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Background:  Cardiac MRI measurements have diagnostic and prognostic value in the evaluation of cardiopulmonary disease.
Artificial intelligence approaches to automate cardiac MRI segmentation are emerging but require clinical testing.

Purpose:  To develop and evaluate a deep learning tool for quantitative evaluation of cardiac MRI functional studies and assess its
use for prognosis in patients suspected of having pulmonary hypertension.

Materials and Methods: A retrospective multicenter and multivendor data set was used to develop a deep learning—based cardiac

MRI contouring model using a cohort of patients suspected of having cardiopulmonary disease from multiple pathologic causes.
Correlation with same-day right heart catheterization (RHC) and scan-rescan repeatability was assessed in prospectively recruited
participants. Prognostic impact was assessed using Cox proportional hazard regression analysis of 3487 patients from the ASPIRE
(Assessing the Severity of Pulmonary Hypertension In a Pulmonary Hypertension Referral Centre) registry, including a subset of
920 patients with pulmonary arterial hypertension. The generalizability of the automatic assessment was evaluated in 40 multiven-
dor studies from 32 centers.

Results:  The training data set included 539 patients (mean age, 54 years = 20 [SD]; 315 women). Automatic cardiac MRI
measurements were better correlated with RHC parameters than were manual measurements, including left ventricular stroke
volume (r = 0.72 vs 0.68; P = .03). Interstudy repeatability of cardiac MRI measurements was high for all automatic measure-
ments (intraclass correlation coefficient range, 0.79-0.99) and similarly repeatable to manual measurements (all paired # test 2 >
.05). Automated right ventricle and left ventricle cardiac MRI measurements were associated with mortality in patients suspected of
having pulmonary hypertension.

Conclusion: ~ An automatic cardiac MRI measurement approach was developed and tested in a large cohort of patients, including
a broad spectrum of right ventricular and left ventricular conditions, with internal and external testing. Fully automatic cardiac
MRI assessment correlated strongly with invasive hemodynamics, had prognostic value, were highly repeatable, and showed ex-
cellent generalizability.

Clinical trial registration no. NCT03841344
Published under a CC BY 4.0 license.

Online supple [ material is available for this article.

An earlier incorrect version appeared online. This article was corrected on June 27, 2022.

Cardiac MRI is the reference standard for measur- the cardiac chambers in end-diastole and end-systole,
ing cardiac chambers and has an important role  a time-consuming process that requires a specialized
in the diagnosis and prognosis of cardiovascular dis- workforce. Efforts to automate cardiac MRI measure-

ease. Manual measurements are obtained by tracing ments have evolved over recent years (1) and have
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Abbreviations

Al = artificial intelligence, ICC = interclass correlation coefficient,
LV = left ventricle, RHC = right heart catheterization, RV = right
ventricle

Summary

Artificial intelligence cardiac MRI measurements were validated and
used to assess future patient mortality.

Key Results

= A retrospective training data set of 539 patients with left and right
heart disease was used to train an artificial intelligence (AI) model
for cardiac MRI measurements.

= Same-day cardiac MRI and right heart catheterization demonstrat-
ed strong correlation that was higher with AI measurements than
with manual measurements for left ventricular stroke volume

(r=0.74vs 0.68; P = .03; n = 178).

» Al-measured right ventricular end-systolic volume, ejection fraction,
and mass all predicted mortality in patients with pulmonary arterial
hypertension (hazard ratios, 1.40, 0.76, and 1.15, respectively;
P = .001; 7 = 920).

achieved comparable results to manual assessments in as-
sessing the left ventricle (LV) (2). However, greater internal
and external testing and clinical benchmarks for automatic
cardiac MRI quantification are required.

Automatic assessment in the right ventricle (RV) is a
challenge because of the variation in the shape, thickness,
and complex anatomy, particularly at the base and outflow
tract (1,3). Additionally, the RV shape can undergo extreme
morphologic changes in conditions such as pulmonary hy-
pertension (4). Automating RV assessments has the poten-
tial to improve reproducibility of RV analysis. To date, ar-
tificial intelligence (AI) biventricular segmentation studies
are based on small single-center and single-vendor data sets,
include limited numbers of patients with conditions affect-
ing the RV, and do not assess RV mass (1).

The aim of our study was to develop and comprehensively
evaluate an automated deep learning quantitative analysis of
LV and RV cardiac MRI measurements. We also sought to
assess the hypothesis that an Al cardiac MRI biventricular
analysis correlates with invasive hemodynamics, predicts
mortality in pulmonary hypertension, and is repeatable and
generalizable.

Materials and Methods

Study Sample
Our study involved a retrospective training data set and
a testing data set (Fig 1). The training data set included
611 studies performed at two university teaching hospitals
(Sheffield Teaching Hospitals, Sheffield; and Heart and Vas-
cular Center of Semmelweis University, Budapest) in 539
participants with various cardiac abnormalities (Appendix
E1 [online]).

The Budapest data set included 192 patients with 211
MRI studies randomly chosen in patients referred for inves-
tigation of suspected or confirmed LV disease. Overall, the
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data set included 180 MRI studies with LV disease and 32
normal MRI studies. The Budapest studies were performed
with a Philips MRI system and was used to train the initial
LV and RV segmentation model. For the Sheffield data set,
consecutive patients suspected of having pulmonary hyper-
tension who underwent cardiac MRI were identified from
the Assessing the Severity of Pulmonary Hypertension In
a Pulmonary Hypertension Referral Centre (known as AS-
PIRE) registry between 2007 and 2021 (5). Patients with
incomplete, unavailable, or unretrievable short-axis stack
were excluded. An off-line human-in-the-loop approach
was used, wherein the initial segmentation model trained
with the MRI scans acquired at Budapest was tested in the
Sheffield data set and a random sample of cases that had
suboptimal or failed segmentations were included for fur-
ther training (Fig 2). The first round of training included
220 MRI studies and the second round included 180 stud-
ies that were again identified from suboptimal segmenta-
tions resulting from the refined segmentation model. The
first, second, and final training rounds were performed with
Philips, GE, and Siemens MRI systems, respectively.

For the clinical testing, four data sets were included: a
prospective same-day repeatability cohort (z = 46); a pro-
spective same-day right heart catheterization (RHC) cohort
(n = 179); an external test cohort (7 = 40) from 32 centers
across England, Wales, and Scotland; and MRI studies not
included in the training from the ASPIRE registry used for
the assessment of mortality prediction (z = 3782).

Participants were recruited prospectively for our repro-
ducibility analysis as part of the Repeatability and Sensi-
tivity to Change of Noninvasive End Points in Pulmonary
Arterial Hypertension, or RESPIRE, study (6) (ClinicalTri-
als.gov identifier: NCT03841344). Ethical approval for the
study was granted by the local ethics committee and institu-
tional review board (ASPIRE, reference c06/Q2308/8; REC
17/YH/0016; and RESPIRE, REC 15/YH/0269). All pro-
spectively recruited participants gave written informed con-
sent. All data were strictly anonymized before analysis. We
followed the Checklist for Artificial Intelligence in Medical
Imaging (known as CLAIM) for reporting Al studies (7).

Imaging Procedures

MRI protocol.—Cardiac MRI was performed with 1.5-T MRI
systems from three vendors (Signa HDx, GE Healthcare;
Avanto, Siemens Solutions; and Achieva, Philips Healthcare).
Multisection short-axis cine images were obtained by using
a standard cardiac-gated balanced steady-state free preces-
sion sequence of 8-mm section thickness and 20 phases per
cardiac cycle (Signa HDx; GE Healthcare), 6-mm section
thickness and 25 phases per cardiac cycle (Avanto; Siemens
Solutions), and 8-mm section thickness and 25 phases per
cycle (Achieva; Philips Healthcare). The parameters (repeti-
tion time msec/echo time msec) were 3.7/1.6 (Signa HDx;
GE Healthcare), 38.92/1.13 (Avanto; Siemens Solutions),
and 2.72/1.36 (Achieva; Philips Healthcare). Two-dimen-

sional phase-contrast sequences were acquired perpendicular
q q
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to the long axis of the aortic
lumen by using through-plane
velocity encoding. All phase-
contrast sequences were per-
formed with GE MRI systems
with the following imaging

Training
Training 1 Training 2 Training 3
(Budapest) (Sheffield) (Sheffield)
192 patients 170 patients 177 patients

211 MRI scans

220 MRI scans

180 MRI scans

parameters: 5.6/2.7; section
thickness, 10mm; 20 phases;
and velocity encoding, 150

Testing

cm per second in the section
direction.

Repeatability
(RESPIRE)

Same-day RHC External dataset ASPIRE cohort

Image  analysis.—Manual

46 participants

3,782 patients

179 participants
5,051 MRI scans|

40 patients

segmentations of biventricu-
la.r epicardial and endocaf— Edliistan
dial contours on short-axis
stack images for the training
and testing data sets were
performed by seven observ-
ers (A.T,, D.C,, KK, A].S,,
S.S., FAA,, and S.A., with

19, 17, 13, 11, 4, 3, and 3

Quality Control 0 1
Failure: 0% Failure: 0.6%

years of specialist cardiac

MRI  experience, Repeatability il

respec-

tively). All manual contours
were reviewed by one author
(A.].S., a level 3 accredited
cardiac MRI radiologist). Tra-
beculations were included in
the blood pool, and the out-
flow tract was included for
both the RV and LV. In the
ASPIRE cohort,
tions were excluded from the
blood pool (performed by
D.C.). Manual segmentation
for the Dice accuracy analysis

Right Heart Catheter

Accuracy (DICE)

trabecula-

Interobserver variability

was performed independently
(by K.K. and A.].S.), and for
the external cohort testing

(by S.A. and A.].S). The scan-

rescan

Mortality prediction

segmentations were
performed by a senior car-
diac MRI radiographer with
3 years of experience who was
not involved in the model
training. All manual contouring was performed blinded to
the clinical data and RHC results. Software was used for
manual contouring (MASS, research version 2020; Leiden
University Medical Center). A visual quality review for all
segmentation was performed together by two authors (S.A.
and A.].S.) to identify the failure rate of the final segmenta-
tion model. Failed segmentations were those that resulted
in visually unacceptable contours and would lead to incor-
rect measurement. Contours with minimal errors that were
deemed to not effect cardiac MRI measurements were la-
beled suboptimal segmentations.
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Figure 1:  Study pariicipant flow chart for the fraining and festing cohorts. ASPIRE = Assessing the Severity of
Pulmonary Hypertension In a Pulmonary Hypertension Referral Centre, RESPIRE = Repeatability and Sensitivity to Change of
Noninvasive End Points in Pulmonary Arterial Hypertension, RHC 5 right heart catheter.

Al Model Development

The convolutional neural network used for the experiments
had a UNET-like architecture (similar in implementation
to hitps:/lgithub.com/dmolony3/ResUNet) with 16 convo-
lutional layers, including residual learning units, and was
implemented by using Python (version 3.6.9; Python Soft-
ware Foundation) and TensorFlow (version 1.12) (8). Input
images were resampled to a fixed pixel spacing of 1 mm and
cropped to a 256 X 256 matrix size and zero-filled when re-
quired. For training, the Adam optimizer method was used,
the learning rate was selected as 0.001, and cross-entropy

radiology.rsna.org = Radiology: Volume 305: Number 1—October 2022



was used as the loss func-

Frequent failures

tion. Data augmentation was
performed by creating new
training samples by randomly
rotating, flipping, shifting,
and modifying the image in-
tensities of the original im-
ages. Each training batch in-
cluded a random selection of
20 images. The fixed number
of epochs was set at 30, with
all images used once during
every epoch. Further details
on the Al model development
are in Appendix E2 (online).

Statistical Analysis

Continuous variables are pre-
sented as proportions, means
+ SDs, or medians with in-
terquartile ranges for data
with asymmetric  distribu-
tions. Variable standardiza-
tion was performed to allow
comparison of the different
continuous variables on the
same scale by subtracting the
mean for each variable and
dividing it by its SD. Cardiac
MRI

ments were indexed for body

volumetric measure-

surface area. Measurements  Figyre 2:
were corrected for age and sex
by calculating the percent-
age predicted values per pub-
lished reference data (9,10).

The interstudy repeatabil-
ity was assessed with interclass correlation coefficient (ICC)
and Bland-Altman analysis to compare the scan-rescan
variation in the automated and manual cardiac MRI mea-
surements. The paired # test was calculated to compare the
differences in scan-rescan measurements between Al and
manual assessment. Spearman correlation coeflicient was
used to compare the LV stroke volume to the stroke volume
derived from RHC and the aortic forward flow volume at
the LV outflow tract measured by phase-contrast imaging.
RHC stroke volume was derived by dividing cardiac output
by heart rate. RV ejection fraction and ventricular mass in-
dex was correlated to RHC pulmonary vascular resistance
and mean pulmonary artery pressure. Ventricular mass in-
dex was calculated as the RV end-diastolic mass—to-LV end-
diastolic mass ratio (RV mass—to—LV mass ratio). The z test
using the method by Steiger (11) was performed to test for
differences between manual and Al correlations with RHC
and phase-contrast imaging.

Uni- and multivariable Cox proportional hazard regres-
sion hazard ratios were calculated for both the age- and
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Suboptimal deep learning
model without training

|

Human input

| |

Machine
improvements

Improvement in image feature recognition

Example of improvement following additional training. This example demonstrates improvement of the right
ventricular base after additional training. The first model missed the right ventricular outflow tract and included the right afrium
instead (top image: yellow annotation showing right ventricular endocardial border), whereas the final model correctly in-
cluded the right ventricular outflow fract and excluded the right atrium (bottom image).

sex-adjusted cardiac MRI parameters. Collinearity was
tested by using Spearman correlation test. A correlation of »
greater than 0.8 was considered to be closely related. All pa-
tients were followed up until the all-cause mortality or ad-
ministrative censoring date (June 20, 2021). No patient was
lost to follow-up. The interstudy repeatability was assessed
with ICC and Bland-Altman analysis to compare the scan-
rescan variation in the automated and manual cardiac MRI
measurements. The paired # test was calculated to compare
the differences in the scan-rescan measurements between Al
and manual assessment. The agreement between the Al and
manual cardiac MRI measurements in the external test data
set was analyzed with ICC and Bland-Altman plots. The
accuracy of the Al contours relative to the manual contours
was estimated by calculating the Dice similarity coefficient
in 30 studies from an internal test data set randomly chosen
from the cohort and in the 40 studies from the external
test data set. The Dice score measured the ratio of overlap
and distance between the manual and automatically seg-
mented areas; a higher value indicated better accuracy of

n
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Table 1: Baseline Characteristics of the Training Sets

Training Training Set 3:

Training Set 2: Shefhield
Set 1: Shefhield Hospitals and
Budapest University University
Parameter (n=192) (n=170) (n=177)
MRI scanner vendor ~ Philips GE Siemens and
GE
No. of MRI 211 220 180
examinations
performed
Age (y)* 32 (23-55) 66 (51-77) 67 (54-75)
No. of women 83 (43) 120 (70) 112 (63)
BSA (m?) 1.89 £0.28 1.83*=0.21 1.83*0.23
Diagnosis
Left heart disease 138 (72) 32 (19) 21 (12)
Lung disease NA 26 (15) 13 (7)
PAH NA 48 (28) 89 (50)
CTEPH NA 34 (20) 10 (6)
Other PH NA 1 (0) 7 (4)
Other (not PH) 54 (28) 29 (17) 37 (21)
Cardiac MRI
parameters
RV EF (%) 55+ 11 41 =12 42 + 14

RV ESVi (mL/m?) 45 =24 65+ 32 66 = 38
RV EDVi (mL/m?) 95 = 31 107 * 40 109 * 45
RV EDMi (g/m?) 24 +7 25+9 26 = 10
LV EF (%) 53+ 13 52+ 10 53 =11
LV ESVi (mL/m? 49 * 32 38+ 17 37+ 23
LVEDVi (mL/m?) 99 *+ 32 80 + 26 76 *+ 30
LV ESVi (mL/m?) 50 £ 11 42 + 15 39+ 13
VMI 0.35+0.12 051*021 0.46=*0.19

Note.—Unless otherwise indicated, data are numbers of patients;
data in parentheses are percentages. Mean data are = SDs. BSA =
body surface area, CTEPH = chronic thromboembolic pulmonary
hypertension, EDMi = end-diastolic mass index, EDVi = end-
diastolic volume index, ESVi = end-systolic volume index, LV = left
ventricle, PAH = pulmonary arterial hypertension, PH = pulmonary
hypertension, EF = ejection fraction, NA = not applicable, RV =
right ventricle, VMI = ventricular mass index.

* Data are medians; data in parentheses are ranges.

the contouring model relative to the manual segmentation.
Statistical analyses were performed by using the Pingouin
(version 0.5) (12) and Lifelines (version 0.26) (13) Python
libraries, and graphs were produced by using the Matplotlib
library (version 3.5) (14). A P value of .05 or less indicated
statistical significance. All tests were performed at .05 level.

Results

Study Sample Characteristics

The total study sample included 4289 patients and 5630
cardiac MRI studies, after excluding 244 patients because
of either incomplete or unretrievable imaging (Fig 1). The
median age in the training data set was 58 years (IQR, 34

72

Table 2: Baseline Characteristics of the Test Sets

Same-day
ASPIRE RHC Repeatability
Test Set Test Set Test Set
Parameter (n = 3487) (n=178) (n = 46)
Age (y)* 66 (53-74) 67 (56-75) 48 (40-62)
No. of women 2158 (61) 131 (56) 35 (76)
BSA (m?) 1.88 + 0.24 1.92 £0.29 1.89 £0.20
Diagnosis
Left heart disease 741 (21) 28 (12)
Lung disease 480 (13) 29 (12)
PAH 920 (26) 49 (21) 36 (77)
CTEPH 623 (19) 77 (33)
Other PH 88 (3) 7 (3)
Other (not PH) 635 (18) 49 (21) 10 (33)
WHO functional class
I 42 (1) 5(2)
1I 403 (11) 30 (13) 2 (6)
111 2501 (71) 182 (77) 30 (83)
v 314 (9) 15 (6) 4 (11)
ISWT walk test 225 (80-330) 249 (88-360) 518
distance (m)* (351-587)
RHC parameters*
mPAP (mm Hg) 42 (29-51) 36 (25-46) 54 (50-59)
PVR (dyn - sec - 460 (229-764) 429 (214-690)
cm’)
PAWP (mm Hg) 12 (9-15) 10 (7-13)
stroke volume (mL) 62 (47-78) 61 (48-82) 64 (44-77)
CO (L/min) 5 (4-6) 5 (4-6) 5 (3-6)
SvO, (%) 66 (59-72) 68 (62-74) 64 (57-71)
Cardiac MRI
parameters
RV EF (%) 40 + 13 41+13 43+9
RV ESVi (mL/m?) 64 = 35 62 * 46 60 = 27
RV EDVi (mL/m?) 104 * 41 102 =70 104 = 34
RV EDMi (g/m?) 25*9 25+ 14 267
LV EF (%) 53 =10 549 59*+7
LV ESVi (mL/m?) 35+ 14 36 = 20 32*10
LV EDVi (mL/m?) 74 = 21 77 x40 77 = 16
LV SVi (mL/m?) 39 =12 41 + 22 45 + 10
LV EDMi (g/m?) 50 + 13 51 £ 25 45+ 8
VMI (ratio) 0.51 £0.17 0.50 £0.16 0.58 £0.19

Note.—Unless otherwise indicated, data are numbers of patients;
data in parentheses are percentages. Mean data are = SDs. BSA
= body surface area, CO = cardiac output, CTEPH = chronic
thromboembolic pulmonary hypertension, EDMi = end-
diastolic mass index, EDVi = end-diastolic volume index, EF

= ejection fraction, ESVi = end-systolic volume index, ISWT

= incremental shuttle walking test, LV = left ventricle, mPAP

= mean pulmonary artery pressure, PAH = pulmonary arterial
hypertension, PAWP = pulmonary arterial wedge pressure, PH =
pulmonary hypertension, PVR = pulmonary vascular resistance,
RHC = right heart catheterization, RV = right ventricle, SvO, =
mixed venous oxygen saturation, VMI = ventricular mass index,

WHO = World Health Organization.
* Data are medians; data in parentheses are ranges.
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Figure 3:  Examples of failed and suboptimal artificial intelligence (Al) segmentations. (A) Maijor failure
because of congenital heart disease causing the left ventricular (LV) confours to extend into the right ventricle
[RV; red box]. (B) Minor failure at the apex where the RV was incorrectly labelled as LV (red box). The red,
green, blue, and yellow circles indicate the LV endocardial, LV epicardial, RV endocardial, and RV epicar-
dial contors, respectively.
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years), 66 years (IQR, 21 years) in the AS-
PIRE cohort, 67 years (IQR, 19 years) in
the patients with same-day RHC, and 48
years (IQR, 22 years) in the scan-rescan
patients. The ratios of women were as fol-
lows: training data set, 315 of 539 (58%);
ASPIRE cohort, 2158 of 3487 (61%);
patients with same-day RHC, 131 of 178
(56%); and scan-rescan patients, 35 of 46
(78%) (Table 1, 2).

Quality Control

An example of the Al segmentation of
the short-axis stack throughout the car-
diac cycle is shown in Movie 1 (online).
The overall failure rate of the automatic
segmentation was 1.0% (53 of 5316), al-
most exclusively caused by congenital heart
diseases such as a ventricular septal defect
(Fig 3A) or artifacts and technical issues af-
fecting image quality. In 91 of 5316 stud-
ies (1.7%), there were segmentation errors

mainly affecting the heart apex (Fig 3B).

Correlations with Invasive
Hemodynamics and Phase Contrast Flow
The mean for cardiac MRI-estimated LV
stroke volume were 78 mL * 24 (SD) and
79 mL = 26 for Al and manual assessments,
respectively. The RHC-derived LV stroke
volume was 66 mL * 23 and the phase-con-
trast mean aortic forward flow volume was
68 mL = 21. The correlation between RHC
and cardiac MRI LV stroke volume (Fig 4)
was higher for Al than for manual measure-
ments (r = 0.74 vs 0.68, respectively; P =
.03) (Fig 4A, Table 3). Both Al and manu-
ally derived LV stroke volume showed simi-
lar correlation with the aortic forward flow
volume (» = 0.73 and 0.70, respectively;
P = .29; n = 118), although variability is
evident between the methods of stroke vol-
ume calculation, which may in part be due
to technical factors and intracardiac shunts
in some patients (Fig 4B). The Al-measured
ventricular mass index (RV mass—to—LV
mass ratio) had a higher correlation with
pulmonary vascular resistance (Fig 4D) and
mean pulmonary artery pressure (Fig 4F)
than the manual measurements (» = 0.64
vs 0.44 [P < .001] and 0.56 vs 0.37 [P <
.001], respectively).

There were good correlations between RV
ejection fraction and mean pulmonary artery
pressure (Fig 4C) and pulmonary vascular resis-
tance (Fig 4E), with no evidence of a difference
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Figure 4:  Graphs show the relationship between automatic cardiac MRI measurements, right heart catheterization (RHC) and phase-contrast aortic flow. Automatic
cardiac MRI measurements were compared to (A) RHC stroke volume (SV) and (B) phase-contrast cortic flow in 178 patients of the same-day RHC cohort. (€)
Mean pulmonary artery pressure (mPAP) was compared with right ventricle ejection fraction (RVEF) and (D) veniricular mass index (VMI; RV mass-to-LV mass). (E)
Pulmonary vascular resistance (PVR) was compared to RVEF and (F) VM.

between Al and manual readings. Pulmonary vascular resistance The correlation between Al-based cardiac MRI measure-
and mean pulmonary artery pressure correlated similarly with Al ments and RHC was confirmed in 2051 patients in the AS-
and manual RV ejection fraction (P = .75 and .76, respectively). PIRE cohort (Table E1, Fig E1 [online]).
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Volume in the Same-Day Right Heart Catheterization Cohort

Table 3: Relationship Between Cardiac MRI, Right Heart Catheterization Parameters, and Phase-Encoding Aortic Forward Flow

Cardiac MRI Parameter Corresponding RHC Parameter Al (r Value) Human (r Value) P Value No. of Patients
LV stroke volume Stroke volume 0.74 0.68 .03 178
VMI PVR 0.62 0.41 <.001 178
RV EF PVR -0.70 -0.69 75 178
VMI mPAP 0.56 0.37 <.001 178
RV EF mPAP -0.66 -0.67 .76 178
LV stroke volume (mL) Aortic forward flow volume (mL) 0.73 0.70 29 117

Note.—Human evaluation was performed by a senior cardiac MRI radiographer with 17 years of experience. Al = artificial intelligence, EF
= ejection fraction, LVSV = left ventricle, mPAP = mean pulmonary artery pressure, NA = not applicable, PVR = pulmonary vascular
resistance, RHC = right heart catheterization, RV = right ventricle, VMI = ventricular mass index.

Mortality Prediction

Automatic cardiac MRI measurements were assessed in 3487 pa-
tients from the ASPIRE registry. The study population included
patients with multiple pathologic disease, predominantly pulmo-
nary arterial hypertension (920 of 3487; 26%), left heart disease
(741 of 3487; 21%), lung diseases (480 of 3487; 13%), chronic
thromboembolic pulmonary hypertension (623 of 3487; 19%),
and without pulmonary hypertension (635 of 3487; 18%). Dur-
ing the mean follow-up period (3.8 years) 1604 of 3487 (46%)
patients died. Other than RV stroke volume, all cardiac MRI
parameters predicted mortality (Table 4). RV parameters includ-
ing RV mass were prognostic markers in the subgroup with pul-
monary arterial hypertension (7 = 920) (Table 4). RV ejection
fraction remained a significant prognostic marker in a multivari-
able analysis including age, World Health Organization function
class, incremental shuttle walking test, RHC parameters (mean
pulmonary artery pressure, pulmonary arterial wedge pressure,
cardiac output, and mixed venous oxygen saturation) and car-
diac MRI variables (age- and sex-corrected RV and LV ejection
fraction and mass index) (Table 4). The uni- and multivariable
Cox regression results for the available manual cardiac MRI
measurements are provided in Table E2 (online).

Repeatability Assessment

The interstudy repeatability of cardiac MRI measurements was
high for both Al and manual measurements. The automatic LV
and RV volumetric and mass measurements ICC were 0.92 and
0.99, respectively. The ICC for LV and RV ejection fraction was
0.80 and 0.90, respectively (Table 5). The differences in the scan-
rescan measurements were not different between Al and manual
(¢ test P = .73 for RV ejection fraction and .8 for LV ejection
fraction) (Table E3 [online]).

Bland-Altman plots showed strong agreement between
manual and automatic measurements, with small mean absolute
differences ranging between 0 mL and 4 mL in the scan-rescan
measurements (Fig 5). Examples of MRI scans with higher dif-
ferences are shown in Figure E2 (online).

External Testing

There was excellent agreement between the Al and manual mea-
surements in the multicenter and multivendor (Siemens, Phil-
ips, and GE) external data set. The interobserver ICC ranged
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between 0.94 and 0.99 for LV and RV volumes (Table E4 [on-
line]). The ICC was 0.93 for LV ejection fraction and 0.94 for
RV ejection fraction, and the ICCs for LV and RV mass were
0.95 and 0.92, respectively. Bland-Altman plots showed small
absolute mean differences (Fig E3 [online], Fig 4).

Segmentation Accuracy

Dice analysis showed excellent agreement in the Al and
manual LV and RV epi- and endocardial end-systolic and
end-diastolic contours in both the internal and external test
cohorts (Table E5 [online]). The Dice values in the internal
data set s ranged between 93% and 96% for the LV and
93%-95% in the RV. The Dice values were slightly lower in
the external cohort and ranged from 89% to 95% in the LV
and 88% to 92% in the RV.

Discussion

Our study developed and comprehensively analyzed the
performance of a fully automated biventricular cardiac MRI
assessment in a large cohort of patients. We demonstrated
that fully automated left ventricular (LV) stroke volume and
ventricular mass index assessment had a correlation that was
stronger than manual assessment with invasive hemody-
namics parameters such as LV stroke volume (» = 0.74 vs
0.68; P = .03), pulmonary vascular resistance (» = 0.62 vs
0.41; P < .001), and mean pulmonary artery pressure (r =
0.56 vs 0.37; P < .001). Additionally, we showed excellent
scan-rescan repeatability of artificial intelligence (AI) mea-
surements for assessing LV and right ventricular (RV) mea-
surements, including the more challenging RV mass (in-
terclass correlation coefficient, 0.98; 95% CI: 0.96, 0.99).
At a population level, we evaluated the prognostic value of
Al-based cardiac MRI measurements and showed its ability
to predict mortality in a cohort with multiple pathologic

diseases, and further evaluated RV parameters in a subgroup
of patients with pulmonary arterial hypertension. Finally,
we have shown excellent generalizability of Al contours in
an external cohort.

We included varying types and severities of conditions af-
fecting the RV to improve the reliability of our model for auto-
matically measuring RV function and volume. We also trained
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Table 4: Univariable and Multivariable Cox Regression Hazard Ratios for Automatic Cardiac MRl Measurements
ASPIRE Cohort (» = 3487) ASPIRE PAH Subgroup (z = 920)
Parameter Hazard Ratio P Value Hazard Ratio P Value
Univariable Cox regression
Age 1.04 (1.03, 1.04) <.001 1.04 (1.04, 1.05) <.001
Sex 1.38 (1.26, 1.51) <.001 1.16 (0.96, 1.41) 13
WHO functional class 1.60 (1.52, 1.68) <.001 1.35 (1.23, 1.47) <.001
ISWT distance 0.46 (0.42, 0.51) <.001 0.49 (0.42, 0.57) <.001
mPAP 1.25(1.18, 1.32) <.001 0.87 (0.77, 0.98) .02
PVR 1.23 (1.17, 1.30) <.001 0.99 (0.88, 1.12) .89
PAWP 1.13 (1.06, 1.19) <.001 0.97 (0.85, 1.10) .62
Stroke volume 0.75 (0.71, 0.80) <.001 0.82 (0.72, 0.94) <.001
CO 0.75 (0.70, 0.81) <.001 0.84 (0.74, 0.96) .01
SvO, 0.75(0.71, 0.79) <.001 0.82 (0.73, 0.93) <.001
RVEF 0.66 (0.63, 0.67) <.001 0.76 (0.69, 0.84) <.001
RVESVi 1.49 (1.4, 1.55) <.001 1.40 (1.28, 1.52) <.001
RVEDVi 1.36 (1.31, 1.42) <.001 1.19 (1.09, 1.29) <.001
RVSVi 0.96 (0.92, 1.01) 131 0.95 (0.87, 1.03) 199
RVEDMi 1.39 (1.34, 1.45) <.001 1.15 (1.06, 1.26) .001
LVEF 0.80 (0.76, 0.83) <.001 0.94 (0.85, 1.04) 231
LVEDVi 0.94 (0.90, 0.99) 019 1.00 (0.91, 1.10) 564
LVESVi 1.11 (1.06, 1.16) <.001 1.07 (0.98, 1.18) 115
LVSVi 0.81 (0.77, 0.85) <.001 0.95 (0.86, 1.05) 881
LVEDMi 1.08 (1.03, 1.13) .001 1.06 (0.96, 1.17) .238
VMI 1.36 (1.30, 1.42) <.001 1.12 (1.03, 1.24) .010
Multivariable Cox regression
Age 1.04 (1.03, 1.04) <.001 1.04 (1.04, 1.06) <.001
WHO functional class 1.50 (1.21, 1.85) <.001 0.87 (0.54, 1.41) .58
ISWT distance 0.58 (0.51, 0.67) <.001 0.62 (0.49, 0.79) <.001
mPAP 1.07 (0.95, 1.21) 27 0.80 (0.62, 1.04) .09
PAWP 0.97 (0.89, 1.06) .54 1.02 (0.86, 1.20) .85
CcO 0.99 (0.90, 1.09) .87 1.01 (0.80, 1.29) 91
SvO, 0.94 (0.85, 1.04) 24 0.90 (0.72, 1.12) .35
RVEF 0.80 (0.70, 0.92) <.001 0.70 (0.53, 0.92) .01
RVEDMi 1.03 (0.90, 1.18) .65 0.97 (0.71, 1.31) .83
LVEF 0.99 (0.90, 1.09) .83 1.11 (0.92, 1.35) 27
LVEDMi 1.21 (1.04, 1.41) 01 1.10 (0.77, 1.58) 59
Note.—Data in parentheses are 95% Cls. The total number of deaths in the Assessing the Severity of Pulmonary Hypertension In a
Pulmonary Hypertension Referral Centre, or ASPIRE, cohort and the subgroup of the ASPIRE cohort with pulmonary artery hypertension
were 1604 of 3487 (46%) and 459 of 920 (50%), respectively. The combinations of end-diastolic, end-systolic, and stroke volume
correlated highly with each other and with the ejection fraction for both the right ventricular and left ventricular measurements. Therefore,
only ejection fraction was included in the multivariable Cox regression analysis. Cardiac MRI parameters were analyzed as the percentage
of predicted values for an age- and sex-matched healthy population. CO = cardiac output, EF = ejection fraction, EDMi = end-diastolic
mass index, EDVi = end-diastolic volume index, ESVi = end-systolic volume index, ISWT = incremental shuttle walking test, LV = left
ventricle, mPAP = mean pulmonary artery pressure, PAH = pulmonary arterial hypertension, PAWP = pulmonary arterial wedge pressure,
PVR = pulmonary vascular resistance, RV = right ventricle, SvO, = mixed venous oxygen saturation, VMI = ventricular mass index,
WHO = World Health Organization.

our model to recognize the RV epicardial contours to capture
a variety of RV appearances, such as RV dilatation and hyper-
trophy, in addition to normal variations. Previous studies that
assessed biventricular or focused RV short-axis segmentation
used small public data sets and included no or only a limited
number of patients with abnormalities of RV function (1).

The largest biventricular segmentation studies were reported
by Bai et al (15) and Budai et al (16) and each study included
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approximately 5000 participants. Bai et al (15) included
healthy volunteers from the UK Biobank study, whereas Budai
et al (16) included a cohort with mainly LV pathologic dis-
ease and limited RV pathologic disease because of conditions
such as arrthythmogenic ventricular disease. Both studies were
single center and single vendor. Our study differs in two main
aspects: the Al segmentation model included large training
data sets from multiple vendors (GE, Philips, and Siemens),
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Table 5: Interstudy Repeatability for Al and Manual Cardiac

MRI Parameters

Cardiac MRI Parameter Al Manual

RV ESV 0.99 (0.98,0.99)  0.98 (0.96, 0.99)
RV EDV 0.99 (0.97,0.99)  0.97 (0.95, 0.98)
RV stroke volume 0.92 (0.85, 0.96) 0.84 (0.70, 0.91)
RV EF 0.90 (0.82, 0.94) 0.78 (0.60, 0.88)
RV EDM 0.98 (0.97, 0.99) 0.90 (0.81, 0.94)
LV ESV 0.96 (0.93, 0.98) 0.96 (0.92, 0.98)
LV EDV 0.98 (0.97, 0.99) 0.96 (0.93, 0.98)
LV stroke volume 0.95 (0.91, 0.97) 0.93 (0.88, 0.96)
LV EF 0.80 (0.63, 0.89) 0.88 (0.78, 0.93)
LV EDM 0.99 (0.98, 0.99) 0.94 (0.89, 0.97)

Note.—Data are interclass correlation coefficients; data in
parentheses are 95% Cls. Interstudy repeatability assessment

for the automatic and manual cardiac MRI measurement was
performed in 46 participants in the Repeatability and Sensitivity
to Change of Noninvasive End Points in Pulmonary Arterial
Hypertension, or RESPIRE, cohort who had same-day repeat
scans. Al M artificial intelligence, EDM = end-diastolic mass,
EDV = end-diastolic volume, EF = ejection fraction, ESV =
end-systolic volume, LV = left ventricle, RV = right ventricle.

multiple centers (Budapest and Shefhield), and multiple patho-
logic causes (LV and RV conditions); and automated cardiac
MRI results were assessed by testing their correlation with
invasive hemodynamics, prognostic ability, repeatability, and
comparison to manual measurements in an external cohort.
Our external test data set included patients referred to a spe-
cialist for a second opinion for complex pathologic causes.

We validated Al-derived cardiac MRI measurements
against invasive hemodynamics performed on the same day.
Cardiac MRI has diagnostic accuracy for pulmonary hyper-
tension when compared to reference standard hemodynam-
ics (17-19). The correlation between RV ejection fraction
and pulmonary vascular resistance has been reported to
range between -0.32 and -0.55, and the correlation with
mean pulmonary artery pressure ranges between -0.28 and
-0.66 (20-23). Ventricular mass index (RV mass—to—LV
mass ratio) also correlates with RHC parameters ranging
between 0.11 and 0.74 for pulmonary vascular resistance
and from 0.53 to 0.87 for mean pulmonary artery pressure
(20,22,23). Our study showed that Al-based cardiac MRI
measurements correlate with RHC parameters. Particu-
larly ventricular mass index, which is a known diagnostic
and prognostic marker in pulmonary arterial hypertension,
showed stronger correlation with RHC when measured au-
tomatically, indicating improved accuracy over manually
measured ventricular mass index. Although some values
showed a high level of disagreement, this is expected in a
heterogeneous population including patients with congeni-
tal heart disease and considering the significant technical
variability between the modalities compared.

The prognostic value of cardiac MRI measurements has
been established in several cardiopulmonary diseases, includ-
ing ischemic heart disease, cardiomyopathies, heart failure,
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and pulmonary arterial hypertension (24-27). In patients
with pulmonary arterial hypertension, RV ejection fraction,
RV end-systolic volume index, and RV end-diastolic volume
index were shown to predict mortality and clinical worsen-
ing in a meta-analysis of almost 2000 patients (28). Our
study confirmed the prognostic ability of automatic cardiac
MRI measurements in a large cohort of 3417 patients with
multiple pathologic diseases, including 920 patients with
pulmonary arterial hypertension. RV ejection fraction, RV
end-systolic volume index, RV end-diastolic volume index
and RV end-diastolic mass index predicted death in pulmo-
nary arterial hypertension when corrected for age and sex.
RV end-diastolic mass index is not assessed in commercial
software packages but can provide useful prognostic informa-
tion, particularly in pulmonary hypertension. Additionally,
we showed that automatically measured RV ejection fraction
is a statistically significant prognostic marker in pulmonary
arterial hypertension when added to functional assessment
(World Health Organization functional class and walking
test) and right heart catheterization parameters.

Although our analysis showed that differences between
the automatic and manual measurements were not statisti-
cally significant, these differences can be relatively large (eg,
6% difference in ejection fraction). Therefore, we believe that
establishing normal ranges of Al segmentation is important.
Additionally, despite similar repeatability between the auto-
matic and manual segmentation, consistent differences were
noted in the manual segmentation of the scan-rescan cohort,
such as excluding portions of the right ventricular outflow
tract. Whereas this consistency maintained excellent repeat-
ability, the manual segmentation was less accurate. The scan-
rescan segmentation was performed by a cardiac MRI practi-
tioner not involved in the Al model training, highlighting the
existence of subjective differences in the interpretation of the
base of the heart even within the same institution. Further-
more, the Al segmentation fails in some patients, showing
the need for further training. Failed Al segmentation will be
continuously identified and incorporated in future training
rounds to improve the accuracy of the model.

Our study had limitations. First, the validation, includ-
ing comparison with heart catheterization and prediction
of mortality, was performed in a single center with two
MRI systems and limited cohort description. Second, di-
rect comparison between Al and manual measurements in
the large ASPIRE cohort for RHC correlation and mortality
prediction could not be performed because of differences in
handling trabeculations. Third, the segmentation algorithm
cannot be made publicly available because the deep learning
code would require extensive documentation and compat-
ibility scripts to enable the application by external parties.
However, we encourage readers to contact the correspond-
ing author for research access to the Mass software and the
Al segmentation tool.

In conclusion, we described a human-in-the-loop arti-
ficial intelligence (AI) approach to develop a biventricular
cardiac MRI assessment tool. We provided a comprehensive
evaluation of Al-based cardiac MRI measurements in a large

77



Artificial Intelligence Cardiac MRI Measurements

Automatic RVEDV
A B
50 - 50
Py [ ]
E 25 E 25
3 3
8 ® oo . 8
®
% 0 .. °® e © Mean @ 0
2 ® ° 3.88 ©
[0} [ ] [ ] [}
5 .“ % ° 5
2-25 e ° ° 8 -25
e
< ® b -37.13 <
ECTE
-50 -50
0 100 200 300
Mean value (ml)
Automatic RVESV
C D
25 25
. e +1.965D .
= 1685 =
£ .'. e E
'Y
§ [ ] e %o Py §
g 0 e © Py ® Mean g 0
b= ® 3 321 b=
k=] ® '~ ® ©
@ [ ] [0
=2 L L 5
2 - 27 2
£ -25 ERTE) £ -25
o
-50 -50
0 100 200 300
Mean value (ml)
Automatic RVEF
E F
25 25
= z
= +1.96 SD s
8 L —— . ® 157 8
8 ® o 3
5] = L Mean o
£ 0 — £ 0
Q °® e ® €] o
3 9.9 1065 -
2 [} “96'80 S
Ke} L
< <
-25 -25
0 20 40 60
Mean value (%)
Figure 5:

Manual RVEDV

[ ]
o +1.96 SD
........... = v
€]
@ e o
®
® @ [ ]
® ®
P X T A~ ..
e® oo® 5.91
[ ] ®
’ ‘ LY
[ ] @
o o 2les |
1.96'SD
0 100 200 300
Mean value (ml)
Manual RVESV
- +1.96 SD
. ® 2483
S
L 1 ) ®
o ° s s °® °
®
e = a ® Mean
.. - ® it b [ ] 375
o0 %e
.... o ®
[}
........... . -3232
-1.96 SD
[ ]
100 200 300
Mean value (ml)
Manual RVEF
®
............... > 1,96 SD
® ® LAY
. . X
- () ... Mean
b -0.11
® § “o LY A "
)
U .9 L ] T35
-1.96'SD
20 40 60

Mean value (%)
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were performed in 46 participants fo compare the repeatability of the (A, €, D) automatic and (B, D, F) manual measurements. RVEDV = right ventricular end-diastolic
volume, RVEF = right ventricular ejection fraction, RVESV = right ventricular end-systolic volume.

cohort of patients with a wide spectrum of right and left ven-
tricular pathologic abnormalities and normal variants. Fully
automatic cardiac MRI assessment correlates with invasive
hemodynamics and has prognostic value. Training to target
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apex errors and more extreme pathologic abnormalities could
advance the Al method further. Future research that uses car-
diac MRI as a clinical end point can benefit from the high
repeatability and generalizability of Al measurements.
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