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RESEARCH ARTICLE

A Dual-Channel Deep Learning Approach
for Lung Cavity Estimation From

Hyperpolarized Gas and Proton MRI

Joshua R. Astley, BEng,1,2 Alberto M. Biancardi, PhD,1 Helen Marshall, PhD,1

Paul J. C. Hughes, PhD,1 Guilhem J. Collier, PhD,1 Laurie J. Smith, PhD,1

James A. Eaden, PhD,1 Rod Hughes, MD,3 Jim M. Wild, PhD,1,4 and Bilal A. Tahir,

PhD1,2,4*

Background: Hyperpolarized gas MRI can quantify regional lung ventilation via biomarkers, including the ventilation defect
percentage (VDP). VDP is computed from segmentations derived from spatially co-registered functional hyperpolarized
gas and structural proton (1H)-MRI. Although acquired at similar lung inflation levels, they are frequently misaligned,
requiring a lung cavity estimation (LCE). Recently, single-channel, mono-modal deep learning (DL)-based methods have
shown promise for pulmonary image segmentation problems. Multichannel, multimodal approaches may outperform
single-channel alternatives.
Purpose: We hypothesized that a DL-based dual-channel approach, leveraging both 1H-MRI and Xenon-129-MRI (129Xe-
MRI), can generate LCEs more accurately than single-channel alternatives.
Study Type: Retrospective.
Population: A total of 480 corresponding 1H-MRI and 129Xe-MRI scans from 26 healthy participants (median age [range]:
11 [8–71]; 50% females) and 289 patients with pulmonary pathologies (median age [range]: 47 [6–83]; 51% females) were
split into training (422 scans [88%]; 257 participants [82%]) and testing (58 scans [12%]; 58 participants [18%]) sets.
Field Strength/Sequence: 1.5-T, three-dimensional (3D) spoiled gradient-recalled 1H-MRI and 3D steady-state free-
precession 129Xe-MRI.
Assessment: We developed a multimodal DL approach, integrating 129Xe-MRI and 1H-MRI, in a dual-channel convolutional
neural network. We compared this approach to single-channel alternatives using manually edited LCEs as a benchmark. We
further assessed a fully automatic DL-based framework to calculate VDPs and compared it to manually generated VDPs.
Statistical Tests: Friedman tests with post hoc Bonferroni correction for multiple comparisons compared single-channel
and dual-channel DL approaches using Dice similarity coefficient (DSC), average boundary Hausdorff distance (average
HD), and relative error (XOR) metrics. Bland–Altman analysis and paired t-tests compared manual and DL-generated VDPs.
A P value < 0.05 was considered statistically significant.
Results: The dual-channel approach significantly outperformed single-channel approaches, achieving a median (range)
DSC, average HD, and XOR of 0.967 (0.867–0.978), 1.68 mm (37.0–0.778), and 0.066 (0.246–0.045), respectively. DL-
generated VDPs were statistically indistinguishable from manually generated VDPs (P = 0.710).
Data Conclusion: Our dual-channel approach generated LCEs, which could be integrated with ventilated lung segmenta-
tions to produce biomarkers such as the VDP without manual intervention.
Evidence Level: 4.
Technical Efficacy: Stage 1.
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Respiratory diseases are among the leading causes of mor-

tality and disability worldwide.1 Imaging plays an impor-

tant role in the diagnosis, treatment planning, monitoring,

and treatment assessment of respiratory diseases.2–4 Com-

puted tomography (CT) is the reference standard in clinical

practice for most patients with respiratory diseases.5 Recent

advances in proton MRI (1H-MRI) have overcome historical

challenges in using this modality for pulmonary imaging,

including the low proton density and many air–tissue inter-

faces in the lungs.6 Despite the strengths of both these

modalities, they only provide structural information and not

information on regional lung function. Hyperpolarized gas

MRI has shown applicability for functional lung imaging

including lung ventilation quantification,7 treatment response

assessment,8 and for functional lung avoidance radiotherapy.9

Hyperpolarized gas MRI enables quantification of regional

lung ventilation with high spatial and temporal resolution,10

allowing the computation of clinical biomarkers such as the

ventilation defect percentage (VDP).7,11

The VDP is computed from segmentations derived

from spatially co-registered, hyperpolarized gas MRI and

structural 1H-MRI.12 To ensure spatial alignment, both

modalities are acquired consecutively and at approximately

the same lung inflation level. However, the acquired scans are

frequently misaligned, given that image registration, which

assumes topology preservation between fixed and moving

images, consistently underperforms in cases with large dis-

crepancies in topology between functional and structural

modalities.13 Consequently, the misaligned structural region

of interest (the lung cavity) required for the computation of

VDP poses considerable segmentation challenges. To ensure

the most accurate results, particularly in cases with substantial

discrepancies in inflation levels during image acquisition, a

lung cavity estimation (LCE) representing the thoracic cavity

volume in the spatial domain of hyperpolarized gas MRI is

required. To date, no algorithm exists to automatically seg-

ment this structure and manual editing is time-consuming.

Deep learning (DL) has shown promise for numerous

pulmonary image segmentation problems.14 A recent review

of DL applications in lung image analysis showed that the

vast majority of DL lung segmentation studies employed

CT.15 The authors identified that MRI is underrepresented

in DL lung segmentation applications and thus represents a

gap in the literature. In the field of DL, convolutional neural

networks (CNNs) have become dominant for lung image seg-

mentation due to their ability to accurately segment various

structures with computational efficiency.15 Several investiga-

tors have evaluated the use of CNNs for pulmonary MRI seg-

mentations.16,17 Tustison et al used a three-dimensional

(3D) UNet CNN to produce 1H-MRI whole-lung segmenta-

tions, achieving a mean Dice similarity coefficient (DSC) of

0.94.16 Zha et al used a two-dimensional (2D) UNet to suc-

cessfully segment ultra-short echo time (UTE) 1H-MRI scans;

however, this work used a relatively limited dataset, con-

taining only 45 participants.17 Astley et al have demonstrated

accurate 1H-MRI segmentation on a large dataset, containing

multi-resolution scans of patients with various pulmonary

pathologies.18 A 3D UNet was employed and achieved a

mean DSC of 0.96 for whole-lung segmentation across all

resolutions.18 All these approaches to generate whole-lung

segmentations from 1H-MRI have used single-channel,

mono-modal CNN-based methods, where a single image or

3D scan is used as an input to the CNN.16–18 Although these

methods have shown promising results, they cannot account

for the aforementioned spatial misalignments between struc-

tural and functional modalities. Multichannel approaches

using multimodal images have shown promise in DL image

analysis applications, where there are important features

across multiple imaging modalities.19,20 For example, DL has

been employed for lesion segmentation using multimodal CT

and positron emission tomography (PET) images that are

acquired simultaneously.21 A similar problem is encountered

in this work, thus motivating the investigation of dual-chan-

nel, dual-modal approaches.

We hypothesized that a dual-channel approach that

leverages both 1H-MRI and Xenon-129-MRI (129Xe-MRI)

can generate accurate LCEs across a wide range of lung

pathologies. We aimed to compare this approach with single-

channel CNN-based methods, which do not integrate func-

tional and structural imaging as inputs to a CNN. In addi-

tion, we aimed to combine the dual-channel approach with a

previously developed DL method for hyperpolarized gas MRI

ventilated lung segmentation to generate clinical biomarkers,

such as the VDP, without manual intervention.

Materials and Methods

All prospective studies received ethical approval by the national

research ethics committee with participants (or their guardians) pro-

viding informed written consent. Appropriate consent and permis-

sions have been granted by the Sponsors to utilize this data for

retrospective purposes.

Patient Data
The dataset included in this study contained 480 corresponding 1H-

MRI and 129Xe-MRI scans from 26 healthy participants (median

age [range]: 11 [8, 71]; 50% males, 50% females) and 289 patients

with various pulmonary pathologies (median age [range]: 47 [6, 83];

49% males, 51% females). An overview of all participants, stratified

by pathology, is displayed in Table 1. The data used in this study

were pooled retrospectively from a range of prospective clinical imag-

ing studies.

Image Acquisition
All participants underwent 3D volumetric 129Xe-MRI and 1H-MRI

in the coronal plane at approximately functional residual capacity

(FRC) + bag (for any given participant, the bag volume was titrated

based on standing height and ranges from 400 ml to 1 L) or total
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lung capacity (TLC) with full lung coverage at 1.5 T on a HDx

scanner (GE Healthcare, Milwaukee, WI, USA). A full breakdown

of gas doses, titrated based on participant standing height, is

included in Supplementary Table S1.

129
XE-MRI ACQUISITION. The 129Xe was polarized on site to

approximately 25% by using an in-house developed rubidium spin-

exchange polarizer.22 Flexible quadrature radiofrequency coils were

employed for transmission and reception of MR signals at the

Larmor frequency of 129Xe-MRI (Clinical MR Solutions, Brookfield,

WI, USA). A 3D balanced steady-state free precession sequence was

used.23 The protocol used the following settings: repetition time/

echo time of 6.7/2.2 msec, in-plane resolution of �4 � 4 m2 with a

slice thickness of 10 mm. A �40 cm field of view with a flip angle

of 9� or 10� at a bandwidth of �8 kHz was used.

1
H-MRI ACQUISITION. The 1H-MRI scans were acquired with a

quadrature transmit–receive body coil in the coronal plane.23 A 3D

spoiled gradient-recalled sequence was used with the following set-

tings: repetition time/echo time of 1.9/0.6 msec, in-plane resolution

�4 � 4 mm2 with a slice thickness of 5 mm. A �40 cm field of

view with a flip angle of 5� at a bandwidth of �83.3 kHz was used.
1H-MRI scans were acquired before and after 129Xe-MRI scans at a

similar lung inflation level (i.e. FRC + bag or TLC) and subse-

quently rigidly registered and resampled to the resolution of 129Xe-

MRI, using the ANTs framework implemented in an in-house

MATLAB (Mathworks, Nantucket, MA, USA) software.24

Image Quality Assessment
We determined the prevalence of image artifacts and quantified

noise in the testing set to assess their impact on DL performance.

Images were classified as either containing or not containing, an arti-

fact for both the 1H-MRI and 129Xe-MRI scans by three blinded

expert observers: B.A.T and G.J.C have 10 years and J.R.A has

2 years of experience. Scans would be classified as containing an arti-

fact if the majority of readers scored the scan as containing an arti-

fact. The presence of noise in scans was assessed using the signal-to-

noise ratio (SNR). Specifically, the SNR was calculated by assessing

signal at the trachea and shoulder muscle for 129Xe-MRI and 1H-

MRI, respectively. Noise was taken from a random section of the

background in each image that did not contain an artifact. This was

done to avoid conflating noise with artifacts in the analysis of its

impact on DL segmentation performance. Signal and noise were

delineated across three consecutive slices for each participant in the

testing set. Further details on artifact identification and SNR calcula-

tion are provided in Supplementary Figures S1 and S2.

Lung Cavity Estimation Segmentations
Figure 1 displays fused 129Xe-MRI and 1H-MRI scans after rigid

registration, demonstrating the continued misalignment between

ventilation and structural scans and thus highlighting the require-

ment for an LCE. Segmentation of LCEs from ventilation and struc-

tural MR image pairs was conducted semi-automatically using paired

spatial fuzzy c-means clustering (SFCM).25 Images are initially bilat-

erally filtered to remove noise and maintain edges.26 The standard

FCM algorithm assigns N pixels to C clusters via fuzzy memberships

with the assumption that pixels in close proximity are highly corre-

lated and hence have similarly high membership to the same clus-

ter.27 This spatial information will modify the membership value

only if, for example, the pixel is noisy and would have been incor-

rectly classified.

TABLE 1. Summary of Participant Data

Disease
Number of
Participants

Number
of Scans

Agea Sexa VDPa

Median (range) Frequency (%) Median (range)

Asthma 92 154 50 (13, 74) 36 M (40%), 55 F (60%) 2.5 (0.07, 30.9)

Asthma + COPD 25 27 59 (33, 71) 15 M (60%), 10 F (40%) 10.4 (1.3, 29.3)

COPD 20 22 66 (48, 80) 8 M (40%), 12 F (60%) 18.8 (1.9, 64.8)

Cystic fibrosis 55 109 18 (6, 62) 27 M (51%), 26 F (49%) 6.1 (0.38, 62.0)

Healthy 26 27 11 (8, 71) 13 M (50%), 13 F (50%) 0.17 (0.01, 1.6)

ILDb 40 71 67 (39, 83) 21 M (58%), 15 F (42%) 7.9 (1.5, 30.1)

Investigation for possible
airways disease

15 27 49 (11, 69) 2 M (13%), 13 F (87%) 6.6 (0.65, 35.0)

Preterm birth 42 43 12 (9, 14) 14 M (34%), 27 F (66%) 0.48 (0.01, 5.2)

Total 315 480 44 (6, 83) 138 M (45%), 169 F (55%) 3.6 (0.01, 62.0)

aDemographic information unavailable for eight patients. Age and VDP given at baseline.
bContains connective tissue disease-associated interstitial lung disease (CTD-ILD), hypersensitivity pneumonitis (HP), idiopathic pulmo-
nary fibrosis (IPF) and drug-induced ILD (DI-ILD).
COPD = chronic obstructive pulmonary disease; ILD = interstitial lung disease; VDP = ventilated defect percentage; M = male;
F = female.
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The SFCM method makes use of nearby pixels during the

iteration process by considering the membership of voxels within a

predefined window and will weigh the central pixel depending on

the provided weighting variables.28 Heuristic values for the number

of clusters and cluster selection threshold for inclusion in the ventila-

tion or structural masks were identified, resulting in the selection of

18 clusters for both masks by A.M.B who had 3.5 years of experi-

ence. For the manual segmentations used in this work, the SFCM

clustering was applied to both 129Xe-MRI and 1H-MRI scans in a

pair-wise fashion to take advantage of the combined information

arising from the co-location of the image pair.25

LCEs were pooled retrospectively from several studies and,

consequently, were subsequently manually reviewed and edited by

several experienced observers, where each scan was segmented by a

single observer, but the dataset as a whole contained LCEs manually

edited by observers with a range of expertise: H.M had 7 years, G.J.

C had 6 years, P.J.C.H had 5 years, A.M.B had 5 years, L.J.S had

3.5 years, J.A.E had 3 years, and J.R.A had 2 years, of experience in

editing LCEs.

Deep Learning Frameworks
We assessed three DL methods to generate LCEs by varying the

input channels provided to each network. These consisted of single-

channel and dual-channel CNN approaches (Fig. 2) as follows:

1. Ventilation-only (129Xe-MRI)

2. Structural-only (1H-MRI)

3. Dual-input (129Xe-MRI + 1H-MRI)

All methods used a variation of the common 2D UNet

encoder–decoder network architecture; here, we used a 3D imple-

mentation of the UNet, referred to as the nn-UNet, which has been

modified to reduce memory constraints, allowing 30 feature chan-

nels.29 Convolution operations varied in kernel size from 3 � 3 � 3

to 1 � 1 � 1 depending on the layer of the network. The network

also made use of instance normalization. An isotropic spatial window

size of 96 � 96 � 96 was used. Each network was trained with a

parametric rectified linear unit (PReLU) activation function, Adam

optimization, and cross-entropy loss function. A learning rate of

1 � 10�5 and batch size of 2 were used. A decay of 1 � 10�6 and

L2 regularization were selected to minimize overfitting. Each method

was trained for 300 epochs resulting in a model training time of

approximately 8 days. All networks were trained using the medical

imaging DL framework NiftyNet 0.6.0 (https://github.com/NifTK/

NiftyNet) built on top of TensorFlow 1.14.30 Training and infer-

ence were performed on an NVIDIA Tesla V100 graphical

processing unit (GPU) (Nvidia Corporation, Santa Clara, CA, USA)

with 16 GB of RAM.

DATA AUGMENTATION. Constrained random rotation and

scaling were used for data augmentation before 129Xe-MRI and
1H-MRI scans were fed into the network. The augmentation

method used does not increase the total size of the dataset but

instead utilizes random rotation and scaling factors to modify scans

before entering the network. Each time a scan is fed into the net-

work, random rotation and scaling factors with limits �10� to 10�

FIGURE 1: Illustration showing the motivation to generate lung cavity estimations in the spatial domain of 129Xe-MRI due to
misalignments in image acquisitions between modalities. Example cases demonstrating misalignments between 129Xe- and 1H-MRI.
Misalignments are indicated by green arrows.

4

Journal of Magnetic Resonance Imaging

 1
5
2
2
2
5
8
6
, 0

, D
o
w

n
lo

ad
ed

 fro
m

 h
ttp

s://o
n
lin

elib
rary

.w
iley

.co
m

/d
o
i/1

0
.1

0
0
2
/jm

ri.2
8
5
1
9
 b

y
 U

n
iv

ersity
 O

f S
h
effield

, W
iley

 O
n

lin
e L

ib
rary

 o
n

 [2
2

/1
1

/2
0

2
2

]. S
ee th

e T
erm

s an
d

 C
o

n
d

itio
n

s (h
ttp

s://o
n

lin
elib

rary
.w

iley
.co

m
/term

s-an
d

-co
n

d
itio

n
s) o

n
 W

iley
 O

n
lin

e L
ib

rary
 fo

r ru
les o

f u
se; O

A
 articles are g

o
v
ern

ed
 b

y
 th

e ap
p
licab

le C
reativ

e C
o
m

m
o
n
s L

icen
se



and �10% to 10%, respectively, where different factors at an inter-

val within these limits, were applied.

TRAINING AND TESTING SETS. The dataset was divided into

training and testing sets; the data split was conducted at the level of

scans whereby 15% of the scans were randomly selected as the testing

set. If a participant had multiple repeat or longitudinal scans, one scan

out of these was randomly selected and the other scans discarded from

the analysis; these removed scans do not appear in the dataset. This

was done to ensure that no participant was present in both the train-

ing and testing sets and that the testing set contained only one scan

from each participant, thereby reducing potential biases in favor of

specific participants. Therefore, the training set contained

422 corresponding 129Xe-MRI and 1H-MRI scans from a total of

257 participants and the testing set contained 58 scans from 58 partici-

pants, representing 81.6% and 18.4% of the total number of partici-

pants, respectively. Even though the testing set allocation was

randomly determined, at least one scan from each disease or healthy

cohort (described in Table 1) was present in the testing set. The train-

ing set had the following demographic distributions: median age

(range) of 41 (8.9, 83); median VDP (range) 3.23% (0.01, 64.8); sex

44% male, 56% female. The testing set had the following demo-

graphic distributions: median age (range) of 53 (6.4, 76); median

VDP (range) 5.19% (0.05, 62.0); sex 49% male, 51% female.

Quantitative Evaluation

DICE SIMILARITY COEFFICIENT. The DL-generated LCEs

were evaluated using the overlap-based DSC metric that assesses the

overlap between ground truth (GT) and predicted (PR) segmenta-

tions, defined as:

DSC¼ 2
jPR\GTj

jPRjþ jGTj
ð1Þ

AVERAGE BOUNDARY HAUSDORFF DISTANCE. Average

boundary Hausdorff distance (average HD) in mm is a common

distance-based metric,31 which assesses the conformity of boundaries

between GTs and PRs and was defined as follows:

HD PR, GTð Þ¼ max h PR, GTð Þ, h GT, PRð Þð Þ ð2Þ

where h PR, GTð Þ represents the directed HD between the sets of

PR and GT voxels at the boundary, pr represents an individual voxel

in the set PR, and gt represents an individual boundary voxel in GT.

Further, h PR, GTð Þ was defined as:

h PR, GTð Þ¼ max
pr � PR

min
gt � GT

PR�GTk k ð3Þ

where PR�GTk k is the Euclidean distance between PR and GT.

RELATIVE ERROR METRIC. A relative error metric (XOR) was

used to evaluate segmentation errors as follows:

XOR¼
jPR\GT0jþ jPR0\GTj

jGTj
ð4Þ

where PR0 and GT0 are the complements of PR and GT, respec-

tively. The metric was used because it is expected to correlate with

the manual editing time required to correct the segmentation

outcome.32

Clinical Evaluation

LUNG CAVITY ESTIMATION VOLUME. In addition to quanti-

tative evaluation metrics, clinical evaluation metrics were used to

assess the lung parenchymal volume defined by the LCE. DL-

generated LCE volumes were compared to ground truth LCE vol-

umes to assess LCE accuracy.

VENTILATION DEFECT PERCENTAGE. The VDP has been

used as a robust measure of lung function.7 VDP was calculated

from structural and functional volumes aligned via rigid registration

as follows:

FIGURE 2: From left to right: ventilation-only, structural-only, and dual-channel deep learning workflows.
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Ventilation defect percentage %ð Þ

¼ 1�
ventilated lung volume

LCEvolume

� �

�100 ð5Þ

We assessed the performance of the DL-generated LCEs by com-

puting VDP values for each scan in the testing set. As shown in Eq 5,

in addition to LCE volumes, ventilated lung volumes are required. Thus,

we employed a previously trained nn-UNet fully CNN, developed for

automatic hyperpolarized gas MRI ventilated lung segmentation in a

large diverse dataset,33 which was done to generate accurate DL-based
129Xe-MRI ventilated lung segmentations for the current testing set. The

fully automatic DL-derived VDPs were compared to VDPs derived from

manually edited ventilated and LCE segmentations. Ventilated volumes

were initially generated using a binning method.34 129Xe-MRI scans

were normalized by the average value of the 129Xe signal in the lung cav-

ity and ventilation defects were defined as any value below 33% of the

mean signal intensity. Thus, the ventilated volume was defined as the

complement of the ventilation defect.35

Statistical Analysis
All statistical analyses were conducted using GraphPad Prism (ver-

sion 9.2.0; GraphPad Software, San Diego, CA, USA). Data were

tested for normality using Shapiro–Wilk tests. When normality was

not satisfied, non-parametric tests were conducted. One-way

repeated measures analysis of variance (ANOVA) or Friedman tests

were conducted as appropriate with Bonferroni correction for post

hoc multiple comparisons to assess statistical significance of differ-

ences between DL ventilation-only, structural-only, and dual-input

methods. Pearson or Spearman correlation and Bland–Altman ana-

lyses were conducted to compare the volumes of the dual-input DL

method and manual LCEs. In addition, paired t-tests and Bland–

Altman analyses were used to compare manual and DL-generated

VDP values. Independent t-tests with Welch’s correction or Mann–

Whitney U tests were used as appropriate to assess differences in

VDPs between scans containing or not containing artifacts. Relation-

ships between differences in manual and DL-generated VDPs and

SNRs were assessed using Pearson or Spearman correlation. A

P value < 0.05 was considered statistically significant.

Results

Quantitative Evaluation

Figure 3 demonstrates the qualitative and quantitative perfor-

mance of each DL method comparing the DL-generated

FIGURE 3: Example coronal slices showing the 1H-MRI fused with the corresponding similar-breath hyperpolarized gas MRI overlaid with the
manual LCE and the LCE generated from the three DL methods for four cases within the testing set. DSC values are provided for each case.
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LCEs to the manual LCEs for four cases. For all cases, the

dual-input method generated realistic LCEs that might accu-

rately mimic manual LCEs.

Quantitative results for each DL method are provided in

Fig. 4a. The results demonstrate that the dual-input method

generated the most accurate segmentations across all metrics

used. The dual-input method achieved a median (range) DSC,

average HD, and XOR of 0.967 (0.867, 0.978), 1.68 mm

(37.0, 0.778 mm), and 0.066 (0.246, 0.045), respectively. The

dual-input method significantly outperformed the single-

channel methods. The results for all metrics are displayed

graphically in Fig. 4b. Anterior to posterior segmentation per-

formance is detailed in Supplementary Figure S3. Due to the

significant improvements demonstrated by the dual-input DL

method across all segmentation metrics, we selected this

method for assessment using clinical evaluation metrics.

Clinical Evaluation

Figure 5 shows Pearson correlation and Bland–Altman ana-

lyses of lung volumes for the dual-input, DL-generated LCEs

compared to manual LCEs. The dual-input method exhibited

a statistically significant, strong Pearson’s correlation of 0.98

and minimal bias of 0.06 � 0.26 liters with limits of agree-

ment (LoA) of �0.45 to 0.56 liters. Figure 6 shows example

coronal slices of the manual LCEs and ventilated lung vol-

umes compared with those generated by the DL methods.

Figure 7a contains an estimation plot indicating that there is

no significant difference between DL-generated VDPs and

manual VDPs (P = 0.71). In addition, Bland–Altman analy-

sis of bias using the VDP values resulted in a bias of �0.19%

and LoA of �7.73% to 7.35%. A Bland–Altman plot is

shown in Fig. 7b for the VDP generated using the proposed

DL workflow compared to VDP values from manual

assessment.

Image Quality Assessment

In terms of assessing the impact of artifacts in 1H-MRI scans,

all three readers agreed on 12 cases and the majority opinion

of two readers was used for three cases, resulting in 15 testing

set 1H-MRI scans containing an artifact. Nine scans were not

FIGURE 4: (a) Quantitative results for the testing set (n = 58) using the DSC, average HD (mm) and XOR metrics for the ventilation-
only, structural-only, and dual-channel DL methods. Median (range) values are given with the best values shown in bold.
(b) Comparison of LCE performance for each of the three DL methods using the DSC (left), average HD (center) and XOR (right)
metrics. Significance of differences between DL methods as assessed by Friedman tests with Bonferroni correction for multiple
comparisons are displayed for each metric.
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included as only one reader identified them as containing an

artifact. For 129Xe-MRI scans, all three readers agreed on two

cases and the majority opinion of two readers was used for

10 cases, resulting in 12 testing set 129Xe-MRI scans con-

taining an artifact. Thirteen scans were not included as only

one reader identified them as containing an artifact. Five cases

within the testing set contained artifacts in both 1H-MRI and
129Xe-MRI scans. Artifacts included zipper, aliasing, signal

dropout, motion, wrap-around and image warping. Figure 8a

concerns the presence of image artifacts identified by

the three independent readers in either the 1H-MRI or
129Xe-MRI scans. The differences between the manual and

DL-generated VDPs were significantly impacted by the pres-

ence of imaging artifacts in 129Xe-MRI scans; similar effects

were not exhibited when considering artifacts in 1H-MRI

scans (P = 0.67). Figure 8b plots the Spearman’s correlation

between the difference in VDP with SNR and shows that

there was no significant correlation between the two variables

for both 1H-MRI (P = 0.22) or 129Xe-MRI (P = 0.49)

scans. Figure 9 displays three failure cases where the differ-

ences in VDP between manual and DL-generated VDPs are

outside the LoA in the Bland–Altman analysis. Case 1 con-

tained a gas motion artifact on the 129Xe-MRI, leading to an

error in the segmentation around this region. Case 2 con-

tained a zipper artifact in the 1H-MRI, which traversed the

lung parenchyma, possibly contributing to errors in the DL-

generated LCE. Case 3 showed a large degree of noise in the
129Xe-MRI scan.

Discussion

In this study, we proposed a dual-channel CNN for LCE that

leveraged 1H-MRI and 129Xe-MRI scans. Our method signif-

icantly outperformed single-channel alternatives that do not

integrate both functional and structural lung imaging in a

range of diseases for adult and pediatric participants. Further-

more, we combined this dual-channel LCE approach with a

DL-based method for hyperpolarized gas MRI ventilated lung

segmentation to automatically generate a key clinical bio-

marker of lung function, namely, the VDP, showing strong

agreement with manually derived VDPs. The proposed

method showed no reduction in performance in scans with a

large degree of noise; however, it showed decreased perfor-

mance when artifacts were present in 129Xe-MRI scans.

Qualitative comparison of the various DL methods

demonstrated the differences in LCEs due to varying modali-

ties used in the input channels. For the majority of cases, the

ventilation-only method was unable to generate realistic LCEs

due to the lack of structural features provided to the CNN.

Conversely, the structural-only method generated reasonable

LCEs; however, in cases where there were misalignments

between the 129Xe-MRI and 1H-MRI scans, the structural-

only DL method could not account for the inherent registra-

tion errors. Misalignments were addressed in the dual-input

method using both ventilation and structural features in the

input channels, probably providing the network adequate

context to accurately generate LCEs that represented struc-

tural lung regions in the domain of 129Xe-MRI. This seems

to be supported by the quantitative results adjusted for multi-

ple comparisons, indicating that the dual-channel method sig-

nificantly outperformed single-channel methods across all

metrics tested.

The nn-UNet employed is specifically designed to

reduce memory constraints during network training, a

requirement that benefits the dual-channel method, facilitat-

ing the use of larger batch and patch sizes.29 Previous studies

have described DL-based approaches to segment the lung

parenchyma on 1H-MR images; however, these approaches

have conducted the segmentation using single-channel

networks.16–18 The inclusion of functional features present in

FIGURE 5: Bland–Altman analysis (left) and Pearson correlation (right) of lung volumes for 58 testing set cases comparing the manual
LCEs to the dual-channel DL-generated LCEs.
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the hyperpolarized gas MRI scans may provide the network

context with which to adapt the structural LCE to account

for inherent registration errors between the 1H-MRI and
129Xe-MRI acquisitions. Previous work by Tustison et al uti-

lized separate networks for segmenting 1H-MRI and

hyperpolarized gas MRI16; however, due to several factors,

including inherent registration errors and differences in infla-

tion levels, a network that generates a structural segmentation

purely using 1H-MRI seems inadequate.

Although same-breath acquisition of helium-3 (3He)

and 1H-MRI has been leveraged in previous studies,13,23,36,37

due to the lower bandwidths and longer repetition times

required for 129Xe-MRI, owing to its lower intrinsic signal

intensity compared to 3He, longer acquisition times and thus

longer breath-holds are inevitable. These are prohibitively

long for many patients who are unable to maintain lengthy

breath-holds, inducing movement, particularly at the dia-

phragm. In this study, 129Xe-MRI was acquired in approxi-

mately 10 seconds; 129Xe-/1H-MRI back-to-back acquisition

times would be approximately 19 seconds. Our recent work

with compressed sensing has enabled us to reduce this time

to 15 seconds38; however, although the shorter breath-hold is

more feasible for patients, the likelihood of changes in lung

posture during back-to-back scanning persist. As such, a lung

cavity estimation will still be required for many patients.

Tustison et al used a 3D UNet CNN to generate 1H-

MRI lung segmentations.16 However, the authors noted that

this limits the batch size due to computational constraints;

FIGURE 6: Example coronal slices of four cases with ventilation defects showing fused manual LCEs (white) and hyperpolarized gas
MRI ventilated lung segmentations (pink) compared to those generated using the dual-channel DL method and previously described
hyperpolarized gas MRI ventilated lung segmentation method. Manual and DL-generated VDPs are given for each case.
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the nn-UNet used here may overcome these challenges.29

Additionally, the authors generated ventilated lung segmenta-

tions of hyperpolarized gas MRI using a 2D CNN.16 Con-

versely, both the dual-channel DL approach to LCE

generation and the single-channel DL approach to

hyperpolarized gas MRI ventilated lung segmentation used

here employed 3D CNNs. These 3D CNNs can process

images in a fully volumetric fashion. LCEs represent volumet-

ric lung parenchymal regions that are located across multiple

slices in the scan; consequently, the network’s ability to pro-

cess scans in three dimensions potentially enhances the delin-

eation of lung parenchymal volumes compared to 2D

alternatives, which do not allow the network to learn inter-

slice features of the scan that occur in a volumetric fashion;

this has been demonstrated previously in the segmentation of

adipose tissue in cardiac MRI.39 We used a large, diverse

training set comprising patients with numerous pulmonary

pathologies and used a testing set that contains only one scan

from each participant. This resulted in a robust dual-channel

CNN, which may be demonstrated by the limited bias in the

Bland–Altman analysis that showed that the accuracy of the

LCEs does not diminish with changing volumes.

Furthermore, evaluation of VDP may demonstrate the

ability of DL to both produce accurate LCEs and ventilated

lung segmentations. The VDPs generated using the DL

workflow exhibited no statistically significant differences with

manual VDPs. In addition, the Bland–Altman analysis of

VDP showed a bias of only �0.19%. This may indicate that

the DL-generated workflow can provide statistically indistin-

guishable VDPs without subsequent editing. Removing the

editing step could allow for a more streamlined workflow to

generate automatic VDP values. This, in turn, leads to a vast

reduction in the time taken to generate VDP values. Previous

approaches to edit segmentations generated by semi-

automatic segmentation methods could take �1.5 hours per

scan. The automatic DL-based approach proposed here may

eliminate this editing time or could at least drastically reduce

it. In addition, inference using the dual-input method could

yield accurate LCEs in �30 seconds using a single GPU, fur-

ther facilitating the computation of rapid and robust VDPs,

leading to potentially higher clinical throughput.

For all testing set cases, we assessed the impact of SNR

and imaging artifacts on DL-generated VDPs and observed

that our approach is potentially invariant to SNR. No signifi-

cant impact on VDP accuracy was observed due to the pres-

ence of at least one artifact (n = 15) on the 1H-MRI scans.

In contrast, for 129Xe-MRI, there was significantly reduced

VDP accuracy for images containing at least one imaging arti-

fact (n = 12). This may indicate that the presence of imaging

artifacts in 129Xe-MRI scans has the potential to produce

inaccurate DL-generated VDPs, representing a challenge for

this approach. The prevalence of imaging artifacts in the

training set was not assessed and therefore it cannot be con-

cluded whether the network was exposed to these features

previously. In addition, there was less agreement between

readers for 129Xe-MRI artifacts, reducing the generalizability

of this evaluation.

Limitations

The large dataset used for this study contained participants

with numerous pulmonary pathologies; however, each scan in

the dataset is acquired with the same acquisition protocol.

This reduced the generalizability of the model as performance

has not been demonstrated on scans acquired at a different

center, using a different scanner manufacturer, with different

field strengths or MRI sequences. Therefore, the proposed

FIGURE 7: (a) Estimation plot of manual- and DL-generated VDPs (left) with significance of differences; (b) Bland–Altman analysis
(right) of VDPs for 58 testing set cases comparing the manual LCE to the dual-channel DL-method.
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DL model is potentially limited in its application to scans

acquired with different acquisition protocols. Future investi-

gations will aim to validate approaches on a wider range of

scan acquisitions, facilitating intercenter deployment of the

proposed DL approach. Nonetheless, we have made our

trained model publicly available, which will enable other cen-

ters to tailor the model to their unique datasets via the use of

fine-tuning and transfer learning (https://github.com/

POLARIS-Sheffield/LCE-segmentation).

While there are multiple examples of good segmenta-

tion performances on 1H-MR images with imaging artifacts,

the clinical implications of reduced performance on some of

these scans is a limitation of our study. Future investigations

could employ multiple strategies to reduce the impact of

imaging artifacts on DL performance; this could be done by

implementing specialized data augmentation techniques such

as increasing the proportion of images containing each spe-

cific artifact, boosting their prevalence during network train-

ing, or by artificially augmenting scans with plausible,

synthetic noise. In addition, it may be feasible to build a sec-

ondary network to identify the presence of imaging artifacts,

hence triggering a manual review; however, there is unlikely

to be a sufficiently large dataset to build an effective model

for this purpose.

In future work, it may be possible to generate both ven-

tilated and structural lung segmentations within a single

model using a dual-class segmentation network. This

approach would have the inherent benefit of co-location,

FIGURE 8: (a) Absolute differences between manual and DL VDPs stratified by presence (or absence) of image artifacts in the 1H-MRI
(left) and 129Xe-MRI (right) scans. Mann–Whitney U tests were conducted, and P values indicated. (b) Scatterplot of absolute
differences between manual and DL VDPs and SNRs for the 1H-MRI (left) and 129Xe-MRI (right) scans. Spearman’s ρ values are
provided.
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thereby potentially further dealing with misalignments

between imaging modalities. However, the DL-generated

hyperpolarized gas MRI segmentation method used in this

work utilized a dataset comprising 759 scans, significantly

larger than the dataset used here for LCE; hence, generating

ventilated lung segmentations in a dual-class model would

reduce the size of the training set, and consequently likely

reduce segmentation performance.

Conclusion

We used a dual-channel 3D CNN approach for LCE and

compared it to single-channel DL methods. We demonstrated

that the dual-channel approach, leveraging both

hyperpolarized gas and 1H-MRI as inputs, may yield

improved LCEs. In addition, we used this approach in con-

junction with a DL-based hyperpolarized gas MRI segmenta-

tion method to automatically generate VDPs, which did not

significantly differ from manual VDPs.
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