×128×14. For 3D-radial ventilation images, they 

were first zero-filled or cropped to fit into the 38.43 cm3 field of view and then 

interpolated to 1283. Subsequently, the portions of their z-dimension that were not 

covered by the corresponding GRE acquisition were removed. Next these, cropped 3D-

radial images were down-sampled to 128×128×14. Subsequently, the resampled proton 

3D-radial images were registered to the proton SSFSE images (128×128×14) using a rigid, 

affine and symmetric normalization (SyN) diffeomorphic registration packages from the 

ANTS toolkit (93). Their masks were also included in the registration process to limit 

voxels considered by the registration metric. The resulting transformation matrix was 

applied to the resampled 129Xe 3D-radial ventilation images to register them to the same 

space as the corresponding 129Xe GRE images.  
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6.2.3 Statistical Analysis 

To test the degree of global quantitative agreement of the metrics VDP, LVP, 

MVP and HVP derived from the two acquisitions, Bland-Altman plots were used to 

determine any bias and establish the limits of agreement. Correlation coefficients 

between these metrics were also evaluated between the two acquisitions. For pixel-wise 

comparison, spatial similarities for VDP, LVP, MVP, and HVP between the two 

acquisitions were derived using Dice coefficient. All statistical analyses were performed 

using JMP 11 (SAS Institute Inc., Cary, NC). 

6.3 Results 

6.3.1 Inter-method Comparison of Binning Percentages 

6.3.1.1 Global Comparison 

 

Figure 43. Comparing the multi-slice GRE images to the original 3D-radial images, 

along with associated VDP, LVP, and HVP. Note, the 3D-radial are reconstructed with 

128 partitions, and only every 4th one is shown here. 

Representative scans and associated maps for multi-slice GRE vs 3-D radial 

acquisitions acquired from a COPD patient are shown in Figure 43. The images and 
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maps exhibit good qualitative agreement between the two acquisitions. In this patient 

with obvious ventilatory abnormalities, the quantitative metrics from GRE vs 3D radial 

imaging agreed well, with VDP of 36 vs 39%, LVP was identical at 22%, and HVP was 7 

vs 6%. When such comparisons were made over the entire cohort, the metrics derived 

from GRE ventilation vs 3D-radial-ventilation also agreed well: VDP =1.9±3.4%, 

LVP=2.0±5.9%, and HVP = 0.1±3.5%. When examined by disease group, the 

ventilation defects were considerably higher for COPD relative to the other groups Table 

6. The correlation coefficient (r) for the entire cohort was 0.98 for VDP, 0.73 for LVP and 

0.83 for HVP.  

Table 6. Global comparison of quantitative metrics derived from GRE and 3D-

radial acquisitions. 

Statistic 
COPD 

(n=11) 

LHF  

(n=3) 

PAH 

(n=5) 

CTEPH 

(n=6) 

NSIP 

(n=11) 

Total  

(n=36) 

3D-radial acquisition 

VDP (%) 33.7 ± 19.2 10.8 ± 5.2 9.2 ± 7.3 7.1 ± 4.7 3.2 ± 2.1 15.8 ± 17.7 

LVP (%) 26.7 ± 4.7 24.0 ± 7.6 23.2 ± 9.7 23.0 ± 11.0 15.6 ± 7.1 22.3 ± 8.6 

HVP (%) 6.5 ± 2.7 11.5 ± 4.7 9.9 ± 3.2 10.3 ± 3.9 13.9 ± 8.8 10.1 ± 6.1 

Multi-slice GRE acquisition 

VDP (%) 36.7 ± 19.5 12.3 ± 7.9 9.6 ± 6.8 9.0 ± 6.0 4.6 ± 2.8 17.7 ± 18.5 

LVP (%) 24.4 ± 6.7 21.8 ± 9.5 19.5 ± 6.0 17.8 ± 8.8 16.7 ± 4.8 20.3 ± 7.4 

HVP (%) 6.2 ± 1.8 10.5 ± 5.1 8.5 ± 3.9 11.7 ± 5.7 13.8 ± 7.4 10.0 ± 5.9 

Differences between two acquisitions  

VDP (%) 2.9 ± 4.6 0.2 ± 2.1 0.4 ± 3.1 1.9 ± 3.2 1.4 ± 1.8 1.9 ± 3.4 

LVP (%) 2.3 ± 5.4 1.1 ± 4.9 3.7 ± 6.6 5.2 ± 5.3 1.1 ± 5.8 2.0 ± 5.9 

HVP (%) 0.3 ± 1.9 1.2 ± 4.4 1.3 ± 3.1 1.4 ± 4.8 0.0 ± 4.0 0.1 ± 3.5 

Correlation coefficient (r) 

VDP 0.97 0.97 0.91 0.85 0.76 0.98 

LVP 0.61 0.88 0.47 0.88 0.58 0.73 

HVP 0.67 0.73 0.62 0.56 0.89 0.83 

COPD: Chronic obstructive pulmonary disease; LHF: Left heart failure; PAH: Pulmonary artery 

hypertension; CTEPH: Chronic thromboembolic pulmonary hypertension; NSIP: Nonspecific 

interstitial pneumonia. 
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Figure 44. The limits of agreement between radial and GRE acquisitions for VDP were 

[-9% to 10%] with a -2.1% bias, for LVP were [-10% to 16%] with a 2.0% bias, and for 

HVP were [-8% to 8%] with a 0.1% bias. 

The Bland-Altman plot for the various metrics derived from radial vs GRE 

acquisitions is shown in Figure 44. The limits of agreement for 3D-radial vs GRE for 

VDP were [-9% to 8%] with a -1.9% bias, for LVP were [-10% to 16%] with a 2.0% bias, 

and for HVP were [-8% to 8%] with a 0.1% bias. 

6.3.1.2 Pixel-wise Comparison of Binning Maps 

The effect of resampling the 3D radial images to the multi-slice GRE space is 

illustrated in Figure 45. The left side of the figure shows every 5th partition of the original 

data set and its associated maps, while the right side shows the re-sampled and re-scaled 

data in the GRE space. This COPD subject exhibits substantial ventilation defects as well 

as a low-ventilation region in the upper right lobe on the 10th slice (arrow), and this same 

pattern can be seen in the resampled data. In aggregate, resampling of the 3D radial 

images left the quantitative metrics largely unchanged, with average changes of 

VDP=1.4±4.2%, LVP=0.2±5.8%, and HVP=3.6±2.5%. 
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Figure 45. Representative 129Xe ventilation MRI and maps for the original vs. registered 

and down-sampled 3D-radial images for a COPD patient (FEV1=66%). For the original 

vs resample image, VDP, LVP and HVP were found to be 39% vs 38%, 27% vs 27%, and 

5% vs 6%. The defect and low-ventilation regions on the right upper lobe are preserved 

after the resampling as indicated by the arrows. 

Figure 46 shows the qualitative comparison of the re-scaled, resampled 3D radial 

images vs. the multi-slice GRE acquisition for a COPD patient. For this subject, 

exhibiting a VDP of 35% on GRE, qualitative spatial agreement of the VDP regions 

between the resampled 3D radial and GRE maps is quite good. This is indicated by a 

relatively strong Dice coefficient of 0.7 for VDP in this subject. However, agreement for 

LVP is compromised. While the low ventilation in the upper right lobe (arrows) 

described previously is also present in the resampled 3D-radial images, 3D radial 

images show numerous slices in the anterior left lung to have LVP, whereas on GRE 

these regions are normal. This led to a relatively poor spatial overlap of LVP in this 

subject, with a Dice coefficient of 0.3. This pixel-wise mismatch was also shown in the 

HVP region, although this is likely attributable to it encompassing a very small 
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percentage of the lung. For the entire cohort, the spatial overlap between GRE and 3D-

radial was modest for VDP (Dice=0.5 ± 0.2), and relatively poor for LVP (0.3 ± 0.1) and 

HVP (0.2 ± 0.1). These results are summarized in Table 7. 

 

Figure 46. Comparison of the original GRE 129Xe ventilation MRI to the registered, 

down-sampled 3D-radial images for the same patient COPD shown in Figure 45. 

Although quantitative agreement for VDP, LVP and HVP are excellent, the dice 

coefficients are moderate for VDP (0.7) and poor for LVP and HVP (0.3). 

 

Table 7. Pixel-wise comparison of quantitative metrics derived from GRE and 

resampled 3D-radial 

Statistic 
COPD 

(n=12) 

LHF  

(n=3) 

PAH 

(n=8) 

CTEPH 

(n=5) 

NSIP 

(n=13) 

Total  

( n=44) 

Dice coefficient 

VDP 0.6 ± 0.1 0.5 ± 0.1 0.5 ± 0.1 0.3 ± 0.1 0.3 ± 0.1 0.5 ± 0.2 

LVP 0.4 ± 0.1 0.3 ± 0.1 0.3 ± 0.0 0.3 ± 0.1 0.3 ± 0.1 0.3 ± 0.1 

HVP 0.2 ± 0.1 0.2 ± 0.1 0.2 ± 0.0 0.2 ± 0.1 0.2 ± 0.1 0.2 ± 0.1 

COPD: Chronic obstructive pulmonary disease; LHF: Left heart failure; PAH: Pulmonary arterial 

hypertension; CTEPH: Chronic thromboembolic pulmonary hypertension; NSIP: Nonspecific interstitial 

pneumonia. 

 

6.4 Discussion 

This study sought to establish a means to evaluate the degree of agreement 

between quantitative metrics derived from 3D-radial and multi-slice GRE ventilation 
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images on our 3T system. Such a comparison required first establishing a robust means 

to determine quantitative binning thresholds for 3D-radial acquisition in which the 

healthy reference distribution is not a simple centered Gaussian. This was achieved by 

using a Box-Cox transformation to render skewed healthy reference distribution into a 

normal distribution. From this, the mean and standard deviation of this normal 

distribution from a healthy cohort were used to derive the thresholds to classify 

individual ventilation data into VDP, LVP, MVP, and HVP. Using this transformation, 

the resulting bins still encompass the same percentages of voxels as in the case of a 

standard Gaussian distribution (34.1% for the bins within 1 SD of the mean, 13.6% for 

the next bin). This optimization could enable the linear binning method to be easily 

disseminated to other imaging centers using imaging sequences that also generate non-

Gaussian distributions in healthy cohorts. 

The global agreement between GRE and radial was good for VDP, which was 

within the range of -9% to 8%, although other metrics had slightly larger ranges. Before 

commenting on these biases, we need to note that our previous study on comparing 

different acquisition methods using the same quantification methods yielded an 

agreement of around -4% to 6% for VDP (214). Moreover, we have also compared the 

linear binning method with the K-means method on the same dataset, which yielded a 

limit of agreement of [+0.2%, 4%] between two quantification methods. Given the 

ventilation images in the current study were acquired using different doses, and the gas-

phase scan acquired as part of the gas exchange acquisition delivers lower resolution 

and SNR, the reported variation for VDP are quite reasonable.  
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Figure 47. A representative COPD subject acquired using both GRE and 3D-radial 

sequences. These ventilation images were analyzed using the linear binning method 

both before and after the bias field correction. Prior to the bias field correction, the VDP 

was 31% for 3D-radila and was 40% for multi-slice GRE. However, VDP was 26% and 

36% for 3D-radial and GRE ventilation images after bias field correction. 

One of the possibilities for the relatively broad limits of agreement is due to the 

different characters of the acquisition and post-processing procedures. Figure 47 shows 

a representative COPD subject with a heterogeneously distributed ventilation defects in 

the lung. Before the bias field correction, the linear binning yielded a VDP of 31% for 3D-

radial and 40% for GRE. However, after the bias field correction was applied to both 

methods, the linear binning method yielded a VDP = 26% for 3D-radial and a VDP = 36% 

for GRE. Although key features were preserved between the two acquisitions, there are 

regions (pink arrows) that are presented as low ventilation in the dedicated ventilation 

scan showed as ventilation defects in the 3D-radial scan or after bias filed correction. 

This disagreement is likely due to the unmatched gravitational gradient, and the bias 

field algorithm operated differently on these two scans. Specifically, the 3D-radial 

acquisition preserves the gravitational and other physiological-related intensity 
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gradients, whereas the multi-slice GRE sequence somewhat diminishes these gradients 

by virtue of its anterior-to-posterior slice acquisition. B1 inhomogeneity was originally 

developed for brain MRI inhomogeneity correction (144). Although Tustison et al (59, 

144) applied it to lung, the results presented here suggest that it is likely we need to 

perform more detailed validation. Without validation, these intensity gradients may 

ultimately change the ventilation distribution, which results in poor agreement on the 

quantification metrics.  

 

Figure 48. Representative non-specific interstitial pneumonia (NSIP) subject with 

similar quantitative metrics but relatively modest spatial agreement. A representative 

COPD patient has a VDP=14%, LVP=25%, and HVP = 7% for GRE ventilation images. 

The resampled 3D-radial ventilation images has a VDP= 13%, LVP= 22%, and HVP=6%. 

The Dice coefficient for VDP was 0.42, and was 0.37 and 0.24 for LVP and HVP 

respectively. 

When comparing the quantified acquisitions on a pixel-wise basis, modest spatial 

agreement was found in VDP, whereas poor spatial agreements were seen for the other 

ventilated clusters. Besides the possible ventilation redistribution between these two 

acquisitions, the processes of 3D-radial offline reconstruction and interpolation (during 

co-registration and down-sampling) could have lost some of the high-frequency 

information. Moreover, it is interesting to note that the Dice coefficient was quite low 
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even though the quantitative metrics show good agreement numerically. As shown in 

Figure 48, the multi-slice GRE ventilation yields VDP =14% , LVP=25%, and HVP = 7%, 

while the resampled 3D-radial ventilation yields VDP =13%, LVP=22%, and HVP=6%. 

However, the Dice coefficient between these two acquisitions was only 0.42 for VDP, 

0.37 for LVP, and 0.24 for HVP. While the low agreement could be due to the different 

effect of the bias field correction or the limitations of co-registration accuracy, another 

important contributor could be the differences in lung volume. These differences could 

be caused by 1. Different lung inflation levels between these two scans, 2. Gradient wrap 

correction, and 3. Pixel barely moves from one intensity cluster to another between these 

two scans. Note that gradient wrap was corrected for multi-slice GRE because it is 

reconstructed directly on the scanner and is able to access the manufacturer 

measurements of gradient non-linearities. By contrast, the 3D-radial images are 

reconstructed off-line and do not have access to such corrections. Although they are 

expected to be modest for our system, this could still have an effect. Although SyN 

diffeomorphic registration was applied, slight misregistration may lead to low spatial 

overlapping thus a low Dice coefficient. 

In conclusion, both multi-slice GRE and 3D-radial gas exchange MRI can image 

ventilation with a good global agreement on VDP. The multi-slice GRE acquisition 

provides high SNR and depicts ventilation features with greater in-plane detail. On the 

contrary, the 3D-radial gas exchange MRI can provide isotropical resolution and 

provides both dissolved phase images and regional ventilation. However, to achieve this 

dual phase imaging, the 3D-radial image is undersampled. Although we can trade 
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resolution for higher image SNR through reconstruction (213), the reduced resolution 

may compromise the capability of resolving heterogeneously distributed defects. In 

cases where ventilation and/or changes to ventilation are not of primary interest, it is 

likely that combined 3D-radial imaging will be adequate. However, for cases where 

subtle changes in ventilation (such as in asthmatic subjects pre- and post-bronchodilator) 

are of primary interest, a dedicated ventilation scan will likely continue to be required.  
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7. Establish Ventilation and Perfusion MRI at 3 Tesla, 
with Deployment of an Automated Quantification 
Pipeline for Multi-Center Studies 

During this work, several practical engineering challenges were raised. First, HP 

MRI has so far mostly been demonstrated at 1.5 T, while most MRI vendors are 

transitioning multi-nuclear platforms to 3 T. This transition requires reconsiderations of 

the image acquisition and quantification workflows. Moreover, 129Xe gas exchange MRI 

provides functional information in both the barrier tissue and the RBC compartment. 

However, the cause of RBC defects, whether is due to diffusion- or perfusion-limitation 

or both, is not well studied.  

In this chapter, we sought first to understand the causes of RBC defects by 

comparing the gas exchange maps to a more well-established approach—Gd-enhanced 

DCE perfusion MRI. To facilitate this comparison, a quantitative perfusion pipeline was 

developed, which can derive metrics such as pulmonary blood flow (PBF), pulmonary 

blood volume (PBV), mean transit time (MTT) and then classify them into clusters 

similar to what we have introduced in ventilation MRI. Although we ran into challenges 

in recruiting more subject to conduct perfusion imaging, this preliminary work laid the 

groundwork for interpreting the RBC defect in gas exchange MRI. We also sought to 

optimize the ventilation acquisition sequence at 3 T with shorter scan time, better 

contrast and SNR for further quantification. With these optimized sequences, we want to 

further improve our linear binning quantification workflow by implementing an 

automatic thoracic cavity segmentation and a more advanced vasculature filter. Taken 
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together, we can provide a robust acquisition protocol and an automatic quantification 

pipeline for clinical deployment. 

 

7.1 Understanding Gas-exchange MRI with Perfusion MRI   

7.1.1 Motivation 

Hyperpolarized 129Xe MRI is emerging as a powerful means to provide a 3D 

quantitative mapping of ventilation, interstitial barrier uptake, and red blood cell 

transfer. Among all the patients we have scanned, a wide variety of patients exhibit 

significant defects in RBC transfer. However, the origins of those defects are not yet well 

understood. Specifically, whether these defects are caused by perfusion-, diffusion 

limitation, or microvascular destruction is unknow. As a first step, we sought to 

compare RBC defects to a clinical established technique – Gd DCE perfusion MRI. Given 

that DCE-perfusion MRI is known to show perfusion deficits, we sought to use DCE 

perfusion MRI to test the degree to which RBC defects correlate with DCE defects. The 

beginning of this comparison requires both gas exchange and perfusion MRI to be 

quantified into quantitative metrics. To date, the linear binning method introduced for 

quantifying ventilation MRI has already been extended to gas exchange MRI (71). 

However, we also require a dedicated quantification pipeline for perfusion MRI.  

In this study, we sought to establish a quantification pipeline for DCE-perfusion 

MRI. These perfusion images were first analyzed to derive pulmonary blood volume 

(PBV), blood flow (PBF), mean transit time (MTT) and maximum enhancement map. 

Then, a linear binning based quantification method was applied to classify these maps 
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into binning maps. In this way, the quantified perfusion binning maps can be directly 

compared to the gas exchange binning maps. 

 

7.1.2 Developing an Quantification Method for Perfusion MRI 

7.1.2.1 Image Acquisition 

2 healthy subjects, one pulmonary artery hypertension (PAH) and one radiation 

therapy (RT) patients were imaged using a 3-Tesla SIEMENS MAGNETOM Trio scanner 

(VB19). Note, due to concerns about Gd-contrast deposition that became more 

prominent nationwide during the encore of the research, we ultimately had to cut the 

Gd-enhanced perfusion MRI from the clinical protocol. Therefore, just four subjects were 

acquired to enable key methodology development. Briefly, subjects were scanned in the 

supine position and underwent Gd-enhanced DCE MRI. Contrast injection was 

performed using a relatively small dose of 0.025 mmol/kg dose of gadobenate 

dimeglumine (Gd-BOPTA, Multihance; Bracco Imaging SpA, Milan, Italy) at 4 mL/s 

followed by a 35 mL saline flush. The small dose limits patient exposure to Gd and 

ensures a linear relationship between signal intensity and contrast concentration in the 

lung parenchyma (82). Contrast injection occurred 6 seconds after the start of the scan to 

allow the acquisition of a pre-contrast mask. 

7.1.2.2 Image Analysis 

The proton mask was manually segmented from the pre-contrast mask of the 

perfusion data. Then, the voxel-wise signal time courses were calculated by subtraction 

of and normalization to the baseline mask signal. A region of interest was then manually 
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selected in the pulmonary trunk, and the 100 voxels with the highest intensity were 

averaged at each time point to produce an arterial input function (AIF). Pulmonary 

Blood Flow (PBF), Pulmonary Blood Volume (PBV), and Mean Transit Time (MTT) were 

then calculated based on indicator dilution theory using a truncated singular value 

decomposition deconvolution technique (threshold = 0.3). These maps were then 

quantified using the previously introduced linear binning method in Chapter 3 using a 

linear-spaced threshold of [0, 0.2, 0.4, 0.6, 0.8]. In principle, if one could collect a 

reasonable set of perfusion MRI scans from healthy volunteers, then one could use the 

same referencing strategy as developed for the ventilation quantification method.  

7.1.3 Results  

All perfusion images went through the proposed quantification workflow. As 

shown in Figure 49, a representative PAH subject was quantified into maximum 

enhancement map, pulmonary blood volume (PBV), pulmonary blood flow (PBF), mean 

transit time (MTT), and time to peak (TTP) maps. This subject shows decreased 

perfusion on the apex and basal lungs. Moreover, the MTT map shows a delayed blood 

transfer on the right apex lung. 
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Figure 49. A representative PAH subject was quantified using the perfusion MRI 

quantification workflow into maximum enhancement map, pulmonary blood volume 

(PBV) map, pulmonary blood flow (PBF) map, mean transit time (MTT) map and time 

to peak (TTP) map.  

7.1.4 Discussion 

We have established a quantification workflow for the contrast-enhanced DCE 

perfusion MRI.  However, recent attention from the FDA has been paying to the Gd-

contrast agent due to Gd deposition (215) and nephrogenic systemic fibrosis (NSF) (216). 

This has limited our ability to recruit more patients in acquiring perfusion MRI. 

Therefore, the relationship between perfusion MRI and gas exchange MRI has not been 
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established in this preliminary work. However, this technical development has laid the 

groundwork for future interpretation of the causes of RBC defects, which has further 

assisted the clinical dissemination of 129Xe gas exchange MRI.  

Collectively, this chapter illustrates the optimizations we have made after the 

MR system transition. This efficient clinical protocol and the robust quantification 

workflow lay the critical groundwork for multicenter disseminations. 

 

7.2 129Xe Gas MRI on 3 Tesla System 

7.2.1 Motivation 

Unlike 1H MRI, the hyperpolarized signal does not increase linearly with the 

magnetic field strength. The increase of magnetic field strength will, on the contrary, 

elevate the effect of susceptibility and reduce the T2*. Therefore from a pure ventilation 

imaging perspective, higher field strength is not necessarily beneficial. However, 

because hyperpolarized gas MRI requires multi-nuclear capabilities, and MR vendors 

are increasingly supporting this only on their 3T systems, it became imperative for us to 

establish the 129Xe MRI on a 3T system. This, in turn, raised the need to re-optimize 

sequences so that they can yield equivalent image SNR comparing to the 1.5 T system. 

Our standard ventilation protocol on our 1.5 T system includes a 1H Fast Imaging 

Employing Steady-state Acquisition (FIESTA) sequence to capture the thoracic cavity 

anatomical information and a 129Xe GRE sequence to encode the ventilation image. One 

of the advantages of the FIESTA sequence is the strong delineation of the pulmonary 

vasculature. However, this sequence is susceptible to field inhomogeneity and 
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susceptibility differences between tissue and air. Therefore, the tissue structures near the 

ribs have a similar intensity to the lung parenchyma, which hampers the robust 

segmentation of the lung mask. This may suggest 3 T system ultimately favor an 

alternative 1H sequence. Moreover, the GRE sequence needs to be adapted to 3 T field 

strength and further improved to accommodate patients with severe diseases who 

cannot hold their breath more than 10 sec (217).  

In this study, we sought to further improve the GRE sequence with shortened 

scan time by enabling a bigger bandwidth and smaller TE. We also sought to employ a 

Single-Shot Fast Spin Echo sequence (SSFSE) sequence, which refocused any field 

inhomogeneity using a train of 180o pulses and is advantageous for the delineation of 

the lung parenchyma. These sequences, following the Xenon consortium standard (217), 

will be used for the phase III clinical trial in patients being evaluated for lung transplant 

and lung resection surgery.  

7.2.2 Demonstrating 129Xe gas MRI on 3T   

Table 8. Anatomical Scan Parameters 

Sequence type Breath-Hold SSFSE 

TR Infinite (800 ms between excitations) 

TE 31 ms  (minimum) 

Echo spacing 3.46 ms 

Slices 14 

Slice thickness 15 mm 

Order Sequential 

Gap None 

Matrix (y * x) 192  192 

FOV 38.4 cm 

NEX 0.5 (half Fourier) 

Orientation  Coronal 
a These parameters cannot be modified. 
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Table 9. Ventilation Scan Parameters 

Sequence type RF-spoiled GRE 

TR 7.65 ms (minimum) 

TE 3 ms (minimum) 

Flip angle 10° 

Slices 14 

Slice thickness 15  mm 

Order Anterior to posterior (sequential) 

Asymmetric echo Allowed  

Gap None 

Matrix (y * x)  96  90 

FOV 38.4  36.0 cm (94% rec) 

NEX 7/8 phase partial Fourier allowed 

Rx Bandwidth 170 Hz/pixel 

Orientation Coronal 

Duration 8.5 sec 

 

The scanning parameters (217) for both the SSFSE 1H and the GRE 129Xe scans are 

summarized in Table 8 and Table 9. This SSFSE acquisition has the advantage of 

minimizing susceptibility artifacts from the ribs. Minimum echo time was used for the 

GRE 129Xe sequence to minimize susceptibility artifacts from the ribs. Moreover, 

asymmetric echo (86/256 for x, 128/256 for y) was utilized to save the readout time, 

shorten the minimum echo time, while preserving the resolution. 
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7.2.3 129Xe gas MRI Comparison between 1.5 T and 3 T 

 

Figure 50. Representative 129Xe ventilation MRI acquired with multi-slice GRE 

sequence on both 1.5 T and 3 T platforms. Both scans have similar normalized SNR.  

The 129Xe 2D multi-slice GRE ventilation acquisition was shortened to 8 sec, with 

a voxel volume of 0.24 mm3. Figure 50 shows representative 129Xe ventilation scans on 

two healthy subjects acquired on 1.5 T and 3 T. The healthy subject acquired on the 1.5 T 

system has a voxel volume of 0.12 mm3 and an original SNR of 18.2. After normalized by 

dose equivalent, the normalized SNR was 2.48. After the system transition, the healthy 

subject acquired on the 3 T system has an original SNR of 43.9, and a normalized SNR of 

2.4. This ventilation MRI for a healthy subject on 3 T also shows homogenous ventilation 

distribution and detailed ventilation features similar to what we have seen on 

ventilation images acquired on a 1.5 T system.  
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Figure 51. 129Xe GRE, 1H FIESTA and 1H SSFSE acquired on the 1.5 T and the 3 T 

platforms for the same subject. 1H FIESTA is not acquired on 3T platform due to 

unresolved MR artifacts. Thoracic cavity image acquired using SSFSE shows better 

separation between tissue and air (yellow circle). 

1H SSFSE sequence was conducted in the 3 T platform for pulmonary anatomical 

information. As shown in Figure 51, the 1H FIESTA sequence shows a similar contrast 

between the tissue structures near the ribs and the parenchyma. However, thoracic 

cavity image acquired using SSFSE delineates the lung parenchyma with better 

separation between tissue and air (yellow circle), which as a result defines an accurate 

region of interest for the ventilation quantification. 

7.2.4 Conclusion  

In this chapter, we have demonstrated a robust clinical acquisition protocol and a 

quantification pipeline on our 3T system. Comparing to the GRE sequence on the 1.5 T 

system, the improved 129Xe GRE sequence provided a normalized SNR of 1.5 − 2 ml-2 at 3 

T, which is similar to the SNR at our previous 1.5 T system. This similar SNR 

performance suggests that we are body noise dominated. Ultimately, this protocol 
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would be robust in acquiring quantifiable 129Xe ventilation images both on the 1.5 T and 

the 3 T platforms and applies to multi-center dissemination. 

 

7.3 Automatic 129Xe Ventilation Quantification Pipeline 

7.3.1 Motivation 

Finally, to facilitate multi-center clinical trials, it is desired to centralize and 

standardize not only the acquisition but also the image processing procedure. Arguably, 

the most significant obstacle for such quantitative mapping lies in obtaining an accurate 

thoracic cavity segmentation. To overcome this problem, a convoluted neural-network-

based (CNN) automatic segmentation could be included in this pipeline. However, this 

CNN-based segmentation requires a large quantity of data for training and validation, 

whereas we have fewer than 100 multi-slice GRE ventilation datasets. In addition to the 

thoracic cavity segmentation, segmenting pulmonary vasculature was getting more 

challenging after transitioning to the 3 T system. Our previous 1H FIESTA sequence is 

good at resolving pulmonary blood information in the lungs. However, this FIESTA 

sequence cannot be performed on the 3T system due to un-resolved MR artifacts. On the 

contrary, the 1H SSFSE sequence cannot resolve blood vessels in the lung but presents 

better susceptibility to field inhomogeneity. Since Frangi filter (120) introduced in 

Chapter 3 is sensitive to noise and may suppress vasculature structures with elliptic or 

spherical shapes, the implementation of the Frangi method in SSFSE acquired proton 

images would result in noisy and incomplete vasculature segmentation.  
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In this work, we sought to include a CNN-based segmentation for robust 

thoracic cavity segmentation. The large data requirement for the neural network training 

was made possible by simulating additional data using a data augmentation algorithm. 

Moreover, we introduced a Jerman vasculature filter to extract vasculature from the 1H 

SSFSE MRI. Together with these capabilities, we sought to demonstrate a centralized 

processing pipeline for real-time image quantitative reporting of 129Xe ventilation 

images.  

7.3.2 Methods 

A CNN-based thoracic cavity segmentation was integrated into the segmentation 

aspects of our linear binning method established in Chapter 3. Briefly, the 129Xe 

ventilation clinical quantification workflow starts with saving 129Xe and 1H scans 

acquired on the scanner to a shared-access folder in DICOM format, where they can be 

transferred to our local drive. Then, the 129Xe ventilation pipeline is launched to first read 

in the DICOM files. The 1H images are then registered to the 129Xe images using a rigid + 

affine registration. After registration, the thoracic cavity mask is segmented using a 

neural network model described below. Afterward, an updated vasculature 

enhancement filter described below is used to segment the pulmonary vasculature from 

the registered 1H scan. The 129Xe ventilation data is then bias-field corrected 

(N4BiasfieldCorrection(182)), and then thresholded to produce color binning maps of 

ventilation introduced in Chapter 3. Next, the maps and the related quantitative metrics 

are automatically formatted to render a clinical report using an HTML template and 
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immediately saved in PPT format. Besides, NIFTI files of the color maps and 

quantitative metrics are archived for future reference.  

7.3.2.1 Incorporating a CNN-based 1H Thoracic Cavity Segmentation 

 

Figure 52. Original 1H thoracic cavity image was augmented to 20 simulated data using 

a combination of rotation, scaling, flipping, elastic transformations. In this figure, 5 

example transformations are showed.  

Fifty-five original 1H anatomical multi-slice scans and their semi-automatic 

segmentations generated using Avizo (Visualization Sciences Group, Burlington, MA) 

first underwent the augmentation algorithm (218). For every pair of 1H anatomical scan 

and its associated mask, 20 pairs of augmented images were generated using a 

combination of rotation, scaling, flipping, elastic transformations. In Figure 52, 5 

example transformations are showed. This augmentation yielded a total of 1155 pairs of 

augmented data, which were then separated into three groups. Specifically, we have 

1100 pairs of data for network training, 25 pairs for testing and 30 pairs for validation. 

Given every multi-slice scan has 14 image slices, these data were trained in 2D instead of 
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3D volumes. Therefore, we have 15400 pairs of image slices for training, 350 pairs for 

testing and 420 pairs for validation.  

 

Figure 53. Neural network model inputs anatomic 1H to obtain a binary thoracic cavity 

segmentation. The model consists of a down-sampling encoder, feature fusion layers, 

and an up-sampling decoder.  

The neural network model is based on the Segnet model (112), and its 

architecture is shown in Figure 53. This model consists of a down-sampling encoder (to 

extract image features), feature fusion layers (to incorporate the features), and an up-

sampling decoder (to restore image resolution), with down-sampling indices preserved 

(to retain high-frequency information) (219). The encoder is composed of convolutional 

layers with 3×3 filter size, batch-normalization, ReLU activation (220), and max-pooling 

layers. The number of filters doubled at every layer starting with N = 32 for the 

convolutional layers as noted in Figure 53. The decoder has a structure that is symmetric 

to that of the encoder to restore the image resolution. The max-pooling indices are saved 

for upsampling to retain the high-frequency information. Model training is the most 

computationally intensive portion of the processing. However, segmentation for the 

individual subject after the trained model was generated has minimal computational 

requirements. 



 

167 

7.3.2.2 Optimizing the Vasculature Segmentation  

Vasculature information in the 129Xe ventilation MRI has been reported to 

contribute to a false increase in ventilation defect percentage (VDP) as illustrated in 

Chapter 3. To solve this problem, we previously introduced a Hessian matrix based 

Frangi filter (120) to extract the vasculature mask and subtracted it from the thoracic 

cavity mask. However, the Frangi filter requires images with higher SNR, and it tends to 

suppress vasculature containing elliptical or sphere structures. Our proton images are 

acquired with relatively thick slices (12 mm to 15 mm), and they may contain vascular 

structures that are perpendicular to the acquisition plane. This non-tubular shape may 

be difficult for the Frangi filter to detect. These factors point to the need for an improved 

vasculature segmentation method. Here, we elected to extract the vasculature using a 

Jerman filter (128). Similar to Frangi filter, Jerman filter also starts with calculating three 

eigenvalues (1, 2, and 3) from the Hessian matrix. However, the enhancement 

function in Jerman filter is based on the ratio of the eigenvalues, which can cancel the 

dependence on the contrast of image structures. Moreover, this filter enhances both 

elongated and spherical structures, with large 2 and 3 and arbitrary 1. In this way, 

Jerman filter could catch bifurcations and some structural vascular pathologies like 

nodules (128), which may resemble spherical structures. In addition, the values for (2, 

3) are regularized so that it can, therefore, be robust to image noise. In this way, the 

vasculature was detected and removed to establish a corrected mask that preserves the 

maximum possible 129Xe image volume for quantitative analysis. 
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7.3.3 Automatic 129Xe Gas MRI Quantification Pipeline 

7.3.3.1 Performance of the Neural-network-based Segmentation 

 

Figure 54. Accuracy and loss plots for the trained neural network model. 

We applied the neural network segmentation model described above to the test 

set. The loss was calculated as the summation of the errors made for each example in the 

test set. The accuracy was calculated as the percentage of accurate classifications among 

all the test samples. As shown in Figure 54, this trained neural network model yielded a 

model accuracy of 0.986 and a model loss of 0.1 for the test data.  

 

Figure 55. Representative thoracic cavity masks generated by regional growing method 

and the convolutional neural network (CNN) model. Comparing to the region growing 

method, the CNN model produces accurate lung segmentations with clear separation 

between lung parenchyma and heart.  
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Figure 55 shows representative segmentations of a thoracic 1H images in the test 

sets using both the seeded-region-growing segmentation and the CNN-based 

segmentation. Our semi-automatic segmentation of the thoracic cavity (58, 175) does not 

provide a clear separation between parenchyma and heart. Using the neural network 

model, we have seen accurate segmentation of the lung parenchyma without including 

the heart and good separation of artery and lungs. 

7.3.3.2 Performance of the Jerman Vasculature Segmentation 

 

Figure 56. Performances of Frangi filter and Jerman on detecting vasculature from the 
1H images acquired using the FIESTA and SSFSE sequences filter. Both filters can 

detect vasculature from the proton images, however Jerman filter can detect a much 

more connected blood vessels.  

The Jerman filter was tested on proton images acquired at both 1.5 T and 3 T. We 

should note that 1H FIESTA sequence used on our 1.5 T system does not depend on T2* 

and employed a shorter TR, tends to highlight fluids such as blood vessels in the lung. 
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However, this FIESTA sequence is not susceptible to field inhomogeneity and cannot be 

performed on the 3T system due to MR-induced artifacts (221). On the contrary, the 1H 

SSFSE sacrifices resolving blood vessels with better delineation of the lung parenchyma 

boundary. Though posing difficulties in vessel segmentation, the SSFSE acquired 1H 

images are easier for thoracic cavity mask segmentation. Thus it was elected to apply on 

our 3T system. As shown in Figure 56, although both filters can detect the vasculature 

from the FIESTA sequence and the SSFSE sequence, Jerman filter outperforms the Frangi 

filter by accurately detecting the vasculature from both scans.  

7.3.3.3 Overall Automatic Workflow 

 

Figure 57. Representative quantitative clinical report in a COPD patient (FEV1: 

33%, FEV1/FVC: 42%, FEF25-75: 8%, DLCO: 28%).  
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A representative report for a COPD subject scanned according to the 3T protocol 

and analyzed using the method described here is shown in Figure 57. The automatic 

processing and clinical report generation are completed within 15 sec. In this report, the 

left panel shows the montages of the 129Xe ventilation images, 1H thoracic cavity images 

,and the quantitative binning map. The right upper panel shows the ventilation 

distribution in the lungs of the patient relative to the dashed line that reflects the healthy 

reference distribution. The right lower panel shows the quantitative metrics for this 

patient compared to reference values derived from a healthy reference population. 

According to this report, this COPD patient shows substantial ventilation defects, 

elevated CV and skewed intensity histogram.  

So far, about 100 subjects underwent this pipeline with an average processing 

time of 12 second/patient. Moreover, four HP 129Xe imaging sites are now seeking to 

adopt or duplicate this methodology for their clinical workflows.  

7.3.4 Discussion 

 

Figure 58. A representative radiation therapy patient with a tumor separating 

the left lung into two regions. 
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We removed user interventions from our previous introduced 129Xe ventilation 

quantification workflow in Chapter 3. This is done by incorporating a CNN-based 

thoracic cavity segmentation algorithm and a Jerman vasculature segmentation 

algorithm. Although this optimized workflow is automatic and robust, as we are 

scanning more and more subject with a variety of pulmonary disorders, the CNN-based 

segmentation may find difficulty generating an accurate thoracic cavity mask if the lung 

shape is not encompassed in our model training. Figure 58 shows a representative 

subject with a tumor separating the left lung into two regions, while the CNN model 

failed to segment the left lung. This problem could be solved by including more related 

cases in network training. Given the lack of included patients, future works can be done 

to simulate tumors on healthy 1H MR images to increase the quantity and diversity of 

the training data.  

Overall, the pipeline described here provides routine, fast, automatic data 

processing and clinical report generation without human intervention. This capability 

could provide a useful means to standardize ventilation processing procedures to 

facilitate multi-center studies.  
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8. Conclusions and Future Directions 

This thesis has demonstrated routine high SNR 129Xe ventilation protocols on 

both 1.5 T and 3 T system while also establishing the minimum required 129Xe doses and 

efficient imaging sequences. We have additionally demonstrated a robust and automatic 

quantification workflow for 129Xe ventilation MRI, that exploits the whole ventilation 

distribution and yields quantitative metrics that are reference to a healthy population. 

This clinical acquisition protocol and quantification workflow can be applied to a range 

of pulmonary abnormalities and is already being disseminated into other imaging 

centers. 

Future work will focus on understanding any remaining sources of test re-test 

variability, optimizing the segmentation and improving the acquisitions such that this 

pipeline is robust for everyone.  

8.1 Understanding the Nature of RBC Transfer Defects 

Among the most exciting developments in 129Xe MRI is the ability to now 

visualize not only the ventilation but also the barrier and RBC transfer within one breath 

hold. While recent work has shown both the barrier and RBC transfer to be super 

sensitive to diseases (222), much work is needed to understand and validate these 

measures. Here, we made an initial effort to understand RBC transfer using Gd-

enhanced DCE MRI. However, this effort was stumped by FDA regulatory issues. Thus, 

this validation will have to be tackled by other means.  

99mTc perfusion imaging using either planar (2D) scintigraphy (223) or 

SPECT/CT (224) is a clinically established gold standard to evaluate pulmonary 
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perfusion. Future work can include 99mTc perfusion imaging as an alternative means to 

interpret the causes of RBC defects in the gas exchange MRI. 

Another important work after the validation is to understand the outcomes of 

RBC or barrier defects. Using 129Xe ventilation MRI, Mummy et al. (56) and Kirby et al. 

(5) have investigated how ventilation defect percentage can predict pulmonary 

exacerbations in asthma and COPD patients. Similar in gas exchange MRI, future works 

can be done to investigate the gas exchange related defects in patients with interstitial 

and vascular diseases. This work could potentially establish the clinical biomarker of 

severe outcomes in patient with interstitial and vascular diseases.  

8.2 Validating Bias-field Correction 

In this work, we have incorporated a N4BiasCorrection algorithm to correct RF 

coil induced B1 inhomogeneity. However, this technique was originally developed for 

brain MRI (144) and has not been explicitly validated for use in correcting functional 

images (59, 144). For example, a key difference between brain and lung is that brains 

have relatively fixed density, whereas the lungs have regional variations in function and 

129Xe MRI is essentially an image of function rather than structure. Without validating 

the bias-field correction, the bias-field induced intensity gradients may ultimately 

change the ventilation distribution, which could hamper the reproducibility. Future 

works can generate an accurate bias-field through two methods.  

The first method involves regularizing the bias field correction algorithm so that 

it can only correct for RF coil induced inhomogeneity, not the other physiology-related 

gradients. This could be done by first acquire two back-to-back ventilation MRI, and 
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then calculate the flip angle map by dividing them. Then, the true B1 map (bias field 

map) can be derived using Equation 16.  

Equation 16. B1 field 

𝐵1 =
𝑓𝑙𝑖𝑝 𝑎𝑛𝑔𝑙𝑒

𝛾 ∙ 𝑡𝑝
 

Where 𝛾 is the gyromagnetic ratio, and 𝑡𝑝 is the duration of the RF pulse. 

Our algorithm-generated bias field map can be compared to this true bias-field 

map for validation. Subsequently, this bias field correction algorithm can be further 

regularized to best approximate the acquired B1 map.  

The other method could potentially solve this problem through optimizing the 

acquisition sequences. To do so, we could fit a low resolution image right after the 

multi-slice GRE ventilation or 3D-radial 129Xe MRI. Using this optimized sequence, the 

correct B1 map for every individual subject can be generated.  

8.3 Comparing the Performances of Fast Ventilation Sequences 

with Multi-slice GRE 

In this work, we have demonstrated the robustness of the multi-slice GRE 

sequence for 129Xe MRI quantification. As the progresses of MR pulse sequences, it 

should be useful and feasible to ultimately take advantage of pulse sequences that are 

much faster to acquire both anatomy and ventilation images. Future works could 

implement a spiral (69) sequence for both 1H and 129Xe ventilation scan. Ventilation 

images acquired with the new spiral sequence can later be compared with the multi-slice 

GRE ventilation images on SNR and structural details. Most importantly, both 

anatomical and ventilation scans acquired using spiral sequence need to be quantified 
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and compared to our traditional multi-slice GRE acquisition. If this yields the same 

quantitative results, future work could potentially replace multi-slice GRE with the 

spiral sequence. This would potentially allow application to patients with severely 

compromised function, or pediatric subjects who cannot complete a ~10 sec breath-hold.  

8.4 Optimizing CNN-based Thoracic Cavity Segmentation 

In this work, we have established a CNN-based thoracic cavity segmentation for 

our 129Xe ventilation quantification pipeline. However, as we are scanning more and 

more patients with rare parenchyma shapes and additional structural features such as 

fibrosis, edema and tumors, thoracic cavity segmentation becomes increasingly 

challenging. Patients with severe pulmonary fibrosis may have un-distinguishable 

parenchyma boundary, while irregular lung shapes may be seen in patients with edema 

or tumor as we presented in Chapter 7 (Figure 58). To solve this problem, future work 

can be done to establish a comprehensive CNN model for thoracic cavity segmentation, 

which accounts for not only the normal lung tissues, but also fibrotic tissues, edema or 

tumor. This could be done by first simulate fibrotic tissues, edema or tumor with the 

same resolution and contrast as in real 1H MRI. Then, these simulated regions are 

randomly placed within the parenchyma on previously scanned proton images. In doing 

so, we can obviate the need to acquire more cases, and still provide sufficient cases in 

neural network training. Future works can also include more labels in the segmentation 

training, such that the future quantification pipeline can extract both anatomical and 

functional disorders at the same time.   
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8.5 Conclusion 

As promised, our work has successfully established a robust clinical protocol 

with sequences and 129Xe dose considerations. We have also introduced a routine, fast 

quantification pipeline for 129Xe ventilation MRI that can be applied to a variety of 

pulmonary disorders. We will continue to do rigorous work to understand the causes of 

RBC defects, validate bias field correction, implement faster acquisition sequences for 

faster clinical throughput, and optimize the CNN-based thoracic cavity segmentation for 

robust 129Xe quantification pipeline.  

We can envision the future as both ventilation imaging and gas exchange 

imaging can be done at multiple centers. Subsequently, these acquired images can be 

automatically uploaded to a cloud-based analysis platform for centralized analysis and 

reporting. These efforts would significantly advance the use of the 129Xe MRI technique 

for clinical trials by standardizing and simplifying analysis methods. Moreover, it makes 

it easier for data interpretation between different centers. Overall, hyperpolarized 129Xe 

MRI, supported by both efficient clinical protocol and centralized cloud-based 

quantification, is the upcoming star for functional pulmonary imaging with a 

comprehensive evaluation of anatomical, ventilation and dissolved information.  
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