Streamlining Clinical Pipelines for

Cardiovascular Imaging with Deep Learning

MPhil /PhD in Data Science

Tuan Ageel Bohoran
(ID: N0954201)

Under the supervision of

Archontis Giannakidis, Ph.D.

NOTTINGHAM®
TRENT UNIVERSITY

Department of Physics and Mathematics
Nottingham Trent University

October 3, 2024



Acknowledgments

I express my deepest gratitude towards my supervisor Archontis Giannakidis, Ph.D. for the
constant help and encouragement from the start of the thesis work.

I have been fortunate to have a supervisor who gave me the freedom to explore on my own
and at the same time helped me plan the future work-plan with timely reviews and suggestions
wherever required. Thank you for giving me enough extension of time whenever required and
having faith in me.

Additionally, I wish to acknowledge the contributions of my external co-supervisor, Pro-
fessor Gerry P. McCann, from Glenfield Hospital in Leicester, UK and my collaborator,
Polydoros N. Kampaktsis, MD, PhD, from Columbia University Irving Medical Center
(CUIMC), USA. Their expertise and collaborative spirit enriched this project significantly. I
would also like to thank my co-supervisors Jonathan Crofts and Laurence Shaw.

My heartfelt thanks also go to: (i) my family, especially my father Faleel Bohoran, my
mother Rishani Bohoran, my elder brother Imran Bohoran, my elder sister Mumtaz Bohoran,
my younger sister Aneesha Bohoran, my younger brother Ameen Bohoran and my cousin Ar-
shad Kitchilan, (ii) my teacher Kamal Perera (iii) my friend Thanos Siouras, and (iv) my
colleagues at Nottingham Trent University (NTU) (David Jenkins, Suliman Almansour) and
Glenfield Hospital (Kelly Parke, Alice Cowell). Your unwavering support, discussions, and ca-
maraderie have made this academic journey more meaningful.

Lastly, I express my gratitude to the EU Horizon programme, the Imaging, Materials
and Engineering Centre at NTU, and the School of Science and Technology at NTU
for their financial support and resources.

This work would not have been possible without the collective efforts of all those mentioned
above. Thank you for being part of this remarkable journey.

Nottingham, UK
October 3, 2024

Tuan Aqgeel Bohoran



List of Publications

[1] T. A. Bohoran, K. S. Parke, M. P. M. Graham-Brown, M. Meisuria, A. Singh, J. Worm-
leighton, D. Adlam, D. Gopalan, M. J. Davies, B. Williams, M. Brown, G. P. McCann, and
A. Giannakidis (2023). Resource efficient aortic distensibility calculation by end to end spa-
tiotemporal learning of aortic lumen from multicentre multivendor multidisease CMR, images.
Scientific Reports, vol. 13, 21794.

[2] P. N. Kampaktsis , T. A. Bohoran, M. Lebehn, L. McLaughlin, J. Leb, Z. Liu, S. Mous-
takidis, A. Siouras, A. Singh, R. T. Hahn, G. P. McCann, A. Giannakidis (2024). An attention-
based deep learning method for right ventricular quantification using 2D echocardiography:
Feasibility and accuracy. Echocardiography, Volume 41, Issue 1, €15719. January 2024.

[3] T. A. Bohoran, P. N. Kampaktsis, L. McLaughlin, J. Leb, S. Moustakidis, G. P. McCann,
A. Giannakidis (2023). Right Ventricular Volume Prediction by Feature Tokenizer Transformer-
Based Regression of 2D Echocardiography Small-Scale Tabular Data. In: Bernard, O., Clarysse,
P., Duchateau, N., Ohayon, J., Viallon, M. (eds) Functional Imaging and Modeling of the Heart
(FIMH 2023), June 19 — 22, Lyon, France. Lecture Notes in Computer Science, vol 13958.
Springer, Cham, pp. 292-300.

[4] T. A. Bohoran, P. N. Kampaktsis , G. P. McCann, A. Giannakidis (2023). Fast-tracking the
deep residual network training for arrhythmia classification by leveraging the power of dynamical

systems. In Proceedings of the 17th IEEE International Conference on Signal Image Technology
& Internet Systems (IEEE SITIS 2023), November 8 - 10, Bangkok, Thailand.

[5] T. A. Bohoran, P. N. Kampaktsis, L. McLaughlin, J. Leb, S. Moustakidis, G. P. McCann,
A. Giannakidis (2023). Embracing uncertainty flexibility: Harnessing a supervised tree kernel
to empower ensemble modelling for 2D echocardiography-based prediction of right ventricular
volume. In the Proceedings of the 16th International Conference of Machine Vision (ICMV
2023), November 15 — 18, Yerevan, Armenia. SPIE, Vol. 13072, 1307214.

[6] P. Kampaktsis, T. A. Bohoran, L. McLaughlin, A. Singh, J. Leb, R. T. Hahn, G. McCann,
A. Giannakidis (2024). 2D echocardiographic right ventricular quantification using planimetry
and deep learning. In the 2024 American College of Cardiology Annual Scientific Session (ACC
2024), Atlanta, USA, April 6 — 8. Journal of the American College of Cardiology, Volume 83,
Issue 13, Supplement A, 1522.

[7] P. N. Kampaktsis, T. A. Bohoran, M. Lebehn, L. McLaughlin, J. Leb, S. Moustakidis, R.
T. Hahn, A. Giannakidis (2024). A 2D echocardiographic method for accurate right ventricular
quantification using deep learning. In the 2024 European Society Cardiology Congress (ESC
2024), London, UK, August 30 — September 2.

[8] T. A. Bohoran, K. S. Parke, A. Cowley, G. S. Gulsin, J. Yeo, A. Dattani, G. P. McCann,
and A. Giannakidis (2024). Segmetron: Sample-efficient Model-agnostic Cardiac Semantic Seg-
mentation with a Trustworthy Reject Option via PQ Learning, IEEE Journal of Biomedical and
Health Informatics, (submitted, under review).

ii



Contents

Acknowledgments i
List of Publications ii
List of Tables vii
List of Figures ix
Style Conventions xii
Abbreviations xiii
Latin Symbols Xvi
Greek Symbols xxi
Abstract xxii
1 Introduction 1

2 Resource-efficient Aortic Distensibility Calculation by End-to-end Spatio-temporal
Learning of Aortic Lumen from Multi-centre Multi-vendor Multi-disease CMR

Images 3
2.1 Imtroduction . . . . . . . ... 3
2.1.1 Clinical Background . . . . . . . . ... ... ... 3
2.1.2 The Challenge . . . . .. . . . . . ... . 4
2.1.3 Related Work . . . . . .. . 5
2.1.4 Our Contribution . . . . . . . . .. .. L 5
2.2 Materials and Methods . . . . . . . . ... 6

2.2.1 Study Population and Image Dataset . . . . . . .. ... ... ... .... 6

iii



2.3

24

2.2.2 Image Acquisition . . . . . . ... 6

2.2.3 Data Pre-processing and Annotation . . . . . . ... ... 0L 6
2.2.4 Neural Network Architecture . . . . . . . ... ... ... .. ... .... 7
2.2.5  Adam Optimisation . . . . . . . . .. ... 14
2.2.6 Implementation and Training . . . . . . . . ... ... ... ... ... 14
2.2.7  Model Evaluation and Statistical Analysis . . . . . . . ... ... ... .. 15
Results . . . . . . . o e 19
2.3.1 Model Accuracy . . . . . . ... 19
2.3.2 Model Resource Efficiency . . . . . .. .. ... oL 20
2.3.3 Ablation Study Results . . . . . . ... ... ... 20
Discussion . . . . . . . . L 29
2.4.1 Strengths of this Study . . . . . . ... oo 29
2.4.2 Main Findings . . . . . . ..o 29
2.4.3 Clinical Implications . . . . . . . . .. .. ... .. 30
2.4.4 Resource Efficiency Considerations . . . . . . ... ... ... ... .... 30
2.4.5 Study Limitations . . . . . .. .. . 31

3 Enhanced Right Ventricular Volume Prediction and Uncertainty Estimation:
From Supervised Tree Kernel Ensembles to Feature Tokeniser Transformer-

based Regression on 2D Echocardiography Planimetry Data 33
3.1 Imtroduction . . . . . . . . ... 33
3.1.1 Clinical Background . . . . . . .. .. .. ... ..o 33
3.1.2 The Challenge and Related Work . . . . . . . ... ... ... .. ..... 34
3.1.3 Our Contribution . . . . . . . . .. .. 35
3.2 Materials and Methods . . . . . . . . ... Lo 35
3.2.1 Study Population and Image Dataset . . . . . . .. ... ... ... .... 35
3.2.2 Image Acquisition . . . . . .. ..o 35
3.2.3 Data Pre-processing and Annotation . . . . . . ... ... ... ... 36
3.2.4 Intra- and Inter-observer Variability . . . .. .. ... ... ... ... .. 36
3.2.5 Baseline Characteristics . . . . . . . . .. ... o 36
3.2.6 Machine Learning Methods . . . . . . . ... . ... ... ... ...... 38
3.2.7 AdaMax Optimisation . . . . . . . . . .. ... 44
3.2.8 Implementation and Training . . . . . . . .. .. ... ... .. 45

v



3.3

3.4

3.2.9 Model Evaluation and Statistical Analysis . . . . . . . ... ... ... .. 46

Results . . . . . . . o 54
3.3.1 Variability Analysis of 2DE RV Planimetry . . . . . ... ... ... ... 54
3.3.2 Method I: Results . . . . . ... . ... ... 58
3.3.3 Method IT: Results . . . . ... .. ... . . 66
Discussion . . . . . . . .. 71
3.4.1 Strengths of this Study . . . . . . .. ... o 71
3.4.2 Main Findings . . . . . . . .. 71
3.4.3 Clinical Implications . . . . . . . . . ... ... 71
3.4.4 Resource Efficiency Considerations . . . . . . ... .. ... ... ..... 71
3.4.5 Study Limitations . . . . . . . ... 72

4 Fast-tracking the Deep Residual Network Training for Arrhythmia Classifica-

tion by Leveraging the Power of Dynamical Systems 73
4.1 Introduction . . . . . . . . L 73
4.1.1 Background . . . . .. Lo 73
4.1.2 The Challenge . . . . . . . . . . 73
4.1.3 Our Contribution . . . . . . . .. . ... 74
4.2 Materials and Methods . . . . . . . . ... L 74
4.2.1 Study Population and Dataset . . . . .. ... ... ... ... ... ... 74
4.2.2  Annotation and Pre-processing . . . . . .. ... Lo oL 74
4.2.3 Dynamical Systems Viewpoint . . . . . . ... ... ... ... 76
4.2.4 Automated Adaptive Training Algorithm . . . . . . ... ... ... ... 7
4.2.5 Experiments. . . . . . ... Lo 7
4.2.6 Evaluation Metrics . . . . . . . . .. 78
4.3 Results. . . . . . o 78
4.4 DISCUSSION . . . . . o . 80
4.4.1 Strengths of this Study . . . . . . . . ... oo 80
4.4.2 Main Findings . . . . . . . .. 80
4.4.3 Clinical Implications . . . . . . . . . . ... 81
4.4.4 Resource Efficiency Considerations . . . . . . .. .. ... ... .. .... 81
4.4.5 Study Limitations . . . . . . . ... 81



5 Segmetron: Sample-efficient Model-agnostic Cardiac Semantic Segmentation

with a Trustworthy Reject Option via PQ learning 82
5.1 Imntroduction . . . . . . . . . .. 82
5.1.1 Background . . . . .. ... Lo 82
5.1.2 Related Work . . . . . . .. Lo 82
5.1.3 Our Contribution . . . . . . . . . . .. 83
5.2 Materials and Methods . . . . . . . . . ... 84
5.2.1 Covariate Shift . . . . . . . . . ... 84
5.2.2 The PQ Learning Setting of Selective Classification . . . . . . . . . . ... 84

5.2.3 Problem Set-up: Semantic Segmentation with a Trustworthy Reject Option 85

5.2.4 Enforced Disagreement Segmenter . . . . . . . ... ... ... ... ... 85
5.2.5 Learning to Agree and Disagree . . . . . . . . . ... ... ... ... ... 86
5.2.6 The Segmetron Hypothesis Test . . . . . . . . ... ... ... ... .... 87
5.2.7 Experiments. . . . . . .. Lo 88
5.2.8 Implementation . . . . . . . ... 91
5.2.9 Statistical Test and Evaluation . . . . ... ... ... .. ... .. .... 92
5.3 Results. . . . . . . e 93
5.4 Discussion . . . . . .. 95
5.4.1 Study Limitations . . . . . . . .. ... 97
6 Conclusions 100
6.1 Resource-efficient aortic distensibility calculation by end-to-end spatio-temporal
learning of aortic lumen from multi-centre multi-vendor multi-disease CMR images100
6.2 Enhanced Right Ventricular Volume Prediction and Uncertainty Estimation: From
Supervised Tree Kernel Ensembles to Feature Tokeniser Transformer-based Re-
gression on 2D Echocardiography Planimetry Data . . . . . .. .. .. ... ... 101
6.3 Fast-tracking the Deep Residual Network Training for Arrhythmia Classification
by Leveraging the Power of Dynamical Systems . . . . . .. .. .. ... .. ... 101
6.4 Segmetron: Sample-efficient Model-agnostic Cardiac Semantic Segmentation with
a Trustworthy Reject Option via PQ learning . . . . . . . .. ... ... ... .. 102
Bibliography 102

vi



List of Tables

2.1
2.2

2.3

24

2.5

3.1

3.2

3.3

3.4

3.5

3.6

Patient characteristics for the aortic distensibility study. . . . . . .. ... .. ..

Quantitative performance of the proposed method using absolute errors in the
aortic area, aortic distensibility (AD), and the Dice coefficient. Also provided
are the p values obtained from the Wilcoxon-signed rank test with Bonferroni
correction (o = 0.05). The mean ground truth area (averaged over time and
patients) was 678.826 mm? (SD: 146.329 mm?) for the AAo and 370.610 mm?
(SD: 85.109 mm?) for the DAo. Boldface indicates best performance. . . . . . . .

Qualitative and quantitative comparisons of ascending and descending aorta time-
area curves for one cardiac cycle of a representative case. Boldface indicates best
performance. . . . . .. L

Resource efficiency evaluation of the proposed method using the generated car-
bon emissions. The consumed energy and the equivalent distance a car could
travel during the final training (250 epochs). Also shown are the training and
average inference times. The experiments were conducted on a workstation with

an NVIDIA RTX A6000 (48GB) GPU. Boldface indicates best performance

Ablation over the number of features using the proposed framework. . . . . . ..

Baseline clinical and imaging characteristics (presented as mean+SD or frequency
(%)) of the right ventricular study. . . . . . . .. .. ... ... L

Results for intraobserver variability in end-diastole. Intraclass correlation coef-
ficients for intraobserver reliability of measured RV tracings. Based on a 2-way
fixed effects model and absolute agreement. . . . . . . . .. ... ... ......

Results for intraobserver variability for end-systole. The F-test intraclass cor-
relation coefficients, and 95% Cls for intraobserver reliability of measured RV
tracings. Based on a 2-way fixed effects model and absolute agreement. . . . . . .

Results for interobserver variability for end-diastole. The F-test intraclass cor-
relation coefficients, and 95% Cls for interobserver reliability of measured RV
tracings. Based on a 2-way random effects model and absolute agreement. . . . .

Results for interobserver variability for end-systole. Intraclass correlation coef-
ficients for interobserver reliability of measured RV tracings. Based on a 2-way
random effects model and absolute agreement. . . . . . . . . ... .. ... ....

The final set of hyperparameters used for each method. The tuning and train-
ing times are also shown. Method I was applied to CatBoost, XGBoost, and
Light GBM. . . . . . . . e

vii

57



3.7 Point performance comparison on the test set (five folds). Method I results are
for the case when CatBoost was the base learner. Boldface indicates the best
performance. . . . ... L

3.8 Probabilistic performance comparison on the test set (five folds). Method I
results are for the case when CatBoost was the base learner. Method I results
have been averaged over all nine posterior output distributions. Boldface indicates
the best performance. . . . . . . . .. ...

3.9 Probabilistic performance comparison of Method I with and without variance
calibration. Method I results are for the case when CatBoost was the base
learner. Boldface indicates the best performance. . . . . . . .. ... ... ....

3.10 Probabilistic performance comparison when assuming normal and logistic distri-

butions for modelling the underlying data. Boldface indicates the best performance. 60

3.11 The 95% and 99% Confidence Intervals (CIs) for both normal and logistic distri-
butions for four representative test set cases, two that were predicted with high
accuracy (low APE) and two that were predicted with low accuracy (high APE).

3.12 The final hyperparameter values employed in Method II. . . . . . . . ... ...

3.13 Quantitative comparison of the predicted RV volumes between Method II and
other SOTA ML methods. Boldface indicates best performance. p-values were
obtained from the Wilcoxon signed-rank test (o« =.05).. . . . ... ... ... ..

3.14 Quantitative comparison of the calculated RV ejection fraction between Method
IT and other SOTA ML methods. Boldface indicates best performance. p-values
were obtained from the Wilcoxon signed-rank test (¢ =.05). . . . . .. ... ...

3.15 Summary of Method II performance using eight, four or fewer 2DE views as
model inputs. . . . . .. L

3.16 Wilcoxon signed-rank test (p-values) for subsample comparisons. . . . . ... ..

4.1 Summary of mappings between beat annotations and AAMI EC57 categories. . .

4.2 Comparison of proposed and Vanilla training methods for ResNet-50 and ResNet-
74. Validation and test accuracies are presented as mean + standard deviation
over the three training runs. Boldface indicates best performance. . . . . . . . . .

4.3 Comparison of proposed and Vanilla training methods for ResNet-50 and ResNet-
74 in terms of COgeq, energy consumption, and Parameters Per Epoch (PPE).
Results are presented as mean + standard deviation over the three training runs.
Boldface indicates best performance. . . . . . . . . .. ... .. ... .. ... ..

5.1 True positive rates at a 5% significance level for detecting natural covariate shifts
for binary and multi-class semantic segmentation tasks from the CMR medical
imaging field. Boldface indicates best performance. . . . . . . .. ... ... ...

viii

68

97



List of Figures

2.1

2.2

2.3

24

2.5

3.1

3.2

3.3

3.4

The proposed deep learning model, including two diagrams that illustrate how
the temporal dimension is handled. . . . . . . .. ... ... ... ... ......

Bland-Altman analysis for graphically comparing the proposed method to the
ground truth with respect to aorta maximum areas, aorta minimum areas and
aortic distensibility (AD) values. Y-axis gives the difference between the two
methods, whereas X-axis represents their mean. The area is measured in mm?.

AD is measured in 107 mmHg~!. SD is the standard deviation. . ... ... ..

Bland-Altman analysis for graphically comparing the SOTA method to the ground
truth with respect to aorta maximum areas, aorta minimum areas and aortic
distensibility (AD) values. Y-axis gives the difference between the two methods,
whereas X-axis represents their mean. The area is measured in mm?. AD is

measured in 1072 mmHg~!. SD is the standard deviation. . ... ... ... ..

Bland-Altman analysis for graphically comparing the unpruned method to the
ground truth with respect to aorta maximum areas, aorta minimum areas and
aortic distensibility (AD) values. The Y-axis gives the difference between the
two methods, whereas the X-axis represents their mean. The area is measured in
mm?. AD is measured in 1072 mmHg~!. SD is the standard deviation. . . . . .

Qualitative comparison of the proposed method with the state-of-the-art (SOTA)
method in one-time frame of the cardiac cycle for three representative cases.
First column: MRI. Second column: Ground truth (semi-automated segmenta-
tion). Third column: Segmentation results of the SOTA method. Fourth column:
Segmentation results of the proposed method. The yellow arrows indicate the
errors in segmentation. The ascending aorta (AAo) is denoted by the red area
and the green area denotes the descending aorta (DAo). . . . ... .. ... ...

IBUG flow chart. For a target instance, IBUG collects the training instances at
each leaf it traverses, keeps the k most frequent samples, and then uses those
instances to model the output distribution. . . . . . ... ... ...

The proposed DL model. X feqture is the input. Token (T°) is the input embedding
produced by the Feature Tokeniser. Tj is the [CLS| token appended embedding
matrix. Vj is the i* Transformer layer. T, is the output product of the cascaded
Transformers. . . . . . . . ..

The conditional output normal distributions for two test instances that were pre-
dicted with high accuracy. . . . . . . . . .. oL

The conditional output normal distributions for two test instances that were pre-
dicted with low accuracy. . . . . . . . . ...

X



3.5 The conditional output logistic distributions for two test instances that were pre-
dicted with high accuracy. . . . . . . . . .. oL 63

3.6 The conditional output logistic distributions for two test instances that were pre-
dicted with low accuracy. . . . . . . . . . . . ... 64

3.7 Feature importance plot for the Method I with CatBoost as the base learner.
PLAX: Parasternal Long Axis, RVInflow: Right Ventricular Inflow, PSAXAV:
Parasternal Short Axis at the Level of the Aortic Valve, PSAXbase: Parasternal
Short Axis at the Base of the Left Ventricle, PSAXmid: Parasternal Short Axis
at the Mid Left Ventricle, PSAXdistal: Parasternal Short Axis at the Apex of the
Left Ventricle, FourC: Standard Four Chamber, SubC: Subcostal Four Chamber. 65

3.8 Predicted RVEDV and RVESV vs. ground truth (CMR) using the proposed
Method II. CMR: Cardiac Magnetic Resonance Imaging, RVEDV: Right Ven-
tricular End-Diastolic Volume, RVESV: Right Ventricular End-Systolic Volume. . 69

3.9 Predicted RVEF vs. ground truth (CMR) using the proposed Method II. CMR:
Cardiac Magnetic Resonance Imaging, RVEF: Right Ventricular Ejection Fraction. 69

3.10 Bland-Altman analysis for predicted RVEDV (a) and RVESV (b), as well as
RVEF (c) versus CMR. CMR: Cardiac Magnetic Resonance Imaging, RV, Right
Ventricular, RVEDV: Right Ventricular End-Diastolic Volume, RVESV, Right
Ventricular End-Systolic Volume, RVEF: Right Ventricular Ejection Fraction. . . 70

4.1 Instance of an ECG signal and the generated spectrogram. The brighter the
colour, the higher the energy of the signal. ECG: Electrocardiogram, STFT:Short-
Time Fourier Transform. . . . . . . . . . . . . ... . 76

4.2 The training error over wall clock time comparison of the proposed and vanilla
training methods. Time is measured in minutes. Note that the curve of the
proposed model stops much earlier due to the shorter epoch durations at the
beginning of the training process following the significantly lesser number of pa-
rameters. ... oL 79

4.3 The validation error over wall clock time comparison of the proposed and vanilla
training methods. Time is measured in minutes. Note that the curve of the
proposed model stops much earlier due to the shorter epoch durations at the
beginning of the training process following the significantly lesser number of pa-
TameterS. . . . .. .o e e e e 80

5.1 The Segmetron hypothesis test. . . . . . . . . . ... ... L. 90

5.2 The Segmetron hypothesis test: Shown is the relationship between the number
of calibration rounds and the number of disagreement pixels. A different random
seed for P* was used for each calibration round. Also shown in red is the 95" per-
centile. The plot is taken from the binary cardiovascular semantic segmentation
task. . .o 95

5.3 The Segmetron hypothesis test: Shown is the relationship between the number of
test rounds and the number of disagreement pixels. A different random seed for
Q was used for each test round. Also shown in red is the 95" percentile of the
100 calibration rounds. The plot is taken from the binary cardiovascular semantic
segmentation task. . . . ... oL 96



5.4

5.5

9.6

Plot of the in-distribution Dice coefficient as a function of the ensemble size.
Plotted are graphs for both shifted and unshifted datasets from @ for the binary
cardiovascular semantic segmentation task. . . . . . .. ...

Plot of the number of disagreement pixels as a function of the ensemble size.
Plotted is the graph for shifted data from @ for the binary cardiovascular semantic
segmentation task. . . . ... L

Plot of the number of disagreement pixels as a function of the ensemble size.
Plotted is the graph for unshifted data from @ for the binary cardiovascular
semantic segmentation task. . . . . .. ... Lo

X1



Style Conventions

g A=l * © X

— B

[E—

8

Ha

inf()

L
LayerNorm
Linear
max|()
min()

0]
P(ylz)
R

R’U}

th w
Rejectp
stack

: Scalar multiplication.

: Hadamard (element-wise) product.

: Convolution operation.

: Partial derivative with respect to x.

. Integral sign, used to denote integration.

: Gradient.

: Infinity symbol, represents an unbounded limit.

: Indicator function.

: Set cardinality.

: Floor function.

: Infinity norm.

: Transpose operation.

. Intersection operation symbol.

: For every.

: Initialise vector A to zeros.

: Classification token used in Transformer models.

: Error rate on test distribution Q).

: The null hypothesis.

: The alternative hypothesis.

: Mathematical function that returns the infimum of a set.

: Commonly used to represent a loss function.

: Layer normalisation.

: Linear transformation layer.

: Mathematical function that returns the maximum of its arguments.
: Mathematical function that returns the minimum of its arguments.
: O notation hiding logarithmic factors.

: Conditional probability that y occurs given that x has already occurred.
: Set of all real numbers.

: Space of w-dimensional vectors.

: Space of h X w matrices.

: Rejection rate on training distribution P.

: Stacking function to stack values on the given axis.

: Mathematical function that returns the supremum of a set.
: Hyperbolic tangent activation function.

. i*" dimensional input feature space.

: Differentiation of function z with respect to time.

: Belongs to.

: Mathematical constant Pi.

: Summation operator.

xii



Abbreviations

2DE

3DE
Alo
AAMI
AD
Adam
ANOVA
APE

BA
BConvLSTM
BConvLSTM2D
BIH

BMI

BN
CatBoost
CBU
CDF

CI

CMR
CNN
COqeq
Conv2D
ConvLSTM2D
CRPS
CUIMC
CVA
CVD
DAo
DBP
DCE

DL

DM

DSC
DTW
ECG

ED

EDS

EF

ES

FAC

: Two-Dimensional Echocardiography.

: Three-Dimensional Echocardiography.
: Ascending Aorta.

: Association for the Advancement of Medical Instrumentation.
: Aortic Distensibility.

: Adaptive Moment Estimation.

: Analysis Of Variance.

: Absolute Percentage Error.

: Bland-Altman.

: Bi-directional Convolutional Long Short-Term Memory.
: Two-Dimensional Bi-directional Convolutional Long Short-Term Memory.
: Beth Israel Hospital.

: Body Mass Index.

: Batch Normalisation.

: Categorical Boosting.

: Categorical Boosting with Uncertainty.

: Cumulative Distribution Function.

: Confidence Interval.

: Cardiac Magnetic Resonance Imaging.

: Convolutional Neural Network.

: Carbon Dioxide Equivalent Emissions.

: Two-Dimensional Convolutional.

: Two-Dimensional Convolutional Long Short-Term Memory.
: Continuous Ranked Probability Score.

: Columbia University Irving Medical Center.

: Cerebrovascular Accident.

: Cardiovascular Disease.

: Descending Aorta.

: Diastolic Blood Pressure.

: Disagreement Cross Entropy.

: Deep Learning.

: Diabetes Mellitus.

: Dice Similarity Coefficient.

: Dynamic Time Warping.

. Electrocardiogram.

: End Diastole.

: Enforced Disagreement Segmenter.

: Ejection Fraction.

: End Systole.

: Fractional Area Change.

xiii



FN : False Negative.

FourC : Standard Four Chamber.

GBRT : Gradient Boosted Regression Tree.

IBUG : Instance-Based Uncertainty Quantification for GBRTs.
ICC : Intraclass Correlation Coefficient.

IS : Interval Score.

KDE : Kernel Density Estimation.

KS : Kolmogorov—Smirnov.

Light GBM : Light Gradient-Boosting Machine.

LSTM : Long Short-Term Memory.

MAE : Mean Absolute Error.

MAPE : Mean Absolute Percentage Error.

MIT : Massachusetts Institute of Technology.

ML : Machine Learning.

MLE : Maximum Likelihood Estimation.

MMD : Maximum Mean Discrepancy.

MMD-D : Deep Kernel Maximum Mean Discrepancy.

MSE : Mean Squared Error.

NGBoost : Natural Gradient Boosting.

NLL : Negative Log-Likelihood.

NLP : Natural Language Processing.

NN : Neural Network.

ODE : Ordinary Differential Equation.

O0OD : Out-Of-Distribution.

PGBM : Probabilistic Gradient Boosting Machine.

PLAX : Parasternal Long Axis.

PP : Pulse Pressure.

PPE : Parameters Per Epoch.

PSAXAV : Parasternal Short Axis at the Level of the Aortic Valve.
PSAXbase : Parasternal Short Axis at the Base of the Left Ventricle.
PSAXdistal : Parasternal Short Axis at the Apex of the Left Ventricle.
PSAXmid : Parasternal Short Axis at the Mid Left Ventricle.
ReLU : Rectified Linear Unit.

ResNet : Residual Network.

RFI : Relative Feature Importance.

RMD : Relative Mahalanobis Distance.

RMSE : Root Mean Squared Error.

ROI : Region Of Interest.

RV : Right Ventricular.

RVEDV : Right Ventricular End-Diastolic Volume.

RVEF : Right Ventricular Ejection Fraction.

RVESV : Right Ventricular End-Systolic Volume.
RVInflow : Right Ventricular Inflow.

RVS : Maximum Tissue Doppler Velocity in Systole.
SBP : Systolic Blood Pressure.

SC : Selective Classification.

SD : Standard Deviation.

SGD : Stochastic Gradient Descent.

SOTA . State-of-the-art.

SSFP : Steady-State Free Precession.

STET : Short-Time Fourier Transform.

Xiv



SubC
TabTransformer
TAPSE
TE

TP

TPR

TR

TRE
TTE

vC
XGBoost
YOLOv3

: Subcostal Four Chamber.

: Tabular Transformer.

: Tricuspid Annular Plane Systolic Excursion.
: Echo Time.

: True Positive.

: True Positive Rate.

: Repetition Time.

: Tricuspid Regurgitation.

: Transthoracic Echocardiography.
: Vapnik—Chervonenkis.

: Extreme Gradient Boosting.

: You Only Look Once Version 3.

XV



Latin Symbols

bBConvLSTM2D
bc

br

bup

br

bo

C

Cr

: 1st curve in the definition of Fréchet distance.

: Affinity of a training example x; to a target example x¢e.
. Aortic lumen cross-sectional area, mm?.

: Segmented region in dice similarity coefficient.

: 1st non-empty subset of M in the Hausdorff distance definition.

: 1st temporal sequence in the dynamic time wrapping distance definition.

: Maximum aortic lumen cross-sectional area, mm?.

: Minimum aortic lumen cross-sectional area, mm?2.
: Vector containing the top k affinity scores from the vector A.
: Starting point in Hausdorff definition.
: 2nd curve in the definition of Fréchet distance.
: Ground truth region in Dice similarity coefficient.
: 2nd non-empty subset of M in the Hausdorff distance definition.
. Bias for the i** feature.
: 2nd temporal sequence in the dynamic time wrapping distance definition.
: Bias term of the BConvLSTM2D output.
: Bias term in a BConvLSTM2D layer.
: Bias term in a BConvLSTM2D layer.
: Closest point to agp in Hausdorff distance definition.
: Bias term in a BConvLSTM2D layer.
: Bias term in a BConvLSTM2D layer.
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: Cell state tensor at time t of a BConvLSTM2D layer.
: Cell state tensor in the previous time step in a BConvLSTM2D layer.
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or cost of aligning two temporal sequences up to the i and j** elements,
respectively.

: Validation subset of the dataset.
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. Predicted conditional distribution for the j** validation instance using the
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: Distance in metric space M between two continuous functions.

: Metric on M in the Hausdorff distance definition.

: Euclidean distance between the points a; and b;.

: Mean difference betweenthe two measurements in Bland-Altman analysis.
: Residual module.

: Ensemble size.

: One-hot encoded vector for the i** categorical feature.

: Maximum number of epochs.

: GBRT predictive model.
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: Probability density or mass function of observation x; with 8 fixed.
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: Depth of the residual network.

: Loss function component to agree onP.
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: Evaluation metric.

: Number of trees in GBRTs.

: 1st moment vector estimates at time * in Adam optimisation variants.
. Bias-corrected estimates of m..
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: Labelled dataset sampled from distribution P.
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: fp training data sampled from distribution P.

: fp validation data sampled from distribution P.

: Distribution of input samples in training time.

: Marginal distribution of X in the source domain.

: Marginal distribution of Y in the source domain.

: Conditional distribution of Y given X in the source domain.

: Marginal distribution of X in the target domain.

: Marginal distribution of Y in the target domain.
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: Predicted probability distribution in the interval score definition.
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: Testing data from distribution Q.
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To : Initial token matrix with the [CLS| token appended.

Teur : Current epoch.

Tevol : Evolution time.

Tyrow : Epoch at the last growth occurrence.

T; . Output of the ¢** Transformer layer.

Ti(cat) : Embedding for the i*" categorical feature.

T (num) : Embedding for the i** numerical feature.
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t : Time step of Adam optimisation variants.
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Witnum) : Weight vector for the i*" numerical feature.

Wi : 2D convolution kernel corresponding to hidden states.

Wixs : 2D convolution kernel corresponding to input states.

Wyﬁ : Weight matrix for backward hidden states.
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xl; : 1st sample point in Pearson’s correlation coefficient.

r2; : 2nd sample point in Pearson’s correlation coefficient.

TBA : 1st measurement in Bland-Altman analysis.
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Tinput : Input to the ReLU function.
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zl : Mean of z1;.
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: Input feature map.

: Input to the j** layer in a residual network.
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: Statistical significance level.
: 1st continuous function from [0, 1] in the Fréchet distance definition.
: Variable in Tversky Loss which control the magnitude of the penalties for
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: Exponential decay rate for the first moment estimates in Adam optimisation
variants.
: Exponential decay rate for the second moment estimates in Adam optimi-
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: 2nd continuous function from [0, 1] in the Fréchet distance definition.
: Variable in Tversky Loss which control the magnitude of the penalties for
false negatives.
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: Scaling factor controlling the contribution of the m** tree in a GBRT.
: Failure probability parameter in PQ learning.
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: Learning rate or step size of Adam optimiser.
: Maximum learning rate in the learning rate scheduler.
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: Sigmoid activation function.
Variance of the predicted conditional output distribution for the target
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: H-Divergence general class of continuous functions.
: Pixel disagreement rate between fp and fp.
: Pixel disagreement rate between fp and fg.
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Abstract

Cardiovascular diseases continue to be the leading cause of morbidity and mortality worldwide,
emphasising the need for accurate diagnosis, efficient monitoring, and timely intervention in
managing these conditions. This thesis seeks to address key challenges in the cardiovascular
field by proposing novel, resource-efficient computational techniques aimed at improving the
accuracy and reliability of cardiovascular assessments through the application of cutting-edge
machine learning (ML) and deep learning (DL) approaches.

The first theme introduces a new DL model that automatically segments the aortic lumen
from cine cardiovascular magnetic resonance (CMR) images. The model, based on bi-directional
ConvLSTM (BConvLSTM) U-Net with densely connected convolutions, provides a fresh per-
spective on measuring aortic distensibility (AD). It addresses significant challenges in existing
methods by using a hierarchical learning framework that efficiently processes spatio-temporal
aspects of video inputs. The model combines encoder and decoder feature maps through non-
linear functions, and manages the high class imbalance in the data through using an appropri-
ate loss function. The study succeeded in applying the model to a multi-centre, multi-vendor
dataset with diverse patient demographics. The results show that the proposed model exceeds
the current state-of-the-art methods in accuracy. Moreover, it achieves this with significantly
less environmental impact, consuming approximately ~3.9 times less fuel and generating ~2.8
times fewer carbon emissions. This model has great potential as a tool for exploring genome-
wide associations between AD, aortic areas, and cognitive performance in expansive biomedical
databases. The study’s focus on energy usage and carbon emissions demonstrates the commit-
ment to sustainable deep learning practices. This research not only enhances the capabilities of
CMR-derived aortic stiffness evaluation but also sets the stage for more widely applicable and
systematic deep learning-powered methodologies in medical imaging, balancing accuracy with
environmental consciousness.

In the ongoing endeavour to predict right ventricular (RV) volume from 2D echocardiography
images, there is a lack of accurate methods that take advantage of planimetry data. The second
theme delves into this intricate task. It analyses 100 RV volumes, and tabular input informa-
tion encompasses planimetry data from eight standard echocardiography views, as well as age,
gender, and cardiac phase information. We present two ML regression methods herein. The
first method utilises a gradient-boosted regression tree (GBRT)-based method, enhanced by a
supervised tree kernel, in order to not only forecast RV volume but also estimate uncertainty in
predictions. The second method employs a multi-head attention-based transformer (called the
feature tokeniser transformer), which tokenises tabular data by distinguishing between numerical
and categorical inputs. Our findings indicate that while the initial GBRT-based method shows
promise, it exhibits limitations in prediction accuracy. There is a significant improvement in
RV volume prediction accuracy with the transformer-based model, surpassing the initial GBRT-
based approach. This research highlights the importance of incorporating attention mechanisms
and feature tokenising in methodological strategies. Additionally, we conduct a "gain" explain-
ability analysis using the GBRTSs, facilitating the development of more clinically viable pipelines.
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This will ultimately lead to more refined and accurate predictive models in RV volume analysis
based on echocardiography.

Arrhythmia, characterised by irregular heartbeats, poses significant health risks. Residual
networks, a subset of DL architectures, have emerged as a potent tool to detect abnormalities in
electrocardiogram signal anomalies. However, the enhanced accuracy and capabilities afforded
by increasing network depth in these models come at the cost of heightened computational de-
mands, which poses a considerable challenge to their practical applicability. Addressing this
critical bottleneck, the third theme presents a methodology for the resource-economical devel-
opment of ML-enabled systems for arrhythmia detection. The proposed methodology, grounded
in the dynamical system perspective of residual networks, initiates the training process with a
shallow network and then progressively increases its depth. We rigorously validate the method
on the PhysioNet MIT-BIH arrhythmia data set using heartbeat spectrograms as training input.
The results show that the proposed training requires a minimum of 39.47% fewer parameters
per epoch compared to conventional vanilla training, a feat achieved without sacrificing and
potentially improving overall performance. Our findings suggest the methodology not only dras-
tically reduces training time but also promises significant savings in energy consumption and
environmental costs, offering a glimpse into a future of more sustainable and resource-efficient
machine learning developments in arrhythmia detection.

Semantic segmentation enables a higher level of understanding of visual scenes. It also forms
an essential capability towards delivering a plethora of life-changing technologies. However, the
discrepancy between the distribution of the input samples used to train the model and the input
distribution encountered during testing (commonly known as covariate shift), as well as the lack
of trustworthy methods for detecting it, hinder the practical application of semantic segmenta-
tion. In the fourth theme, we develop a reliable, sample-efficient, distribution-free and model-
agnostic hypothesis test, named the Segmetron, to detect detrimental covariate shift in semantic
segmentation. To deal with the intractability of the above problem and deliver strong perfor-
mance guarantees on unknown arbitrary test distributions, we build upon recent advancements
in the PQ learning setting of selective classification, and extend it to a different discriminative
model (i.e. segmenters). To assess an unlabelled target domain, Segmetron leverages an existing
(but random) pre-trained semantic segmentation model and the labelled samples used to train
it. To train the enforced disagreement segmenters to learn the same generalisation region as
the pre-trained semantic segmentation model, we propose loss functions (to agree) which are
more apropos to the semantic segmentation task. Our approach stands apart from previous
studies on semantic segmentation robustness which relied on synthetic domain shifts. Instead,
we analyse two real-world covariate shifts from the cardiovascular magnetic resonance imaging
field, concerned with binary (aorta, background) and multi-class (left ventricle, right ventricle,
myocardium, background) semantic segmentation tasks. Our experiments demonstrate that the
Segmetron hypothesis test outperforms other state-of-the-art techniques in terms of statistical
power on both semantic segmentation tasks, given access to only a 3D dataset from one patient.
This work holds considerable value because it aligns with “Responsible AI” principles and it
happens at a time when the machine learning community is striving to increase public trust and
acceptance of Al technologies. Moreover, Segmetron has the potential to support the successful
deployment of a plethora of semantic segmentation-based transformative Al solutions.
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Chapter 1

Introduction

Cardiovascular diseases (CVDs) remain the leading cause of morbidity and mortality worldwide,
underscoring the critical importance of accurate diagnosis, effective monitoring, and timely inter-
vention in managing these conditions. The global burden of CVDs necessitates the development
of advanced diagnostic tools that are not only precise but also accessible and resource-efficient.
This thesis aims to address some of the most pressing challenges in the cardiovascular domain by
introducing novel, resource-efficient computational techniques designed to enhance the accuracy
and reliability of cardiovascular assessments through the use of state-of-the-art machine learning
(ML) and deep learning (DL) methodologies.

The aorta is the body’s main artery, carrying oxygen-laden blood to peripheral organs and
tissues. The assessment of aortic stiffness, a key indicator of vascular health, has gained promi-
nence as a predictor of cardiovascular events. Aortic distensibility (AD), a measure of aortic
stiffness, is typically evaluated using cardiovascular magnetic resonance imaging (CMR), which,
despite its accuracy, is limited by its high cost. Moreover, existing image processing-focussed
methods for estimating AD from aortic cine CMR images have proven to be suboptimal in the
context of modern clinical practice.

Right ventricular (RV) volume assessment plays a pivotal role in evaluating RV size and
function, which are crucial for diagnosing and managing a wide spectrum of CVDs. CMR has
emerged as the gold standard for quantifying RV volumes. However, access to CMR scanners is
severely limited, and the high cost associated with CMR examinations can be a barrier for some
healthcare systems and patients. Additionally, CMR scan times can be lengthy. Two-dimensional
echocardiography (2DE) emerges as the primary alternative imaging modality for RV evaluation,
despite challenges in accurately depicting the complex three-dimensional geometry of the RV.
The uncertainty quantification of each ML/DL model for RV volume prediction is crucial for
clinicians, as it provides insights into the confidence level they can place in the model’s estimates
and the associated uncertainty.

The increasing prevalence of arrhythmias, particularly in ageing populations, has highlighted
the need for automated and efficient methods for arrhythmia detection. Many people have
irregular heartbeats, which can be fatal in some cases. Electrocardiogram (ECG) signals, widely
used in clinical practice, provide a non-invasive means of monitoring heart rhythm, but their
manual interpretation is labour-intensive and prone to error. Existing literature underscores the
pivotal role of network depth in enhancing the arrhythmia detection accuracy and capabilities
of residual models. However, the computational demands during training, accompanying an
increased depth, pose significant hurdles, limiting such models’ practical applicability.

Another critical concern is the presence of covariate shift as well as its detection, particularly



in cardiovascular semantic segmentation tasks, which are essential for accurately identifying
and understanding anatomical structures. Covariate shift, or the disparity between the input
samples used during model training and those encountered during testing or deployment, can
significantly degrade model performance. This issue is especially prevalent in medical imaging
due to diverse imaging protocols, patient population heterogeneity, and varying conditions across
different hospitals and devices.

This thesis aims to address the aforementioned challenges by developing resource-efficient com-
putational models that enhance the accuracy and reliability of cardiovascular assessments. The
investigations focus on four critical areas: The calculation of AD using spatio-temporal DL mod-
els, the prediction of RV volume (as well as the uncertainty level associated with this prediction)
from 2DE data using supervised learning and transformer-based approaches, the acceleration of
deep residual network training for arrhythmia classification through dynamical systems theory,
and the detection of covariate shift in real-world cardiovascular semantic segmentation tasks
Collectively, this thesis contributes to the ongoing efforts to improve cardiovascular diagnostics,
enhance patient outcomes, and reduce the environmental impact of computational methods in
healthcare. The research presented herein is structured around four primary objectives:

e Objective 1: To improve the calculation of AD by developing a novel, resource-efficient
spatio-temporal DL model that automates the segmentation of the aortic lumen from CMR
images across the entire cardiac cycle. This model addresses the limitations of current
semi-automated techniques, which are time-consuming, prone to observer variability, and
resource-intensive.

e Objective 2: To develop and evaluate ensemble- and transformer-based models for the
prediction of RV volumes from 2DE data. By leveraging gradient-boosted regression trees
(GBRTs) and tabular feature tokeniser transformers, this research aims to enhance the
accuracy of RV volume predictions while also providing uncertainty quantification, thereby
improving the clinical utility of 2DE as an alternative to CMR.

e Objective 3: To accelerate the training of deep residual networks for arrhythmia classifi-
cation by employing a dynamical systems approach that dynamically adjusts the network’s
depth during training. This approach seeks to reduce the computational and environmen-
tal costs associated with DL while maintaining high classification accuracy, thereby making
automated ECG analysis more feasible for clinical use.

e Objective 4: To develop a reliable, sample-efficient, distribution-free, and model-agnostic
hypothesis test, named Segmetron, to detect detrimental covariate shift in semantic seg-
mentation tasks from cardiovascular imaging. This research aims to increase the reliability
of DL models in real-world clinical settings and align with "Responsible AI" initiatives to
improve the trustworthiness of Al solutions in healthcare.

The structure of this thesis reflects the logical progression of research from problem identification
and problem formulation to the development and evaluation of novel computational solutions
in the cardiovascular domain. The thesis is organised into four main chapters, each aiming to
meet one of the above objectives.



Chapter 2

Resource-efficient Aortic Distensibility
Calculation by End-to-end
Spatio-temporal Learning of Aortic
Lumen from Multi-centre Multi-vendor

Multi-disease CMR Images

2.1 Introduction

2.1.1 Clinical Background

The aorta is the body’s main artery, carrying oxygen-laden blood to peripheral organs and tis-
sues. The efficient operation of the cardiovascular system is highly dependent on the elastic
buffer capacity of the aortic wall, which facilitates the conversion of blood flow from a pul-
satile form (originating from left ventricular contraction) to a constant form, as required by
the periphery [1]. However, it is well-established that the aortic wall’s suppleness gradually
declines as a natural consequence of ageing [2]. This process can be exacerbated by factors such
as hypertension [3], diabetes [4], connective tissue disorders [5], genetic variations in proteins
[6], and congenital heart abnormalities |7, 8]. Increased aortic rigidity has been identified as
an early indicator of vascular ageing [9] and as a potent standalone predictor of unfavourable
cardiovascular events and mortality across diverse populations [10, 11, 12, 13].

Aortic distensibility (AD) serves as a direct measure of aortic stiffness and is defined [14, 15]
as the maximum relative change in the aortic lumen cross-sectional area (A) during the cardiac
cycle for a given pressure step at a constant vessel length:

AD (10 mmHg ") = Amax = Awin (2.1)
Amin x PP
In this equation, PP represents the pulse pressure (equal to the systolic blood pressure minus
the diastolic blood pressure), while gmax and gmin denote the maximum and minimum areas,
respectively. Importantly, AD is inversely proportional to the square of the pulse wave velocity
[3]. Numerous studies [12, 16, 17, 18] have emphasised the value of AD as an indicative measure
of aortic stiffness.

Cardiovascular magnetic resonance imaging (CMR) is widely acknowledged as the premier



non-invasive modality for determining ventricular volumes and mass. The application of CMR
has expanded to include the calculation of AD from electrocardiogram-gated steady-state free
precession (SSFP) cine images acquired in the plane orthogonal to the thoracic aorta at the
level of the pulmonary artery bifurcation. Compared to alternative techniques for evaluating
aortic rigidity, CMR offers superior high-resolution aorta imaging in both spatial and temporal
dimensions. Furthermore, CMR consistently positions the imaging plane orthogonal to the vessel
and permits [3] local stiffness analysis at multiple aortic segments within the same examination.
This is particularly important when considering the heterogeneous nature of aortic stiffness, as
different regions of the aorta may exhibit varying degrees of stiffness due to factors such as
age, genetics, or comorbidities. The capacity to accurately measure local stiffness at multiple
aortic segments during a single examination offers valuable insights into the spatial distribution
of aortic stiffness and, consequently, the underlying mechanisms driving this phenomenon. The
validity of aortic stiffness assessment using CMR has been established [19] through comparison
with invasive intra-aortic pressure measurements.

Given the importance of aortic stiffness as an early marker of vascular ageing and predictor
of adverse cardiovascular outcomes, the development of accurate and non-invasive methods for
assessing aortic stiffness has become a crucial area of research. In this context, CMR has emerged
as a leading modality, allowing for the detailed examination of AD and its associated factors.

Furthermore, the non-invasive nature of CMR allows for the serial assessment of aortic stiff-
ness over time, providing a unique opportunity to monitor the progression of vascular ageing and
evaluate the impact of various interventions on AD. This could prove instrumental in developing
novel therapeutic strategies aimed at mitigating or delaying the decline in aortic wall suppleness,
ultimately improving cardiovascular health and reducing the risk of adverse events.

The continued refinement and optimisation of CMR techniques and protocols are expected
to yield even more accurate and reliable measures of aortic stiffness. Advanced computational
approaches, such as machine learning and artificial intelligence, could also be integrated into
CMR-based assessments to facilitate the identification of subtle changes in aortic distensibility
and improve the prediction of individual risk profiles.

2.1.2 The Challenge

However, employing image processing- methods for estimating AD from aortic cine CMR images
has proven to be suboptimal in the context of modern clinical practice [20, 21, 22|. Subsequent
to data acquisition, the images are transferred to a processing workstation where the available
software performs this calculation by making use of semi-automated methods that rely on CMR
experts to manually trace the vessel border of both the ascending (AAo) and descending aorta
(DAo) in every 6th frame of the multi-phase CMR examination. Next, the manual contours are
propagated by the software across all time frames of the cardiac cycle, a step that also requires
user input for the setting of several algorithmic parameters. The manual correction and/or vi-
sual validation of the propagated regions of interest (ROIs) is also an indispensable part of the
standard operating procedure. Finally, the areas of the aortic lumen masks are calculated, and
the minimum and maximum areas, in conjunction with the pulse pressure measurements, are
used to calculate the AD, as described above. Another related paper [22| employed a deformable
model-based approach for segmenting the aortic lumen which also requires, as part of the initial-
isation process, the handcrafted definition of an ROI and the centre of the aorta. In addition to
being a time-consuming process, the image interpretation stage within these workflows is suscep-
tible to inconsistencies stemming from variations within the evaluations of single observers and
discrepancies between multiple observers. Furthermore, obtaining the necessary CMR expertise
carries a substantial financial burden. To improve the clinical applicability of CMR-derived



AD measurements and, as a result, facilitate the efficient management of patients who exhibit
increased aortic wall stiffness, it is essential to develop swift, fully automated approaches that
simultaneously enhance the precision and reliability of aortic lumen area quantification during
the cardiac cycle. However, incorporating automation into the cine CMR image interpretation
procedure for AD calculation poses significant challenges [23]. These challenges encompass (i)
the distinct variations in cross-sectional aortic shape throughout the cardiac cycle among various
patients and spanning numerous pathologies and (ii) the fluctuations in aorta brightness due to
blood flow. Moreover, the considerable differences in CMR acquisition protocols among diverse
studies and institutions further exacerbate the complexity of this endeavour.

2.1.3 Related Work

Deep Learning (DL) [24], or hierarchical representation learning, is a quickly expanding sector
of machine learning where models acquire intricate raw-input-data representations tailored to
a particular task. Implementing DL models has been transformative [25] in computer vision
(as well as numerous other industries), enabling or even exceeding human-level performance in
multiple visual tasks, such as image classification, object detection, and semantic segmentation.
Recent investigations [26] have underscored the exceptional abilities of DL models for analysing
CMR images. Two recent publications [27, 28] utilised DL-based methods to entirely automate
aortic lumen segmentation from cine CMR images. However, the two aorta DL research projects
viewed the task as a sparse annotation issue, assessing their approach on a minimal number of
cardiac cycle time-frames (specifically, end-diastole (ED) and end-systole (ES)) with available
ground truth labels. The objectives for remaining time-frames (also employed for input data
mapping during training) could not be visually verified and were obtained through pipelines
susceptible to registration errors or active contour poor convergence and initialisation failures.
Furthermore, prior studies either entirely disregarded [28]| the temporal continuity inherent in
cine image sequences by addressing the image segmentation task as static or emulated [27] time
usage by stacking the recurrent component after the convolutional layers. Nonetheless, correlated
spatio-temporal features cannot be learned when spatial and temporal features are explicitly
determined in separate network regions [29]. Additionally, prior publications merged feature
maps from the encoder and decoder using basic concatenation. However, it has been contended
[30] that such an approach yields less accurate segmentation than employing non-linear functions
for this task. Subsequently, the loss function utilised by previous research overlooked the fact that
the ROI class is considerably smaller than the background class. Furthermore, prior publications
examined datasets procured by adhering to a single data acquisition protocol on a relatively
healthy cohort. Lastly, prior efforts entirely neglected the resource efficiency aspect of the
suggested pipelines. Nonetheless, this is a crucial [30] concern as the significant computation
and energy requirements of DL models coincide with considerable environmental and financial
costs. Enhancing algorithm efficiency should be a top priority [30] in DL research, along with
accuracy.

2.1.4 Our Contribution

The contributions of this study are:

e We propose to enhance the AD calculation by performing aortic lumen segmentation
throughout the cardiac cycle by making use of a novel resource-efficient spatio-temporal
DL model, inspired by the bi-directional ConvLSTM (BConvLSTM) U-Net with densely
connected convolutions [31].



e This is the first work to perform end-to-end (i.e., over the entire cardiac cycle) hierarchical
learning and testing of the aortic lumen area from cine CMR images.

e Our approach joins the temporal with the spatial processing of the video input by merging
the encoder and decoder feature maps through a BConvLSTM [32] (non-linear) unit.

e We employ the focal Tversky loss [33| during training which is better suited for problems
with a high class imbalance in the data.

e We use multi-centre multi-vendor data from a highly heterogeneous patient cohort which
significantly adds to the generalisation power of the proposed aortic lumen segmentation
algorithm.

e We show that the proposed network outperforms SOTA methods in terms of segmentation
accuracy.

e The network we propose in this study is resource-efficient in helping promote environmen-
tally friendly and more inclusive DL research and practices.

e To examine the impact brought by each contributing factor, we perform ablation studies.

2.2 Materials and Methods

2.2.1 Study Population and Image Dataset

The study population comprises participants from four clinical studies analysed at the University
Hospitals of Leicester NHS Trust MRI core lab, including AD assessment. These included
participants with spontaneous coronary artery dissection [34], asymptomatic type 2 diabetes
(from Lydia [35] and DIASTOLIC [36] trials), hypertension (the Pathway 2 study) and healthy
volunteers (recruited in studies 34| and [35]). In total, we analysed 424 aortic MRI datasets
taken from 376 patients. The number of datasets is greater than the number of patients because
patients’ re-evaluations were also included. The participants’ demographic, anthropometric
and clinical characteristics are presented in Table 2.1. The UK National Research and Ethics
Service approved each study, and written informed consent was obtained from all subjects prior
to participation. All methods were performed in accordance with the relevant guidelines and
regulations.

2.2.2 Image Acquisition

Scans were performed in three centres employing four distinct MRI scanners: Leicester (Siemens
Aera, 1.5T and Skyra, 3T), Cambridge (GE Signa, 1.5T), and Dundee (Siemens TrioTim, 3T).
SSFP cine images of the AAo and DAo in a plane perpendicular to the thoracic aorta at the
pulmonary artery bifurcation level were reconstructed into 30-40 phases, as previously detailed
[20, 37]. The typical image matrix was 256x186 to 256 pixels. The in-plane pixel height
and width varied between 1.093mm and 1.914mm. Concurrently, brachial blood pressure was
measured to ascertain pulse pressure.

2.2.3 Data Pre-processing and Annotation

The end-to-end data annotation was carried out semi-automatically by three experts from the
Glenfield Hospital in Leicester using the Java Image Manipulation Software Version 6 (Xinapse



Table 2.1: Patient characteristics for the aortic distensibility study.
(n=376)
Age, mean (£SD), y 48 (£8)
Male, No. (%) 150 (40)
Female, No. (%) 226 (60)

BMI, mean (+SD), kg/m?
SBP, mean (£SD), mmHg

31.74 (£7.41)
127.33 (+17.44)

DBP, mean (+SD), mmHg 79 (£12.59)
Hypertension, No. (%) 197 (52)
Smoking, No. (%) 192 (51)
History of CVA, No. (%) 2 (1)
History of DM, No. (%) 208 (55)
Renal impairment, No. (%) 78 (21)

BMI: Body Mass Index, SBP: Systolic Blood Pressure, DBP: Diastolic Blood Pressure, CVA:
Cerebrovascular Accident, DM: Diabetes Mellitus.

Systems Ltd, Essex, UK) [38] as previously described |20, 37|. The experts were blinded to
the patients’ details. All MRI images and masked images (annotations) were zero-padded to
256 x 256 pixels so that their dimensions match.

2.2.4 Neural Network Architecture

Before we discuss the neural network (NN) architecture, we shall present its elements and func-
tions.

Conv2D Layer

The two-dimensional convolution (Conv2D) layer is a fundamental building block in many state-
of-the-art (SOTA) convolutional neural network (CNN) architectures. This layer applies a two-
dimensional convolution operation to the input data, which involves sliding a filter (or kernel)
over the input data and computing a dot product between the filter weights and the correspond-
ing input values.

Mathematically, the operation of a Conv2D layer can be expressed as follows [24]:

output (ip, jw) = Z Z input(ip, + mp, juw + nw) © filter(mp, ny),

mp Nw

where:

® ip, ju are the height and width indices for the output tensor, respectivly, and my, n,, are
the corresponding indices for the filter tensor;



e input(iy + mp, juw + Ny) is the input value at the (i, + mp, ju + 1)t position;
o filter(my,, ny,) is the filter weight at the (my,, 1, )™ position;

e © denotes Hamard (element-wise) multiplication.

The output of the Conv2D layer is a feature map, which represents a higher-level abstraction
of the input image. This feature map can then be fed to another Conv2D layer or a fully
connected layer for further processing.

Investigations show that the Conv2D layer is a powerful tool for improving the accuracy of
DL models. For example, in a study on object detection, using a Conv2D layer in a You Only
Look Once Version 3 (YOLOv3) model resulted in improved detection performance compared
to using a fully connected layer [39]. In another study, using a Conv2D layer in a DL model for
detecting diabetic retinopathy from retinal images resulted in improved classification accuracy

[40].

MaxPooling2D Layer

The MaxPooling2D layer is primarily utilised for image tensor down-sampling operations while
retaining important features of tensors. Down-sampling is done by striding a pooling window
from the top right to the bottom left in an image tensor. In each stride, the pooling window
selects the maximum value within the pooling window and projects it as a new image tensor
with reduced dimensions. The new reduced dimensions can be calculated as below:

height — pooling size + 2 (padding size)

output height = +1, (2.3)

stride

width — pooling size + 2 (padding size)

output width = + 1 (2.4)

stride

ReLU Layer

A ReLU (Rectified Linear Unit) layer [41] is an activation function commonly used in artificial
NN, particularly in DL models. It introduces non-linearity into the network, enabling the model
to learn complex patterns and representations from the input data.

The operation of a ReLU layer can be defined mathematically as follows:

f(xinput)RL = max(O, xinput)~ (25)

The ReLU layer takes an input (a scalar value, vector, or tensor) and returns an output using
the function f(x). This function sets any negative input values to 0 and keeps positive values
unchanged. The ReLU layer processes each input element independently in an element-wise
implementation. As a result, the output has the same shape as the input but with negative
values replaced by zeros.

This simple operation makes ReLLU computationally efficient compared to other activation
functions, such as the sigmoid or the hyperbolic tangent (tanh) functions. ReLLU helps mitigate



the vanishing gradient problem, which occurs when training deep NNs with gradient-based
optimisation methods.

Dropout Layer

The Dropout layer [42] is a regularisation technique commonly used in deep NNs to prevent
overfitting. This layer randomly drops out (or sets to zero) a fraction of the neurons in the
previous layer during each training iteration. This forces the network to learn more robust and
generalised features as different subsets of neurons are used for each iteration.

Mathematically, the Dropout layer can be expressed as follows:

X input ® mask, (2.6)

1
tput = ————
OWPW = T OPR

where:

e input is the input tensor to the Dropout layer;
e DPR is the dropout rate, which is the probability of dropping out a neuron;

e mask is a binary mask tensor, with the same shape as the input tensor, where each element
is either 0 or 1 with a probability of DPR and 1 — DPR, respectively;

e output is the output tensor of the Dropout layer.

During training, the binary mask tensor is randomly generated for each batch, and the input
tensor is multiplied element-wise by this mask. Scaling is applied to the weights to compensate
for the fact that dropout is not used at the test time.

Studies have shown that the Dropout layer is a powerful tool for preventing overfitting in deep
neural networks. For example, in a study on image classification, using a Dropout layer in a deep
NN improved classification accuracy compared to a network without Dropout [43]. In another
study, using a Dropout layer in a recurrent neural network improved the model’s performance
in speech recognition [44].

BatchNormalisation Layer

By normalising activations, Batch Normalisation (BN) layers [45] help stabilise the distributions
of internal activations as the model trains. BN also makes it possible to use significantly higher
learning rates, reducing initialisation sensitivity and the sensitivity to initialisation. These effects
help accelerate the training, sometimes dramatically |25, 45].



Concatenation Layer

The concatenation layer combines the outputs of multiple layers into a single layer. This layer
essentially concatenates the outputs along a specified dimension.

For instance, in image processing, the output of a CNN is usually a feature map. To use
these features for further processing or classification, concatenating them with features from
another CNN layer, a fully connected layer, or any other type of layer is often necessary.

Research has shown that the concatenation layer is a powerful tool for improving the accuracy
of DL models. For example, in a study on facial expression recognition, the concatenation of
multiple feature maps from different CNN layers significantly increased accuracy compared to
using a single feature map alone [46]. In another study, the concatenation of multiple modalities
of MRI data using a 3D CNN architecture improved classification accuracy for Alzheimer’s
disease detection [47].

UpSampling2D Layer

The UpSampling2D layer is commonly used in deep NNs for image processing tasks such as image
segmentation and object detection. This layer increases the resolution of the input feature maps
by upsampling them in each dimension, usually by a factor of 2 or 3.

Mathematically, the UpSampling2D layer can be expressed as follows:

output(ip, jp, kp) = input(|ip/sp]; [jp/spl, kp)s (2.7)

where:

e input is the input tensor to the UpSampling2D layer;

e s, is the upsampling factor, usually set to 2 or 3;

e output is the output tensor of the UpSampling2D layer;

® ip, jp, kp represent the indices of the output along the first spatial dimension, second spa-
tial dimension, and channel dimension, respectively;

|.] denotes the floor function.

During upsampling, each pixel in the input tensor is duplicated s, times in each dimension to
create a tensor of increased spatial resolution. Then, each pixel in the output tensor is set to
the value of the nearest pixel in the input tensor.

In image processing tasks, the UpSampling2D layer is an effective tool for improving the accuracy
in image processing tasks. For example, in an experiment comparing semantic segmentation
using a U-Net model with a transposed convolution layer, a layer of UpSampling2D yielded
greater segmentation accuracy [48]. In another super resolution study, using an UpSampling2D
layer improved image quality [49].
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BConvLSTM2D Layer

The two-dimensional long short-term memory (ConvLSTM2D) layer is a type of layer that com-
bines the capabilities of CNNs and long short-term memory (LSTM) networks. It helps process
spatio-temporal data, such as videos and sequences of images, where both spatial and tempo-
ral features are essential. The bidirectional version of this layer, two-dimensional bi-directional
long short-term memory (BConvLSTM2D), has the ability to process the input sequence both
forward and backwards, allowing the model to capture information from both past and future
frames.

Mathematically, the overall BConvLSTM2D output Y; at the time step j can be calculated
as
Y = tanh ﬁ ﬁ + Wﬁ ﬁ + bBConvLSTM2D) (28)

where ﬁ and E denote the forward and backwards hidden state tensors, respectively, Wf and

VVyE denote the forward and backward convolution kernels corresponding to the hidden states,
bconvLsTM2D represents the bias term, * operator symbolises the convolution operation and the
hyperbolic tangent was employed to combine the outputs of the forward and backward paths
in a non-linear way. The mathematical equations for obtaining each of the two hidden state
tensors are as follows:

(WX[*Xt+WH[ x Hy 4 -l-b[) (2.9)

U( xr* Xy + Wypx Hi_1 + bp) (2.10)

Ci=Fo0C1+1;® tanh(WXC * Xt + Wheo * Hi—1 + be) (2.11)
=o(Wxo* Xs + Who x Hi—1 + bo) (2.12)

H; = Oy © tanh(CY) (2.13)

Here, I}, F;, and O; denote the input, forget, and output gates, respectively, at time ¢, while
C; and o represent the cell state at time ¢t and the sigmoid function, respectively, X; refers
to the input at time ¢ (Figure 2.1), ® represents the Hadamard product. C;_;, Hy_1 are the
cell and hidden state tensors in the previous time step, W x, and W, are the 2D convolution
kernels corresponding to input and hidden states, respectively, and by, br, bo,bc are the bias
terms. The input gate governs the information that is retained in the cell state. The forget gate
regulates the information that is discarded from the cell state. The output gate controls the
information utilised to compute the output of the BConvLSTM2D. The cell state maintains the
internal state of the BConvLSTM2D.

During training, the gradients of the loss function with respect to the parameters of the
BConvLSTM2D layer are calculated and used to update the weights and biases using an opti-
miser, such as stochastic gradient descent (SGD) [50] or Adam [51].

Proposed Network

Our proposed network structure (Figure 2.1) takes inspiration from the bi-directional convolu-
tional long short-term memory (BConvLSTM) U-Net with densely connected convolutions [31].
It comprises: (i) a contracting pathway (or encoder) to capture context within the image by
converting it into a high-level feature representation and (ii) a symmetrical expanding pathway
(or decoder) for interpreting feature maps, facilitating accurate localisation (image location) and
generating a full-resolution segmentation map. The encoder contains four down-sampling layers,
while the decoder has four up-sampling layers.
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Each encoding step consists of a sequence of two convolutional layers (3x3 filters and a
ReLU non-linear activation [41]) followed by a BN layer [45] and a 2x2 max-pooling. BN was
utilised to hasten the convergence of the optimiser during network training while max-pooling
was employed to reduce the dimensions of the feature maps significantly. To reduce over-fitting,
dropout regularisation [42] was employed in the last two steps of the contracting path before the
BN layer. The number of filters each encoding layer computes over the input doubles at each
step ([16, 32, 64, 128, 256]).

Each decoding layer consists of a sequence of two convolutional layers (3x3 filters and a
ReLU non-linear activation) apart from the final decoding step, which has five convolutional
layers. In each step of the expanding path, the output of the previous layer is passed onto an
up-conv layer (i.e. up-sampling function followed by a 2x2 convolution; this process doubles
the size of the feature map) and then combined with the corresponding (same-resolution-level)
representation in the contracting path using skip connections. Combining these two types of
feature maps is a channel-wise concatenation in all steps except for the second up-sampling layer,
where we propose to merge them more complexly using a BConvLSTM [32] building block that
outputs information about all hidden temporal states. This is to account for the spatio-temporal
composition of the input. The number of channels reduces in every step of the expanding path
([256, 128, 64, 32, 16, 1]), whereas the size of the feature maps progressively increases to reach
the input size after the final layer.

Our approach deviates from the methodology presented in [31]| that inspired this study in
the following ways: Since the dataset was time distributed, we utilise a BConvLSTM building
block that outputs a sequence of feature maps for all time steps. Moreover, for the purpose of
a more efficient architecture, we: (i) decrease the number of filters in the convolutional layers
to one-fourth compared to [31], (ii) incorporate BConvLSTM in a single step only, (iii) include
only one densely packed convolutional block in the final encoding stage.

12
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Figure 2.1: The proposed deep learning model, including two diagrams that illustrate how the temporal dimension is handled.




2.2.5 Adam Optimisation

Adam (short for Adaptive Moment Estimation) [51] is a popular optimisation algorithm com-
monly used in machine learning (ML) and DL. It is an extension of SGD and incorporates
adaptive learning rates for each parameter, which can improve convergence speed and robust-
ness.

The update rule for Adam is given by:

my = F1-me—1+ (1 — 1)V (0:—1),
v = B2 vi—1 + (1 = B2)[VoJ (6:-1)],

A my
My = ——5
1- 3
N Ut
Up = ———,
t 1 é
my
Op =0i-1 —Na—F——.
“ VUt + €
where:
e t is the time step;

e 0, represents the model parameters at time x;

e m, and v, are the first and second moment vector estimates at time %, respectively;
e M, and 7, are the bias-corrected estimates of m, and v, ;

e J is the objective function;

® 1), is the learning rate or the step size;

e VyJ(0;—1) is the gradient of the objective function with respect to the parameters, assigned
the parameter values at the previous time step;

e 31 and [ are the exponential decay rates for the first and second moment estimates,
respectively, typically close to 1 but less than 1;

¢ is a small constant (usually 10~8) added to prevent division by zero;

Adam combines the advantages of both momentum [52] and RMSProp [53]. It adapts the
learning rates for each parameter based on the first and second moments of the gradients,
allowing it to converge efficiently and effectively in a wide range of deep learning tasks.

2.2.6 Implementation and Training

The dataset was randomly split into a training set (272 datasets), a validation set (68 datasets)
and a testing set (84 datasets). For training, we used the Adam optimiser [51| for 250 epochs
with a constant learning rate of 0.001, a decay of 0.0005 and a batch size of 120 (approximately
four patients). The dropout value that we used was 0.5 in dropout layers. The initialiser of the
network was He Normal [54|. Online data augmentation techniques were used to improve the
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proposed model’s generalisation ability. The augmented data were obtained from the original
images by applying random rotations (by a degree between -30° and +30°) and random trans-
lations along the x- and/or y-axis in either direction (by up to 20 pixels). All hyper-parameters
were tuned using grid-search based on the validation accuracy. To address the severe class im-
balance between pixel values 0 and 1 in each frame, we utilised the Focal Tversky loss function
[33].

Focal Tversky loss [33| is an extension of the Tversky loss [55], which is a generalisation of
the Dice loss used in image segmentation tasks. Focal Tversky loss can be defined as

Focal Tversky Loss = (1 — Tversky Loss)"*” (2.14)

where vpr is the adjustable focussing parameter, and Tversky Loss is the Tversky index given
by

va Poigoi
SN poigoi + arr 321 Poigii + Brr X0 Prigos

where pg; is the probability that pixel ¢ belongs to the aorta and pi; is the probability of pixel 4
being in the background class. In addition, gg; is 1 for the aortic vessel segmentation area and
0 for the background, and the opposite is true for gi;. Finally, apr and Spr are variables in
Tversky Loss which control the magnitude of the penalties for false positives and false negatives,
respectively. To improve model convergence and the recall rate, we trained our model with apr
= 0.8, Bpr = 0.8 and vpr = 1.

Tversky Loss =

(2.15)

All the methods were trained and implemented using the TensorFlow framework.

2.2.7 Model Evaluation and Statistical Analysis
Evaluation Methods

In this section, we concisely provide an overview of the evaluation metrics utilised to implement
and thoroughly analyse the findings and outcomes of this research effectively.

Bland-Altman analysis: Bland-Altman (BA) analysis [56], also known as a Tukey mean-
difference plot, is a statistical method used to visually assess the agreement between two mea-
surements of the same quantity. The method is beneficial when the two measurements are
obtained using different methods or instruments, and their agreement needs to be evaluated.

The BA plot shows the difference between the two measurements on the y-axis and the
average of the two measurements on the x-axis. The plot also includes three horizontal lines:
one representing the mean difference between the two measurements and the other representing
the limits of agreement, defined as the mean difference plus or minus two standard deviations
of the differences.

The BA analysis allows for the identification of systematic bias between the two methods
and the presence of any outliers or trends in the differences. It also provides a measure of the
overall variability of the differences.

The mathematics behind the BA analysis is straight-forward. Let the two measurements
be denoted as x4 and ypa, and let their mean difference be denoted as dp4. dpa can be
calculated as follows:
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nBA
1

JBA = — dBa; 2.16
o 2o (2.16)
where ng4 is the number of observations.

The limits of the agreement are given by:

dpa + 1.9654, (2.17)

where s, is the standard deviation of the differences, which can be calculated as:

1 NBA _
=,|— dpa; —dpa)?. 2.18
8d Y ;( BAi — dBaA) (2.18)

Wilcoxon signed-rank test with Bonferroni correction: The Wilcoxon signed-rank test
with Bonferroni correction [57, 58] is a non-parametric statistical hypothesis test used to compare
two related samples where the data do not follow a normal distribution or the assumptions of
the paired t-test are not met. The test is performed by ranking the absolute differences between
the two paired samples and calculating the test statistic, which is the sum of the ranks for the
positive differences.

The Bonferroni correction is used to adjust the significance level of the test when multiple
tests are performed simultaneously. It is a conservative correction that helps to reduce the
likelihood of making a Type I error.

The test is carried out as follows:

1. Calculate the absolute difference between each pair of observations.

2. Rank the absolute differences from smallest to largest, ignoring the sign.

3. Calculate the test statistic, which is the sum of the ranks of the positive differences.

4. Calculate the critical value of the test statistic using a Wilcoxon signed-rank table or a
statistical software package.

5. Compare the calculated test statistic with the critical value. If the calculated test statistic
exceeds the critical value, reject the null hypothesis. Otherwise, fail to reject the null hypothesis.

6. To adjust for multiple comparisons, divide the significance level (typically 0.05) by the
number of tests being performed.

The null hypothesis for the Wilcoxon signed-rank test is that there is no difference between
the two related samples. The alternative hypothesis is that there is a difference between the two
related samples.

The test statistic can be calculated as follows:

T => "R, (2.19)
=1

where R; is the rank of the i*" positive difference.
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The critical value for the test statistic can be obtained from a Wilcoxon signed-rank table or
a statistical software package. The Bonferroni correction involves dividing the significance level
by the number of tests. If three tests are performed, then the adjusted significance level would
be 0.05/3 = 0.0167. If the calculated test statistic is greater than 0.05, it can be concluded that
there is no significant difference between the two related samples. Else, if the test statistic is
less than 0.05, it can be concluded that there is a significant difference between the two related
samples.

Dice Similarity Coefficient (DSC): The DSC, also known as the Sgrensen-Dice coefficient,
is a metric used to measure the similarity or overlap between two sets. In medical imaging, it
is commonly used to evaluate the performance of image segmentation algorithms by comparing
the segmented region to a ground truth region.

The DSC coefficient is defined as:

_ 2[Apsc N Bpsc|
|Apsc| + |Bpsc]

DSC (2.20)

where Apsc and Bpge are two sets, |[Apsc| and |Bpsc| denote the cardinality of sets Apgc
and Bpsc, and |Apsc N Bpsc| denotes the cardinality of the intersection of sets Apgc and

Bpsc.

DSC ranges from 0 to 1, where 0 indicates no overlap between the two sets and 1 indi-
cates complete overlap. The closer the Dice coefficient is to 1, the better the segmentation
performance.

For example, in medical imaging, if Apgc represents the segmented region and Bpge rep-
resents the ground truth region, then the DSC can be used to evaluate the similarity between
the two regions. If the DSC is high, the segmentation algorithm accurately identifies the ROI.
Conversely, if the DSC is low, the algorithm has failed to accurately identify the ROI.

Fréchet Distance: The Fréchet distance between two curves in a metric space measures
their similarity. Informally, one can visualise this distance as the shortest possible leash that
connects a dog and its owner if they traverse their respective paths from start to finish without
backtracking. Mathematically, let A and B be two curves in a metric space M. The Fréchet
distance between A and B, denoted by F(A, B), is defined as:

F(AB) = inf max dpp(A(arp(t), B(Brp(t))), (2.21)

where app and Bpp are continuous functions from [0, 1] to [0, 1], drp denotes the distance in
M [59], and inf() denotes the infimum of a set.

Hausdorff Distance: The Hausdorff distance provides a measure of the distance between two
point sets within a metric space. Given two non-empty subsets Agp and Byp of a metric space
M, the Hausdorff distance Hyp is defined as:
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Hup(Aup, Bup) = max sup inf dgp(app,bup), sup inf duyp(amgp,bup) ¢,
agp€Agp bEBHD birp€Bup “CAHD

(2.22)

where dgp is the metric on M and sup() denotes the supremum of a set. In simpler terms, the
Hausdorff distance quantifies the greatest distance from a point agp in one set to the closest
point by p in the other set [60].

Dynamic Time Warping (DTW) Distance: Dynamic Time Warping (DTW) is a method
utilised to measure the similarity between two temporal sequences which might be out of sync,
stretched, or compressed. Given two sequences A;s = {aj,az,...,a,} and Bys = {b1,ba, ..., by},
DTW aims to align them in such a way that the cumulative distance between them is minimised.

The DTW distance is computed using a dynamic programming approach, where the cost at
each point (4,7) in a matrix is:

Dts(ihj) = dts(aiabj) + min{DtS(i - 17j)7DtS(i7j - 1)7Dt8(7; -1,7- 1)} (223)

where dts(ai,bj) represents the distance between the points a; and b;, often computed using
the Euclidean distance. Dy is a matrix where each element Dys(i, j) represents the cumulative
distance or cost of aligning two temporal sequences up to the i and j* elements, respectively

61].

Evaluation Process

To evaluate the accuracy of our automated segmentation masks against the ground truth, we used
the DSC and calculated the absolute area error (in mm?) and absolute AD error (in mmHg™1).
Moreover, we employed BA analysis [62| to assess the agreement between the maximum and
minimum aorta areas and AD values for both the AAo and DAo. All analysis was conducted on
the test set. The temporal fidelity of the segmentation performance across a cardiac cycle was
assessed both qualitatively and quantitatively using the Fréchet, Hausdorff and DTW distances
for a representative case.

To examine the impact brought by each contributing factor, we performed ablation studies.

We delved into a series of ablation experiments, meticulously designed to dissect and ap-
preciate the individual contributions of various features within our proposed framework. These
experiments are crucial for shedding light on the intricate workings of our model, offering a clear
lens through which we can understand the impact of each component on the overall performance.

Our approach dissected the framework into several key variants, each omitting a specific
feature or strategy. The variants are as follows:

No full labels: This model variant was trained using labels derived from ES and ED frames,
propagated through the cardiac cycle using non-rigid image registration. This approach
tests the resilience of the model against partially labelled data.

No focal Tversky: In this iteration, we employed the Dice coefficient loss function, deliberately
overlooking the severe class imbalance inherent in our dataset. This allows us to scrutinise
the effectiveness of the focal Tversky loss in managing class imbalance.
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No non-linearities: Here, the model was trained by simply linearly concatenating the encoder
and decoder feature maps, eschewing any non-linear processing. This experiment assesses
the impact of non-linear integration of features on the model’s performance.

No dense pruning: This version was trained with a more complex structure, incorporating
three densely packed convolutional blocks in the final encoding step, as opposed to the
simplified structure of the proposed model.

No filter pruning: This model variant utilises a larger number of filters in the convolutional
layers, specifically four times more than our proposed model, to evaluate the effects of
model complexity on performance.

No BConvLSTM pruning: In contrast to our original design, which uses a single BConvL-
STM unit, this model incorporates the BConvLSTM unit at three different stages of the
network.

We also measured the resource efficiency of our approach by calculating the carbon dioxide
equivalent (COqeq) emissions (in g) and energy consumption (in kWh) during training using
the Carbontracker method [63]. Carbontracker, a Python-based open-source tool, tracks and
predicts training deep learning models’ energy consumption and carbon emissions on a given
GPU. In addition, we reported the equivalent distance travelled by car [64] that would generate
the same emission volume to put the carbon footprint produced during model training into
perspective. We also calculated the training and inference times.

Furthermore, we compared our method’s evaluation metrics to those of SOTA [27] and
unpruned [31] methods, also trained on the same multi-centre, multi-vendor multi-disease CMR
dataset following similar training and hyperparamater tuning procedures as described above.
To test if there is a statistically significant difference (at level 0.05) between the performances
of the proposed and SOTA methods, we used the Wilcoxon signed-rank test with Bonferroni
correction.

2.3 Results

2.3.1 Model Accuracy

The aortic area absolute errors (expressed in mm?) and AD (represented in mmHg 1), as well as
the Dice coefficients for both AAo and DAo, are presented in Table 2.2. The proposed method
attained lower absolute area and AD errors and higher Dice coefficient values in comparison to
both the SOTA and unpruned methods.

Figures 2.2, 2.3, and 2.4 elucidate the BA analysis plots for the maximum and minimum area
and AD values, contrasting our method, the SOTA, and the unpruned strategies, respectively,
against the gold standard. From this visual representation, it is discernible that the aortic
metrics projected by our method exhibit around ~3.9 times reduced variability compared to
both the SOTA and unpruned methodologies. Figure 2.5 conducts a side-by-side qualitative
assessment between our proposal and the SOTA model across three distinctive cases to provide
a more granular perspective. The first case illuminates a scenario where the SOTA model
significantly undervalues the pixel count assigned to the aorta. The subsequent case profiles a
patient for whom the SOTA technique amplifies the AAo segment. The final case underscores
a unique occurrence where the DAo’s positioning deviates from its typical alignment relative to
the AAo, leading the SOTA model to overlook the AAo entirely. In stark contrast, our method
meticulously segments both AAo and DAo across these diverse scenarios.
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Moreover, Table 2.3 catalogues the qualitative and quantitative juxtapositions of AAo and
DAo time-area curves spanning a singular cardiac cycle for a prototypical instance. Upon ex-
amination, it is evident that the phase synchronisation of the proposed method’s cardiac cycle
and the benchmarked curves align more harmoniously than the representations from the SOTA,

for both AAo and DAo.

2.3.2 Model Resource Efficiency

Table 2.4 presents the anticipated carbon dioxide equivalent (COzeq) emissions (measured in
g), the energy expenditure (captured in kWh), and the corresponding distance (in km) a car
might traverse during the culminating training phase consisting of 250 epochs for our method,
the prevailing SOTA, and the unpruned models. Further detailed in Table 2.4 are the duration
of training (represented in hours : minutes : seconds) and the mean inference times (expressed
in milliseconds).

Contrasting the environmental impact, our proposed technique emerges as approximately
~2.8 times more eco-friendly, utilising around ~3.9 times reduced energy compared to the SOTA
model. Furthermore, it boasts efficiency, demanding roughly ~5.2 times shorter training dura-
tion and showcasing inference speeds that are approximately ~2.7 times brisker. Compared
to the unpruned model, our approach displays a marked reduction in environmental footprint,
being roughly ~5.2 times cleaner and conserving about ~6.6 times the energy. Regarding effi-
ciency metrics, our method necessitates nearly ~9.3 times shorter training phases and delivers
inference outcomes that are approximately ~4.4 times swifter than its unpruned counterpart.

2.3.3 Ablation Study Results

Each model was rigorously evaluated using the same clinical images, hyperparameters, and
evaluation metrics as outlined in Table 2.2. The purpose of these experiments is to unravel the
complex tapestry of our model’s architecture, examining how each thread contributes to the
overall pattern of performance.

Table 2.5 encapsulates the outcomes of these ablation studies, offering a comprehensive
view of the repercussions of each modification. Notably, the exclusion of non-linearities led to
the most pronounced decline in performance, particularly in the accurate calculation of Aortic
Distensibility (AD). This finding underscores the paramount importance of non-linear processing
in capturing the nuanced relationships within our data.

Furthermore, the augmentation in model size, as seen in the ’No dense pruning’ and 'No filter
pruning’ scenarios, did not translate into enhanced accuracy. This intriguing result hints at a
potential overfitting issue, suggesting that a leaner model architecture might be more efficacious
for our specific application.

The absence of full labels and the focal Tversky loss significantly impacted the accuracy of
AAo AD calculations. This phenomenon could be attributed to an increase in false positives,
particularly from surrounding structures, highlighting the critical role these components play in
refining our model’s focus and precision.

In examining the results across the board, we observe a consistent and substantial drop in
performance, both in terms of the absolute error in the area and the Dice coefficient for all
variants. However, the absolute error in AD calculations exhibited more variability, likely due
to its increased sensitivity to segmentation artefacts. This variability further emphasises the
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importance of robust and accurate segmentation throughout the cardiac cycle, a challenge our
proposed model adeptly addresses.

In conclusion, these ablation studies not only affirm the judicious design choices made in our
proposed model but also offer invaluable insights into the complexities of DL architectures for
medical image analysis. Through this meticulous dissection, we gain a deeper understanding of
each component’s role, allowing us to refine our approach further and pave the way for more
nuanced and effective models in the future.
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Table 2.2: Quantitative performance of the proposed method using absolute errors in the aortic area, aortic distensibility (AD), and the Dice
coefficient. Also provided are the p values obtained from the Wilcoxon-signed rank test with Bonferroni correction (o = 0.05). The mean ground
truth area (averaged over time and patients) was 678.826 mm? (SD: 146.329 mm?) for the AAo and 370.610 mm? (SD: 85.109 mm?) for the DAo.

Boldface indicates best performance.

Model Absolute error in area (mm?) Absolute error in AD (1072 mmHg 1) Dice coefficient
AAo DAo AAo DAo AAo DAo
Proposed, mean (£SD) 7.346 (£2.257) | 4.749 (£2.567) | 0.394 (£0.401) | 0.544 (£0.908) 0.989 (£0.003) | 0.991 (£0.004)
SOTA, mean (+SD) 32.323 (+25.420) | 11.809 (£10.204) | 1.088 (+1.395) 0.942 (4+2.013) 0.965 (+0.0161) | 0.978 (+0.015)
Unpruned, mean (£+SD) 30.739 (£21.110) | 12.389 (£7.209) | 2.490 (+2.218) 1.404 (+1.759) 0.980 (£0.009) | 0.970 (+0.012)
p values (Proposed vs SOTA) 1.710 x 10715 1.539 x 10714 5.291 x 10708 9.022 x 10793 1.710 x 10~1° 1.710 x 10715
p values (Proposed vs Unpruned) 1.711 x 10719 3.503 x 10715 7.427 x 10713 4.888 x 10797 1.651 x 10714 1.779 x 10715

AAo: Ascending Aorta, DAo: Descending Aorta, SD: Standard Deviation, SOTA: State-Of-The-Art.
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Figure 2.2: Bland-Altman analysis for graphically comparing the proposed method to the
ground truth with respect to aorta maximum areas, aorta minimum areas and aortic disten-
sibility (AD) values. Y-axis gives the difference between the two methods, whereas X-axis
represents their mean. The area is measured in mm?. AD is measured in 1072 mmHg™!.
SD is the standard deviation.
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Figure 2.3: Bland-Altman analysis for graphically comparing the SOTA method to the
ground truth with respect to aorta maximum areas, aorta minimum areas and aortic disten-
sibility (AD) values. Y-axis gives the difference between the two methods, whereas X-axis

represents their mean. The area is measured in mm?. AD is measured in 1072 mmHg™!.

SD is the standard deviation.
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Figure 2.4: Bland-Altman analysis for graphically comparing the unpruned method to the
ground truth with respect to aorta maximum areas, aorta minimum areas and aortic dis-
tensibility (AD) values. The Y-axis gives the difference between the two methods, whereas
the X-axis represents their mean. The area is measured in mm?. AD is measured in 1073
mmHg~!. SD is the standard deviation.
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Case 2 Case 1

Case 3

Figure 2.5: Qualitative comparison of the proposed method with the state-of-the-art (SOTA)
method in one-time frame of the cardiac cycle for three representative cases. First column:
MRI. Second column: Ground truth (semi-automated segmentation). Third column: Seg-
mentation results of the SOTA method. Fourth column: Segmentation results of the pro-
posed method. The yellow arrows indicate the errors in segmentation. The ascending aorta
(AAo) is denoted by the red area and the green area denotes the descending aorta (DAo).
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Table 2.3: Qualitative and quantitative comparisons of ascending and descending aorta time-
area curves for one cardiac cycle of a representative case. Boldface indicates best performance.
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Table 2.4: Resource efficiency evaluation of the proposed method using the generated carbon emissions. The consumed energy and the equivalent
distance a car could travel during the final training (250 epochs). Also shown are the training and average inference times. The experiments were
conducted on a workstation with an NVIDIA RTX A6000 (48GB) GPU. Boldface indicates best performance

Model COg2eq (g) | Energy (kWh) | Equivalent distance travelled by car (km) | Training time (h:min:s) | Average inference time (ms)
Proposed | 2093.571 5.984 17.388 06:46:11 2.768

SOTA 5785.498 23.184 48.052 35:09:20 7.544
Unpruned | 11031.780 39.574 91.626 63:06:35 12.25

SOTA: State-Of-The-Art.
Table 2.5: Ablation over the number of features using the proposed framework.
Model Absolute error in area (mm?) Absolute error in AD (10~*mmHg 1) Dice coefficient
AAo DAo AAo DAo AAo DAo

Proposed, mean (£SD)

7.346 (£2.257)

4.749 (£2.567)

0.394 (+0.401)

0.544 (+0.908)

0.989 (£0.003)

0.991 (40.004)

No full labels, mean (£SD)

29.964 (+£25.754

8.649 (£7.776)

4,017 (+£3.230)

3.038 (+2.581)

0.983 (£0.011)

0.970 (£0.016)

No focal Tversky, mean (£SD)

30.034 (£28.886

10.399 (£6.815)

25.499 (+£148.856)

2.161 (+£1.807)

0.981 (£0.009

0.969 (£0.012)

10.367 (£7.943)

30.761 (+210.163)

49.617 (£437.580)

0.967 (0.0154)

No non-linearities, mean (£SD)
)

No dense pruning, mean (+=SD

10.399 (+6.815)

25.483 (£148.859)

2.134 (+1.86)

0.969 (£0.012)

No filter pruning, mean (£SD)

)
)
30.589 (£20.173)
)
)

28.966 (£28.717

9.322 (£6.152)

10.901 (£58.238)

1.991 (£1.701)

(

0.980 (£0.016
(
(

0.982 (£0.009

0.971 (£0.012)

No BConvLSTM pruning, mean (+SD)

(
(
30.034 (£28.886
(
(

46.811 (£64.332)

17.288 (£8.793)

46.502 (£274.518)

2.116 (£2.227)

)
)
0.981 (0.008)
)
)

0.971 (£0.011

0.962 (£0.014)

"No full labels" is trained using labels obtained by propagating ES and ED labels using non-rigid image registration." No focal Tversky" is trained
using Dice coefficient loss, ignoring the severe class imbalance in the data. "No non-linearities" is trained by merging the encoder and decoder
feature maps through linear concatenation. "No dense pruning" is trained using three densely packed convolutional blocks in the final encoding
step. "No filter pruning" is trained using four times more filters in the convolutional layers than the proposed model. "No BConvLSTM pruning"

is trained using BConvLSTM unit in three steps instead of one. Boldface indicates best performance. AAo :

Aorta, SD: Standard Deviation.

Ascending Aorta, DAo: Descending




2.4 Discussion

2.4.1 Strengths of this Study

Compared to previous work, this study has several strengths. We did not treat each time frame
of the cardiac cycle as a separate entity for semantic segmentation. Instead, we integrated
information related to space and time into our task by combining encoder and decoder feature
maps in the second up-sampling layer using a non-linear function, specifically a BConvLSTM.
Using the hyperbolic tangent function to merge the output of the forward and backward paths
aids in the network’s ability to learn complex data structures [31]. We implemented the focal
Tversky loss during training to address the issue that the ROI class is much smaller than the
background class. To leverage the enhanced credibility of the ground truth targets in all cardiac
cycle time frames, we conducted end-to-end hierarchical learning and testing of the aortic lumen
area from cine CMR images rather than focusing solely on a limited range of time frames.
Additionally, we used multi-centre, multi-vendor data from a diverse patient cohort, which
greatly enhances the generalization ability of the proposed aortic lumen segmentation algorithm.
Site, vendor, and patient heterogeneity are crucial when testing a model for effective clinical
implementation and accreditation agency approval. Unlike the model [31] that inspired this
paper, our algorithm uses a building block that returns the sequence of feature maps over all
time steps since we are dealing with video inputs. Moreover, to achieve a more resource-efficient
architecture, our algorithm: (i) employs four times fewer filters in the convolutional layers, (ii)
uses BConvLSTM layers in only one-third of the steps, and (iii) contains only one-third of the
densely packed convolutional blocks in the final encoding step.

2.4.2 Main Findings

The segmentation masks for AAo and DAo, as predicted by our model, aligned well with the
semi-automated assessments of CMR experts, as evidenced by the low area discrepancies and
elevated Dice coefficient metrics. This is in agreement with the findings of [65], asserting that a
single densely populated convolution block at the terminal layer of the contraction sequence is
adequate for feature diversity. Our approach was bench-marked against other DL methodolo-
gies [27, 31] synonymous with the current SOTA and their unpruned counterparts. Quantitative
evaluations spotlighted our model’s superior performance against both SOTA and unpruned
models, achieving minimal aortic and AD errors while boasting elevated Dice coefficient scores
for both AAo and DAo. The BA analysis, when contrasted with the gold standard, indicated
our method’s predicted values for maximum and minimum aorta areas, along with AD metrics,
oscillated approximately ~3.9 times less compared to the SOTA and unpruned models. This res-
onates with the conclusions of recent literature [66], which underlines the efficacy of intertwining
temporal dynamics with spatial processing in video datasets. A distinguishing attribute of our
technique is its capability to pinpoint aortic sections in an atypical instance, where the DAo’s
positioning deviates from the norm in relation to the AAo. Such anomalies are typically evident
in individuals diagnosed with scoliosis or those exhibiting abnormalities in aortic arch branching
and orientation. Contrary to prior works [27, 28|, models assessed in our study displayed slightly
worse performance on the AAo as opposed to the DAo, possibly attributed to the intricate nature
of structures flanking the AAo within our varied dataset. We verified the model’s uniformity
throughout the cardiac cycle by showcasing time versus area plots for AAo and DAo, alongside
estimating deviations from the gold standard for a prototypical instance. Regarding resource
usage and environmental impact, our model was assessed against SOTA and the unpruned ver-
sions employing the Carbontracker toolkit [63]. It emerged that our model required ~3.9 times
less energy, was approximately ~2.8 times more environmentally friendly during the training
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phase than the SOTA. Moreover, the model demanded ~5.2 times less training duration, with
inference speeds surpassing by ~2.7 times than SOTA. As expected, when juxtaposed against
the unpruned models, our technique showcased ~5.2 times reduced environmental implications,
consumed ~6.6 times less energy, demanded ~9.3 times shorter training intervals, and the in-
ference was accelerated by nearly ~4.4 times. We found through ablation studies that (i) The
exclusion of non-linearities resulted in the largest prediction errors; (ii) Increasing the model
size did not lead to improved accuracy. This interesting outcome suggests that the model may
have been overfitting and indicates that a simpler model architecture might be more effective
for our particular use case or some cases; (iii) The precision of AAo AD calculations was notably
affected by the lack of complete labels and the focal Tversky loss. This effect was mainly due
to increased false positives, especially from neighbouring artefacts. Thus, it underscores the
importance of these components in enhancing the accuracy and focus of our model.

2.4.3 Clinical Implications

Prior research carried out in our laboratory has demonstrated [37]| that the AD aortic stiffness
metric exhibits greater reproducibility compared to pulse wave velocity. The exceptional findings
detailed in this paper significantly decrease the time required to extract aortic structural and
functional phenotypes from CMR data while enhancing the outcomes’ dependability. As a result,
our pipeline could serve as an invaluable tool for investigating genome-wide associations between
AD and aortic areas in relation to cognitive [67, 68| performance within large-scale biomedical
databases (such as the UK Biobank) that more accurately represent the broader population.
Acquiring quantitative CMR phenotypes on this scale remains a considerable challenge today.
This type of analysis would allow us to examine potential causal connections between aortic
measurements and aortic aneurysms, brain small vessel disease, and the reciprocal relationship
with blood pressure indices. Identifying the responsible mechanisms could ultimately lead to
(i) a deeper comprehension of factors contributing to cognitive decline and dementia and (ii)
the discovery of novel therapeutic targets. Additionally, the model designed for the AD quan-
tification task can be repurposed as a foundation for various clinically pertinent tasks (through
transfer learning), enabling swift advancements and superior performance. The proposed frame-
work can be easily incorporated into CMR analysis software. We have made the code for our
image analysis pipeline available online *

2.4.4 Resource Efficiency Considerations

Research has shown [69] that between 2012 and 2018, the computational demands for DL re-
search increased 300,000-fold, far outpacing the historical growth of computational requirements.
These computations necessitate enormous [30] amounts of energy, contributing to greenhouse
gas emissions and an outsized carbon footprint [30], potentially exacerbating global climate
change. Although natural language processing applications with large-scale models are primar-
ily responsible for this issue, energy consumption by typical medical image analysis DL models is
still significant. Our model’s energy consumption during training was estimated at 5.984 KWh,
compared to 23.183 KWh for the SOTA model. The resulting carbon emissions were equivalent
to a car travelling 17.388 km for our model and 48.052 km for SOTA. However, these figures
only pertain to the final training session. A standard development process for determining the
optimal model typically involves multiple training runs for hyperparameter tuning and experi-
menting with various model architectures. To better understand the energy usage and carbon
footprint of a complete DL model development pipeline, a recent study [70] discovered that

"https://github. com/tuanageelbohoran/Aortic-Distensibility.git
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constructing and testing a final paper-worthy DL model required training 4789 models over six
months. The implications of these alarming figures are immense, particularly when considering
the global adoption of healthcare DL applications. Although concerns about the energy usage
and carbon footprint of DL research have begun to surface [30, 63, 70|, the majority of healthcare
computer vision DL research focuses on improving accuracy while neglecting resource efficiency.
In this paper, we explicitly considered energy usage and COgeq emissions. We support previous
recommendations [30, 70, 71, 72, 73] to evaluate DL research using key metrics like energy usage
and carbon emissions alongside accuracy-related measures, fostering innovation in DL algorith-
mic efficiency. The merit of DL models should be determined by their intelligence per joule.
This approach could help: (i) mitigate the negative environmental impact of DL research during
training and development and (ii) promote inclusivity in DL research [73| by enabling broader
participation. As we face an energy-intensive future and escalating rates of natural disasters, it
is crucial [30] to explore methods to control DL’s energy consumption and carbon cost. Addi-
tionally, reemphasising resource efficiency may increase the portability and applicability of our
method, facilitating broader adoption on devices with lower computational power and memory
and ultimately enabling more widespread and systematic DL-driven evaluations of CMR-derived
aortic stiffness.

2.4.5 Study Limitations

Several limitations exist within this study. Although the training dataset is extensive and diverse,
our network may yield less accurate outcomes when presented with pathologies, age groups, eth-
nicities, and scanners not represented in the training set. This challenge is the primary obstacle
preventing the implementation of any DL model in real-world settings. To address this issue
partially, we utilised data augmentation methods that emulate various potential data distribu-
tions. As a result, our pipeline demonstrated an enhanced capacity to generalise to unobserved
non-representative cases compared to SOTA. Another significant limitation of our model is DL
algorithms’ inherent "black-box" nature, resulting in a lack of interpretability. Explainable tools
are essential [74] for fostering trust in DL models, and creating such a module will be a focus of
future research. Additionally, our model has not been assessed against adversarial attacks |75].
Although Carbontracker supports numerous environments and platforms, minor discrepancies
may exist between the reported energy consumption, carbon emission values, and figures. Such
deviations could arise from the quality of the estimated carbon intensity of electricity produc-
tion, which can vary by geographic location (depending on local energy sources) and time of day
(as energy demand and capacity fluctuate). However, all DL experiments in this study were con-
ducted on the same workstation and at the same time of day. Moreover, Carbontracker employs
"real-time" carbon intensity values, which are updated every 15 minutes during training using
the tool’s supported application programming interfaces. In this study, the predicted maximum
and minimum aortic areas utilised for AD quantification did not consistently correspond with
the diastolic and systolic cardiac cycle phases observed in the handcrafted analysis. Nonetheless,
this discrepancy did not significantly impact the AD measurements. Our study required full an-
notation of all temporal frames in the cine dataset instead of SOTA, which required only sparse
annotation. However, the SOTA method also needs extra resources (people, time) to identify
the ED and ES phases. Significant resources (hardware, time) were also needed to perform the
computationally intensive non-rigid registration. Lastly, the annotation in our study was not so
time-consuming because it was largely supported by the JIM software that performed automated
label propagation, which was then verified by the clinicians. Therefore, the consensus on the
standards is that our study is concerned only with training resources. Finally, other recent fully
automated segmentation approaches exist [76, 77|, potentially performing better than ours in
the aortic lumen delineation task from cine CMR images. However, this work aimed to propose
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a DL-based framework that surpasses the SOTA methods for this particular task while being
more resource-efficient rather than to carry out an exhaustive survey of semantic segmentation,
the literature of which is huge.
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Chapter 3

Enhanced Right Ventricular Volume
Prediction and Uncertainty Estimation:
From Supervised Tree Kernel
Ensembles to Feature Tokeniser
Transformer-based Regression on 2D
Echocardiography Planimetry Data

3.1 Introduction

3.1.1 Clinical Background

Right ventricular (RV) volume assessment plays a pivotal role in evaluating RV size and func-
tion, which are crucial for diagnosing and managing a wide spectrum of CVDs. These diseases
encompass conditions such as congenital heart defects, pulmonary hypertension, coronary artery
disease, and heart failure [78]|. Accurate and reliable assessment of RV volumes is essential for
risk stratification, guiding therapeutic decision-making, and monitoring treatment response in
these patient populations.

Cardiac magnetic resonance imaging (CMR) has emerged as the gold standard for quanti-
fying RV volumes due to its exceptional accuracy and reproducibility [79, 80, 81]. CMR offers
unparalleled visualisation of the RV anatomy and function, allowing for precise volume measure-
ments through various techniques. However, the widespread adoption of CMR is hampered by
several limitations. Firstly, access to CMR scanners is severely limited, particularly in regions
with resource constraints. In the United Kingdom, for instance, there are only 6.1 magnetic
resonance imaging scanners per million people [82]. This limited availability creates significant
logistical challenges for patients requiring RV volume assessment.

Secondly, the high cost associated with CMR examinations can be a barrier for some health-
care systems and patients. The complex infrastructure and skilled personnel required for CMR
operation further contribute to its cost. Thirdly, CMR scan times can be lengthy, impacting
patient throughput and potentially increasing wait times for those in need of the procedure. Fi-
nally, certain patient populations, such as those with claustrophobia or metallic implants, may
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not be suitable candidates for CMR due to safety concerns.

Despite its limitations, CMR remains the gold standard for RV volume quantification. How-
ever, the aforementioned challenges necessitate the exploration of alternative imaging modalities
that are more readily available, cost-effective, and time-efficient.

Two-dimensional echocardiography (2DE) emerges as the primary alternative imaging modal-
ity for RV evaluation due to its widespread availability, portability, and cost-effectiveness [83].

3.1.2 The Challenge and Related Work

Unlike CMR, which provides a comprehensive view of the heart from multiple angles, 2DE relies
on ultrasound waves to generate cardiac images from specific windows. This inherent limitation
(poor quality and inability to penetrate deeply into organs) in image acquisition can lead to
challenges in accurately depicting the complex three-dimensional geometry of the RV.

The accuracy of 2DE-based RV volume estimations is further compromised by the absence
of precise geometric models that can accurately capture the intricate morphology of the RV [84].
These models are mathematical representations of the RV shape used to calculate volumes from
2DE planimetry measurements. The limitations of current geometric models often lead to under
or overestimating accurate RV volumes.

Three-dimensional echocardiography (3DE) has the potential to address this gap by enabling
quantitative RV assessment without relying on geometric assumptions. 3DE technology allows
for the reconstruction of 3D images of the heart from multiple 2DE views. This reconstruction
provides a more comprehensive representation of the RV, facilitating more accurate volume cal-
culations. However, 3DE is hampered by limitations in image quality compared to CMR. The
reconstruction process can introduce artefacts that can affect the accuracy of volume measure-
ments. Additionally, 3DE requires specialised equipment and extensive training for operators,
limiting its widespread adoption. Furthermore, the cost and computational demands associated
with 3DE are significantly higher compared to 2DE.

These limitations, coupled with the pressing need for accurate and accessible RV volume
measurements, pose a critical challenge for healthcare systems worldwide. The backlog of car-
diac scans, including those for RV volume assessment, is growing, and patients awaiting CMR,
imaging studies face extended delays. These delays can lead to increased mortality and compli-
cations, particularly for patients with critical conditions requiring timely diagnosis and interven-
tion. Therefore, the challenge is twofold: to improve the reliability and accuracy of RV volume
measurements using 2DE and mitigate the limitations in the availability and accessibility of
CMR scanners.

Recent advancements in machine learning (ML) and deep learning (DL) offer exciting possi-
bilities for overcoming the limitations of traditional 2DE-based RV volume assessment. Gradient
boosted regression trees (GBRTs) are known for their effectiveness in handling tabular data,
which is the type of data readily available from 2DE examinations [85]. Transformers [86] are a
type of deep neural network architecture that has demonstrated remarkable success in various
natural language processing tasks.

These techniques have the potential to learn complex relationships between readily obtainable
2DE data, such as area measurements from various standardised views and corresponding RV
volumes obtained from CMR (considered the gold standard). By leveraging this knowledge, ML
and DL models can potentially generate more accurate and reliable estimates of RV volumes
from 2DE data. On top of this, the uncertainty quantification of each ML /DL model RV volume
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prediction would be crucial for clinicians, as it provides insights into the confidence level they
can place in the model’s estimates. However, no ML/DL studies exist to date that predict RV
volumes and uncertainty levels based on 2DE planimetry data.

3.1.3 Our Contribution

The contributions of this study are:

e We propose to employ gradient boosted regression trees (GBRTS) in conjunction with
a k-nearest neighbour method, supported by a supervised tree kernel, to estimate the
RV volume and the uncertainty associated with the model’s predictions [87, 88, 89]. The
proposed framework relies on 2DE standardised planimetry data (area measurements) and
age, cardiac phase, and gender information.

e We explore the potential of tabular Feature Tokeniser Transformers for enhanced RV vol-
ume prediction.

e Both methods are evaluated on a small dataset of 100 RV volumes.

e We propose to make use of explainability methods (the gain value of GBRTS) to understand
what features contribute to the model the most, and only train on those features. We show
that this contributes to reducing the burden of annotation and save resources by using fewer
2DE views.

3.2 Materials and Methods

3.2.1 Study Population and Image Dataset

The foundation of any robust medical study lies in the careful selection and comprehension
of its study population. This study encompasses a retrospective cohort comprising 50 adult
patients, all of whom underwent both 2DE and CMR within a 30-day window as part of their
routine cardiac care [90]. This time-frame ensures the relevance and applicability of the data
to real-world clinical scenarios. Patients with a history of significant cardiac interventions or
conditions that could confound RV measurements were excluded to maintain the data’s integrity.
Ethical approval for this study was obtained from both the Columbia University [rving Medical
Center Institutional Review Board and the Nottingham Trent University Ethics Committee,
underscoring our commitment to ethical research standards.

3.2.2 Image Acquisition

Imaging protocols for 2DE and CMR have been previously described [91]. In summary, 2DE was
performed according to the comprehensive protocol of the Columbia University Irving Medical
Center (CUIMC) Echocardiography Laboratory and the American Society of Echocardiography
recommendations [92] with a minimum of 22 anatomic views per study using commercially
available equipment (Philips Epic 7C, CVx and i33 ultrasound systems).

CMR acquisition was obtained using commercially available equipment (Signa 1.5 Tesla MRI
scanner, General Electric, Milwaukee, WI). Short-axis cine images were acquired using a SSFP
pulse sequence with the following typical parameters: Repetition time (TR) 3.0 ms, echo time
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(TE) 1.0 ms, flip angle of 60°, 16 views per segment, field of view 35 x 35 mm, acquisition matrix
256 x 256, slice thickness 8 mm with no gap, and receiver bandwidth 125 kHz.

3.2.3 Data Pre-processing and Annotation

The RV endocardial-myocardial interface was traced in ES and ED by a single cardiologist with
expertise in echocardiography. This process of planimetry was performed for eight standard-
ised RV views using commercially available software (Syngo Dynamics, Siemens): parasternal
long axis (PLAX), RV inflow (RVInflow), parasternal short axis at the level of the aortic valve
(PSAXAV), base (PSAXbase), mid (PSAXmid) and apex of the left ventricle (PSAXdistal),
standard four chamber (FourC) and subcostal four chamber (SubC). A focussed RV view was
used if the FourC had poor image quality. The software automatically calculated an area for each
ED and ES tracing. The cardiologist was blinded to the CMR results [90]. CMR analysis was
performed using commercially available software (cvi42 v5.11, Circle Cardiovascular Imaging,
Calgary, Canada) by experienced cardiovascular radiologists who were blinded to the 2DE re-
sults. Cine loops were used to select images in ED and ES. Four chamber cine images were used as
a reference to help define the atrioventricular valves and apical planes. Endocardial-myocardial
segmentation was performed by manual tracing of each ED and ES short-axis view and used
to calculate right ventricular end-diastolic volume (RVEDV), right ventricular end-systolic vol-
ume (RVESV) and right ventricular ejection fraction (RVEF). We applied gender-specific CMR,
cutoffs for RV dilatation and dysfunction as proposed by Petersen et al. [92] The eight area
measurements described above, along with the patient’s age, constituted the numerical input
variables for our model, while gender and cardiac phase information served as categorical input
variables. For each patient, the CMR-derived RVEDV and RVESV were recorded, resulting in
a total of 100 data points.

3.2.4 Intra- and Inter-observer Variability

The reliability of measurements of RV tracings from eight different 2D echocardiography views
in ED and ES were analysed for both intra- and interobserver agreement. Two additional sets
of measurements were performed for a random subset of 10 patients to allow two clinicians to
assess intra- and interobserver variability. We used the intraclass correlation coefficient (ICC)
to evaluate the intra- and inter-observer reliability of 2DE tracings using a 2-way fixed and a
2-way random effects model, respectively [91]. An absolute agreement criterion was applied
in both cases. ICC values of less than 0.5 indicated poor reliability, whereas values between
0.5—0.75,0.75—0.9 and above 0.9 indicated moderate, good and excellent reliability, respectively.

3.2.5 Baseline Characteristics

Table 3.1 summarises the study cohort’s baseline clinical, echocardiographic and CMR char-
acteristics. Patients had median age 51, interquartile range 32 — 62 and 42% were women.
Nineteen patients (38%) had a clinical history of heart failure and 6 (12%) had prior left sided
cardiac surgery. Seven patients (14%) had hypertrophic cardiomyopathy, and 6 (12%) had
simple congenital heart disease (atrial/ventricular septal defect, anomalous coronary artery, bi-
cuspid /unicuspid aortic valve). There were no significant differences in clinical characteristics
between the training (n = 40) and testing (n = 10) subsets (Table 3.1).

By 2DE, 28% of patients had left ventricular systolic dysfunction. RV dilatation and dys-
function were identified in 20% and 16% of patients, respectively, using 2DE. No patient had
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severe RV dilatation or dysfunction. The mean RV basal diameter was 3.8 £ 0.8 cm. Tricus-
pid annular plane systolic excursion (TAPSE) and maximum tissue Doppler velocity in systole
(RVS) were 18.8£5.6 mm and 11.8 £ 2.5 cm/s, respectively. The testing subset did not include
any patient with RV dilatation by 2DE, however this difference was not statistically significant
(p = .317).

The mean time interval between 2DE and CMR was 9.9 + 5.6 days (median six days, in-
terquartile range 2 — 20 days). By CMR, mean RVEDV and RVESV were 163 £+ 70 mL and
86 + 45 mL, respectively. Mean RVEF was 50 + 8%. Six patients (12%) had RV dilatation,
and 9 (18%) had RV dysfunction. According to the same cutoffs, there was no difference in RV
dilatation or dysfunction between the training and testing subsets (13% vs. 10% and 18% vs.
20%, respectively).
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Table 3.1: Baseline clinical and imaging characteristics (presented as mean+SD or frequency
(%)) of the right ventricular study.

Clinical Data All (n = 50) | Training (n = 40) Testlng (n = 10) | p-value
Female gender 21 (42) 16 (40) 5 (50) 567 90]
Age 47 £ 18 48 £ 18 46 £ 17 .698 [90]
Coronary artery disease 11 (22) 9 (23) 2 (20) .864 [90]
Diabetes 7 (14) 6 (15) 1 (10) 684 [90]
Paroxysmal atrial fibrillation 6 (12) 5 (13) 1 (10) .828 [90]
Hypertrophic cardiomyopathy 7 (14) 5 (13) 2 (20) 541 [90]
Simple congenital heart disease (12) 5 (13) 1 (10) .828 [90]
Heart failure 9 (38) 14 (38) 5 (50) 449 190]
Prior cardiac surgery (12) 5 (13) 1 (10) .828 [90]
Echocardiography

LV systolic dysfunction 750 [90]
Mild 3 (6) 2 (5) 1 (10) [90]
Moderate 8 (16) 6 (15) 2 (20) [90]
Severe 3 (6) 3 (8) 0 (0) [90]
RV basal diameter (cm) 3.8+ .8 39+ .7 3.8+.9 .698 [90]
(FourChamber)

RV dilatation 317 [90]
Mild 6 (12) 6 (15) 0 (0) [90]
Moderate 4 (8) 4 (10) 0 (0) [90]
RV dysfunction .843 [90]
Mild 7 (14) 5 (13) 2 (20) [90]
Moderate 1(2) 1(3) 0 (0) [90]
TAPSE (mm) 18.8 £ 5.6 18.6 £ 5.8 19.4 £5.3 .808 [90]
RVS (cm/s) 11.8 + 2.5 11.8 + 2.6 11.9 + 1.8 634 [90]
FAC (%) 46 £ 10 46 £ 10 44 £ 13 357 190]
TRE moderate or more 5 (10) 5 (13) 0 (0) 239 [90]
CMR

Time between TTE 9.9 5.6 10 £ 6 S+ 8 488 [90]
and CMR [days] 8

RVEDV (mL) 163 £ 70 164 £ 76 160 + 39 628 [90]
RVESV (mL) 86 £ 45 83 £ 45 79 £ 28 913 [90]
RVEF (%) 50 £ 8 50 £ 8 52 £ 8 913 [90]
RV dilatation* 6 (12) 5 (13) 1 (10) .828 [90]
RV dysfunction* 9 (18) 7 (18) 2 (20) .854 [90]

LV: Left Ventricular, RV: Right Ventricular, TAPSE: Tricuspid Annular Plane Systolic Excur-
sion, RVS: Peak Systolic Right Ventricular Tissue Doppler, FAC: Fractional Area Change, TRE:
Tricuspid Regurgitation, TTE: Transthoracic Echocardiography, CMR.: Cardiac Magnetic Res-
onance Imaging, RVEDV: Right Ventricular End-Diastolic Volume, RVESV: Right Ventricular
End-Systolic Volume, RVEF: Right Ventricular Ejection Fraction, * denotes that gender-specific

cutoffs were applied.

3.2.6 Machine Learning Methods

As mentioned above, the challenge in this study is to improve the reliability and accuracy of 2D
planimetry-based RV volume measurements. For that, we propose two ML regression methods.
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The first method is ensemble modelling-based, and the second method is transformer-based.
Henceforth, we will refer to them as Method I and Method II, respectively.

Method I: Ensemble Modelling-based Regression

Method I estimates not only RV volume values, but also the uncertainty level associated with
this estimation. In the sophisticated domain of probabilistic ML, a particularly challenging
task is estimating the conditional probability distribution P(y|x) for a specific target variable
y based on an input vector x. This estimation is not just about predicting an outcome but
understanding the uncertainty and confidence associated with the prediction. To address this,
we borrow the Instance-Based Uncertainty quantification for Gradient boosted regression trees
(IBUG) method [87], which combines instance-based learning [93] and supervised tree kernels
[94]. IBUG initiates point (RV volume) predictions provided by a GBRT.

Gradient Boosted Regression Trees

Suppose a dataset D = (x;,y;), where each instance comprises an input vector x; = (:L'g)?:l €
X C RP and a corresponding output y; € ¥ C R. In the realm of ML, specifically within the
context of ensemble learning, gradient-boosting stands out as a powerful algorithm for both re-
gression and classification tasks. Described extensively in [95], its fundamental principle revolves
around constructing a predictive model F': X — Y by iteratively enhancing the model through
stage-wise additive modelling while minimising a pre-defined empirical loss function L.

The mechanism of gradient-boosting commences with a base learner, symbolised as Fy(x),
and progresses through a series of iterative refinements. Each subsequent model, denoted as
Fyu(x) for the m!" iteration, is an augmentation of its predecessor F, 1(z), adjusted by a
scaled weak learner, v, hn, (x). This scaling factor, 7,,, known as the learning rate, controls the
contribution of each weak learner to the overall model.

In the specific case of GBRTS, the typical choice of loss function L is the mean squared
error (MSE), a standard metric in regression problems. The initial model parameter Fy(z) is set
as the mean of the outputs of the training outcomes, representing a rudimentary yet effective
starting point. As GBRTSs evolve, regression trees, highly regarded for their interpretability and
flexibility, are employed as weak learners. These trees are particularly adept at approximating
the residuals, i.e., the discrepancies between the observed and predicted values, at each iteration.

For a deeper understanding, let us delve into the process of selecting a decision tree at each
iteration m. The tree is chosen to approximate the residual, conceptualised as the negative
gradient of the loss function relative to the current model’s prediction,

= [

(3.1)
OF (;) ]p(z):le(x)

where 7, is the pseudo-residual for the ¢-th observation at the m!" iteration. The mathematical
formulation of this process involves solving

N

IfylihnZL(yi,Fm,l(xi) + yh(z;)) (3.2)
=1

where N is the size of the training dataset. Each decision tree in the ensemble contributes to

partitioning the feature space into distinct regions, termed leaves. These leaves, {r%}jj‘gBRT,
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where Mgpgr is the total number of trees, are the end products of recursive binary splitting,
a hallmark of decision trees. For every leaf in a tree, a parameter 6, is computed, often via
a Newton-Raphson method [96], considering the second derivative of the loss function. This
computation also incorporates a regularisation term lending stability to the model.

The model’s final output for a given input z: is an aggregate of the leaf values from all
trees through which x4 traverses. This aggregation, symbolised as F(x) = ), 17 hon (24e),
represents the cumulative wisdom of the ensemble, effectively harnessing the collective strength
of individual trees to produce a robust prediction.

Regularisation Techniques: To prevent overfitting, a GBRT includes several regularisation
techniques:

e Tree Constraints: Limiting the depth and size of the trees.

e Shrinkage: Multiplying the contribution of each tree by a learning rate typically less than
1.

e Stochastic Gradient Boosting: Using a random subset of the data to train each tree.

GBRT: Explainability: A benefit of using GBRTs is that it is straightforward to retrieve
feature importance scores that indicate how valuable each attribute was in constructing the
model. In this study, feature importance scores were calculated for all models using the 'Gain’
metric, which quantifies the relative contributions.

Instance-based Uncertainty Quantification

The GBRT predictions lack information about prediction uncertainty. IBUG extends these point
predictions to a probabilistic landscape by modelling the conditional mean of the forecast. This
task is achieved using the scalar output of GBRTs.

To further develop the model for a comprehensive output distribution, IBUG employs a
supervised tree kernel [94]. This kernel adeptly identifies training instances significantly similar
to a target instance (Figure 3.1). The affinity, or the degree of similarity, of a training example
x; to a target example x4 is quantified as:

MgBRT

A(miyzie) = Y U[Rm(2:) = Ren(ase)] (3.3)

m=1

where R, (x;) denotes the leaf within the m*" tree to which x; is allocated. This affinity measure-
ment (calculated by Algorithm 1) leverages the tree structure within the ensemble, assessing
how frequently the training and target instances align in their path through the decision-making
process.

Unlike other SOTA methods, IBUG provides a flexible model of conditional output dis-
tribution. The simplest model employs a normal distribution, using the GBRT’s output to
approximate the mean pp(g,.) = F (z¢e), while the variance U%(zte) is derived from the affinity
scores. A vital calibration step optimises the variance estimation:

a%(xte) — vfa?p(mte) +4y. (3.4)
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Figure 3.1: IBUG flow chart. For a target instance, IBUG collects the training instances at each
leaf it traverses, keeps the k most frequent samples, and then uses those instances to model the
output distribution.

This step is crucial for aligning the variance with the inherent uncertainty of the data, achieved
through tuning parameters vy and d; on a validation subset.

Beyond normal distributions, IBUG can adapt to various parametric or non-parametric dis-
tributions, enhancing its suitability to diverse datasets. This flexibility is demonstrated in the
following equation (Algorithm 2):

Dye = Dyist (A(k) | P (240)s U%(mte)) : (3.5)
The selection of k, the number of top affinity scores, is pivotal in shaping the accuracy of the
probabilistic predictions. This parameter is tuned using the negative log-likelihood (NLL) on
a validation subset Dy, C D. We employ a procedure (Algorithm 3) of [87] to expedite this
tuning process. This algorithm is designed to avoid the repetition of computationally intensive
affinity calculations, significantly enhancing the efficiency of the tuning process. The algorithm
also introduces parameter p, to account for instances with abnormally low variance, ensuring
the model’s performance robustness.

Method II: Feature Tokeniser Transformer-based Regression

Before we delve into the proposed Transformer-based model [97], for Method II, we will explore
a transformer’s basic components and principles.

Introduction to Vanilla Transformers: Transformers, introduced in 2017, represent a
paradigm shift in DL architectures, particularly in natural language processing (NLP) and
beyond [86]. Unlike their predecessors, which relied on recurrent neural networks or CNNs,
Transformers are based solely on attention mechanisms, enabling more efficient parallel process-
ing and better handling of sequence data.
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Algorithm 2 IBUG Probabilistic
Algorithm 1 IBUG Affinity Compu- Prediction

tation . Require: Input z € X, GBRT model
Require: Input instance z € X, F, k highest-affinity neighbors
GBRT model F. A®) | min. variance p,, variance
1: procedure calibration parameters v¢ and dy,
COM_?UTEAFFINITIES(% F) target distribution Dg;s.
2: A« 0 > Init. train affinities 1: procedure
3: for t =1..T do PROBPREDICT (x, F, A®)  p..~.,6., Dgist)
4: Get instance set I} for leaf | = 2 fipe) — F() > GBRT
Ry(x) > Visit each tree scalar output
5. forie€ Il do 3. 0-%7(:1:) «  max(c2(4®), p.)
: A A +1 > Incre- > Ensure 02 > 0
ment affinities 2 2
>Var. calibration. return

8: end forreturn A

Dgist (A(k) ‘:U’F(z) ) 0’%—1(1))

Algorithm 3 IBUG Accelerated Tuning of &
Require: Validation dataset Dy, € D, GBRT model F, list of candidates K .q,q4, target distri-
bution D, probabilistic scoring metric V', minimum variance p = le — 15.
1: procedure FastTuneK(Dya1, F, Keang, D, V, p2)
2: for (in,yj) € Dy, do
3: A < ComputeAffinities(z;, F') > Algorithm 1

4: A + Argsort A in descending order

5: for k € K.,nq do

6: A®) « Take first k training instances (A, k) >> Use same ordering for each k
7: ﬁ’;ﬂ  ProbPredict(z;, F, A(k), Pz, 1,0, Dgist) > Algorithm 2

8: S]'-C — V(yj, f)';]) >>Save validation score

9: end for

10: end for

11: k < Select best k from S
12: p < Select minimum o2 from Dy, return k,p

The Core Components of a Vanilla Transformer

Architecture Overview: Transformer comprises two primary parts: The encoder and
the decoder. Each part is constructed from layers that include multi-head attention mechanisms

and feed-forward NNs [86].

Multi-Head Attention Mechanism: At the heart of a Transformer lies the multi-head
attention mechanism. This mechanism allows the model to focus on different parts of the input
sequence simultaneously, facilitating the understanding of complex dependencies [98]. Unlike
traditional single-attention mechanisms, multi-head attention performs multiple parallel atten-
tion computations, enhancing the model’s ability to capture various aspects of the data.

Feed-Forward Neural Networks: Following the attention layers, Transformers employ
feed-forward NNs. These networks process the outputs of the attention layers independently for
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each position, adding another level of transformation to the data [98].

Proposed Neural Network Architecture

The proposed pipeline was inspired by [99]. It constitutes an adaptation of the Transformer
architecture to tabular (both categorical and numerical) data. Figure 3.2 portrays the inner
workings of the proposed pipeline. In brief, all categorical and numerical inputs are tokenised
and then forwarded to cascaded Transformer layers.

Feature-Tokeniser Token
Xreature Xinum) Winumy  Binum) (N
ESIED cat| -+ 1 cat token
Gender cat ® + | cat token
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Figure 3.2: The proposed DL model. X feqzyre is the input. Token (77) is the input embedding
produced by the Feature Tokeniser. Tp is the [CLS| token appended embedding matrix. V;
is the i** Transformer layer. T}, is the output product of the cascaded Transformers.

The Feature-Tokeniser module transforms inputs X feqsure to embeddings denoted by Token
(T € R™™). The embedding for a feature X f; is obtained by:

where B; is the it? feature bias, fi(num) 1s the element-wise multiplication of X f;(,,um) (numerical
features) with vector Wi(,,,m) € R™, whereas fj(cqr) is a lookup table with W;(cq € R%*W for
X fi(cat) (categorical features), where .S; is the number of categories for the ith categorical feature.
The whole process is described by:

Tz’(cat) = Bi(cat) + ezTWi(cat) € Rw? (3'8)
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TOken(T) = StaCk[Tl(cat)a T2(cat) ) Tl(num) ) T2(num)7 X T9(num)] € Rth7 (39>
where eiT is the one-hot vector for the corresponding categorical variable.

The embeddings T are transformed into a classification token in Transformer layers as de-
scribed in [100]. Then the [CLS| token is appended to T" and LT Transformer layers Vi, ..., Vir
are applied giving:

To = stack[[CLS|,T] T; = Vi(T;—1). (3.10)

Following [99], we have used the PreNorm variant for easier optimisation [101]. In addition, we
discarded the first normalisation from the first Transformer to achieve a good performance, as
stated previously. The final representation of the [CLS] token (also used for prediction) is:

Y,

ored = Linear(ReLU(LayerNorm(TéCLS] )))- (3.11)

3.2.7 AdaMax Optimisation

Adamax is a variant of the Adam algorithm, also introduced in [102], which uses the infinity
norm (max norm) instead of the second moment. This makes Adamax more robust to large
gradients and effective in certain situations where Adam might struggle.

Adamax updates the parameters using the following equations [102]:

my = P1-mu—1+ (1= 1) - (Vo (0i—1)) (3.12)
vy = max(B2 - vi—1, | VoS (0:-1)|>) (3.13)
0, = 0,1 — [ﬁ] : T—: (3.14)
where:
e t is the time step;

e 0, represents the model parameters at time x;

e Vy is the gradient at time step ¢;

e m; is the first moment estimate at time step t;

e v is the bias with infinity norm at time step ¢;

e (31 is the exponential decay rate for the first moment;

e (35 is the exponential decay rate for the infinity norm moment;

e VyJ(0;—1) is the gradient of the objective function with respect to the parameters, assigned
the parameter values at the previous time step;
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| is the learning rate with the bias-correction term for the first moment.

AdaMax provides a robust alternative to Adam, particularly in scenarios with large gradients.
It is effective in various ML applications where stability and convergence speed are crucial.
AdaMax is a generalisation of Adam from the ls norm to the I, norm.

3.2.8 Implementation and Training
Training Environment

The development and execution of our models were conducted leveraging a synergy of Cython
and Python, with PyTorch providing the robust framework necessary for our DL undertakings.
The computational experiments were performed on a computing system equipped with an Intel
Core™ i9-10900K Comet Lake processor. This advanced processor features 10 cores and 20
threads, capable of reaching a peak clock speed of 5.3 GHz, which is instrumental in expediting
the execution of computationally intensive tasks. Complementing this processing power, the
system boasts 128 GB of DDR4 RAM, operating at a frequency of 2.6 GHz, to ensure smooth
data handling and efficient model training processes. For graphical computations and parallel
processing tasks that are crucial in ML operations, an NVIDIA RTX A6000 graphics card with
48 GB of memory was utilised, underscoring the high-performance capability of our experimental
setup.

Dataset Split

We employed 5-fold cross-validation to generate five different 80/20 train/test folds. For each
fold, the 80% training set was randomly divided into a 60/20 train/validation set for hyperpa-
rameter tuning. After tuning the hyperparameters, the model was retrained using the complete
80% training set.

Method I: Implementation

Method I: Tuning Hyperparameters IBUG was applied to Extreme Gradient Boosting
(XGBoost) [103], Light Gradient-Boosting Machine (Light GBM) [104], and Categorical Boosting
(CatBoost) [105]. We tuned the hyperparameters using ranges as follows:

e k using values: (3, 5, 7, 9, 11, 15, 31, 61].

v and oy using values ranging from 1 x 1078 to 1 x 103 with additional multipliers
[1.0,2.5,5.0].

Number of trees, Mcprr, using values [10, 25, 50, 100, 250, 500, 1000, 2000] (early stopping
[106] was used for NGBoost).

Learning rate using values [0.01,0.1].

e Maximum number of leaves using values [15,31,61,91].

Minimum number of leaves using values [1, 20].
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e Maximum depth using values [2,3,5,7, —1] (indicating no limit).

e Adjusted the p, parameter based on the minimum variance obtained from the validation
set predictions.

Method I: Posterior Modelling To test IBUG’s flexibility in posterior modelling, we mod-
elled each probabilistic prediction using various distributions: normal, skew-normal, log normal,
Laplace, student t, logistic, Gumbel, Weibull, and kernel density estimation (KDE).

Method II: Implementation

Method II: Loss Function and Training Strategy We employed the mean squared error
(MSE) loss function to optimise our model. MSE is a common choice for regression tasks and
is well-suited for our volume prediction problem. We aimed to minimise the MSE between our
predicted volumes and the ground truth.

The training process spanned 500 epochs, with a batch size of 1. This approach allowed our
model to learn the features and relationships in the data iteratively. Throughout the training,
we continually monitored the validation performance to prevent overfitting.

Method II: Hyperparameters The efficacy of any deep learning model hinges on the se-
lection of appropriate hyperparameters. We meticulously fine-tuned our hyperparameters to
achieve optimal results. We tuned the hyperparameters between the boundaries as follows:

e Layers : [1-12].

e Feature embedding size : [4 - 1024].

e Residual dropout : [0.1 - 0.9].

e Attention dropout : [0.1 - 0.9].

e Feed forward network dropout : [0.1 - 0.9].

e Learning rate : [0.1 - le-6].

e Weight decay : [0 - 0.8].

e Optimiser : [SGD, Adam, Adamax, AdamW]|.

These hyperparameters were chosen with precision to strike a balance between model com-
plexity and training stability.

We aimed to create a robust and effective model for ED and ES volume prediction by
meticulously configuring our training process and optimising hyperparameters.

3.2.9 Model Evaluation and Statistical Analysis
Point Performance Evaluation Metrics

Root Mean Squared Error (RMSE) Root Mean Squared Error (RMSE) is a frequently
employed metric in the field of statistics and ML for quantifying the difference between values
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predicted by a model and the values actually observed. The efficacy of RMSE stems from its
capacity to measure the magnitude of error in prediction models on a scale that is commensurate
with the original data [107].

Given a series of n predictions, {g;}"" ;, and the corresponding observed values, {y;}!" ;, the
RMSE is calculated using the formula [108]:

1
— - N 0)2
RMSE = nsz yi)2. (3.15)

Squaring the errors before averaging them penalises larger errors, which means that RMSE is
particularly sensitive to outliers in the data set. The subsequent square root transformation
ensures that the units of RMSE are consistent with the units of the original measurements,
thereby facilitating an intuitive interpretation of the model’s performance.

RMSE serves as a standard gauge for the accuracy of predictive models. It is a crucial
component in the repertoire of tools for model evaluation, offering a clear indication of model
performance by assigning higher penalties to larger errors. This makes RMSE a robust measure
against variance in error size, promoting models that offer consistency in their predictive accuracy
[109].

As RMSE is a measure of prediction error, a model that predicts the observed values perfectly
would yield an RMSE of 0. Conversely, the greater the discrepancy between the predicted and
observed values, the higher the RMSE. Due to its ability to summarise the residuals’ dispersion
in a single measure, the RMSE is considered an essential metric in the domain of regression
analysis, pattern recognition, and forecast evaluation.

Mean Absolute Error (MAE) MAE is a robust measure used in statistics and ML to
quantify the accuracy of continuous variables. MAE provides an intuitive measure of average
error magnitude unlike other complex metrics. It is defined as the average of the absolute
differences between forecasted values and observed values [109, 110]. For a set of observations
y; and predictions ¢;, where ¢ = 1,2, ..., n, the MAE is computed as:

1 n
MAE = =" | — uil, 1
PR (3.16)

where |; — y;| denotes the absolute error between the forecasted and observed value for the i-th
pair. The appeal of MAE lies in its clear interpretability; the errors are scaled directly to the
measured quantity, enabling straightforward comparisons across different contexts and datasets.

One of the primary advantages of MAE is its resistance to the influence of outliers, making
it a reliable measure of central tendency in error distributions. It ensures that all individual
differences are weighted equally in the average, providing a measure of predictive accuracy less
sensitive to large deviations than RMSE [110].

MAE is particularly valuable in applications where the costs of positive and negative errors
are equivalent. It has been utilised in a myriad of fields, including meteorology, finance, and
health sciences, where accurate predictions are crucial for decision-making. Despite its sim-
plicity, MAE remains a fundamental yardstick for model assessment, enabling practitioners to
benchmark the performance of predictive algorithms effectively.
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Mean Absolute Percentage Error (MAPE) MAPE is a statistical metric commonly
utilised to gauge the performance of forecasting models. MAPE measures the size of the error
in percentage terms, offering a perspective on the accuracy of predictions relative to the actual
observed values. It is particularly favoured for its interpretability; the metric encapsulates the
average absolute percentage difference between each observed value y; and its corresponding
forecasted value g;, across all n data points [107, 111]. The formula for MAPE is given by:

Yi — Ui

Yi

100% )\ —
MAPE_< . )Z

i=1

, (3.17)

where the absolute value of the percentage error for each data point is aggregated and then aver-
aged. This percentage-based error measure is particularly useful when comparing the accuracy
of forecasting models across different data scales or when the focus is on relative rather than
absolute errors.

MAPE’s interpretability comes with a caveat: it can be disproportionately affected by low
values of y;, leading to undefined or infinite percentages if y; equals zero. Additionally, the
asymmetry in the penalty of overestimates versus underestimates can sometimes yield misleading
insights in scenarios where these differences are materially significant [112].

Despite these limitations, MAPE remains a staple in the pantheon of error metrics for fore-
casting due to its ease of understanding and implementation. It provides a quick, heuristic
measure of model accuracy in percentage terms, facilitating communication with stakeholders
who might be less familiar with more complex statistical measures.

R-squared (R?) The R-squared (R?) measure, often referred to as the coefficient of determi-
nation, is a statistical metric representing the proportion of variance in the dependent variable
that is predictable from the independent variables in a regression model. It gauges the strength
and effectiveness of the relationship between the model’s predictions and the actual data. R?
is expressed as a value between 0 and 1, where 1 indicates that the regression predictions per-
fectly fit the data, and 0 suggests no linear correlation between the predicted values and actual
observations [113].

The calculation of R? is as follows:

n 2
Y 1 iy (3.18)
>oici (Y — )2
where y; denotes the observed values, §j; represents the predicted values by the regression model,
and 7 is the mean of the observed data. The numerator captures the sum of squared residuals,
and the denominator quantifies the total variance in the observed data, implying that a higher
R? value signals a model with greater explanatory power.

It is crucial to interpret R? with caution. A high R? does not inherently imply a causative
relationship, nor does it guarantee that the model will perform well on unseen data. Furthermore,
R? alone cannot determine whether the coefficient estimates and predictions are biased, which
is why it should be used in conjunction with other statistics like the adjusted R?, RMSE, and
analysis of residual plots to validate a regression model’s accuracy and reliability [114].

In practice, R? is often used to compare the fit of different regression models, provided that
the models are nested or estimate the same outcome variable. Despite some criticism, it remains
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a widespread and informative metric in regression analysis, encapsulating the percentage of the
response variable variation that a linear model explains.

Pearson’s Correlation Coefficient Correlation is a statistical measure describing the extent
to which two or more variables fluctuate. A correlation coefficient quantifies the degree to which
a change in one variable is associated with a change in another. Pearson’s correlation coefficient
(denoted as ) is the most widely used among several types of correlation coefficients. It measures
the linear relationship between two continuous variables. It ranges from -1 to 1, where 1 indicates
a perfect positive linear relationship, -1 indicates a perfect negative linear relationship, and 0
signifies no linear relationship [115].

The formula for Pearson’s correlation coefficient is given by:

> i (ali — 21)(22; — 22)

;= : 3.19
Vi s — 712y S (22 — 72 o

where x1; and z2; are the individual sample points indexed with ¢, 21 and 22 are the mean values
of the respective sample sets. This coeflicient is sensitive only to a linear relationship between
two variables, which means it may underestimate the strength of non-linear relationships.

Spearman’s rank correlation coefficient and Kendall’s tau coefficient are non-parametric mea-
sures of statistical dependence. They are more suitable when the relationship between variables
is not linear or when the data do not meet the normality assumptions required by Pearson’s
correlation [116, 117].

It is crucial to interpret correlation coefficients within the context of the research study,
considering both the coefficient’s size and significance. Correlation does not imply causation;
a high correlation between two variables does not mean that one variable causes the change in
another. Other statistical techniques are required to establish causal relationships.

Bland-Altman Analysis Bland-Altman (BA) analysis [56], also known as a Tukey mean-
difference plot, is a statistical method used to visually assess the agreement between two mea-
surements of the same quantity. The method is beneficial when the two measurements are
obtained using different methods or instruments, and their agreement needs to be evaluated.

The BA plot shows the difference between the two measurements on the y-axis and the
average of the two measurements on the x-axis. The plot also includes three horizontal lines:
one representing the mean difference between the two measurements and the other representing
the limits of agreement, defined as the mean difference plus or minus two standard deviations
of the differences.

The BA analysis allows for the identification of systematic bias between the two methods
and the presence of any outliers or trends in the differences. It also provides a measure of the
overall variability of the differences.

The mathematics behind the BA analysis is straight-forward. Let the two measurements
be denoted as x4 and ypa, and let their mean difference be denoted as dp4. dpa can be
calculated as follows:

B 1 nBA
dry = —— dBa;, 3.20
BA= ; BA (3.20)
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where ng4 is the number of observations.

The limits of the agreement are given by:

dpa £ 1.9654, (3.21)

where s, is the standard deviation of the differences, which can be calculated as:

1 nNBA _
= | — dpa;, — d 2, 3.22
Sq — ;( BA; — dBA) (3.22)

Probabilistic Performance Evaluation Metrics

Continuous Ranked Probability Score (CRPS) CRPS is a measure [118] used to evaluate
the accuracy of probabilistic forecasts. It is particularly effective when the forecasts are expressed
as cumulative distribution functions (CDFs). The CRPS generalises the concept of the MAE
to probabilistic forecasts, effectively quantifying the difference between the forecasted CDF and
the empirical CDF of the observations. Mathematically, the CRPS is defined as:

o0

CRPS(Donps.) = [ (Fply) = 1y = 2)? dy, (3.23)

—0o0

where Fp is the CDF of the forecasted distribution Dogrpg, x is the observed value, and 1 is
the indicator function which is equal to 1 if y > x and 0 otherwise. The integral quantifies the
area between the forecast CDF and the step function representing the observation. A perfect
forecast would result in a CRPS of 0, indicating no difference between the forecasted and observed
distributions [118].

The CRPS is inherently a proper score, which implies that the expected score is minimised
when the forecast distribution corresponds to the true distribution of the outcomes. This charac-
teristic ensures that the CRPS encourages honest reporting of the forecast probabilities. More-
over, the CRPS is a strictly proper score, meaning it is minimised only by the true distribution.
Therefore, it is widely employed in the meteorological sciences and increasingly in other fields
requiring reliable probabilistic forecasts.

The implementation of CRPS is straightforward when the forecast distribution is expressed
parametrically, as integrals of standard distribution functions are typically available. Numerical
integration methods may be employed to evaluate the CRPS for non-parametric distributions.

In the context of ensemble forecasts, where a set of simulations represents the forecast dis-
tribution, the CRPS can be computed using the empirical CDF of the ensemble members. The
ensemble CRPS thus allows for a nuanced assessment of ensemble forecast performance, includ-
ing evaluating both the calibration and sharpness of the probabilistic forecasts.

The utility of CRPS in practical scenarios is further enhanced by its decomposability into
terms that measure different aspects of forecast quality, such as reliability, resolution, and un-
certainty. This decomposition allows researchers to diagnose specific areas where forecasts may
be improved, facilitating a more targeted approach to forecast enhancement.

Given its favourable properties and flexibility, the CRPS has emerged as a cornerstone for
verifying probabilistic forecasts, fostering advancements in forecast systems to cater for the
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inherent uncertainty in real-world scenarios.

Negative Log-Likelihood (NLL) NLL [119, 120] is a statistical measure that is widely
employed in the realms of statistical and ML models to assess the performance of a model in
terms of its ability to represent the data. The NLL function quantifies the disparity between
the predicted probability distribution by a model and the actual distribution of the data. It
is inherently a measure of loss, where lower values correspond to models with better predictive
accuracy.

For a given continuous probability model, the likelihood function £(#|X() measures the
probability of the observed data Xy under the parameter set 8. Consequently, the log-likelihood
is expressed as the logarithm of the likelihood function:

log L£(6]X0) = Zlog fpp(zil0), (3.24)
i=1

where fpp(x;|0) denotes the probability density or mass function for the i-th observation. Taking
the negative of the log-likelihood gives us the NLL:

NLL(O|X) = Zlogf z;16). (3.25)

Minimising the NLL corresponds to maximising the likelihood, a fundamental principle in sta-
tistical inference known as the Maximum Likelihood Estimation (MLE). The MLE seeks to
find the parameter values that make the observed data most probable, which is particularly
advantageous for its consistency and efficiency properties under mild regularity conditions [120].

The application of NLL is not confined to purely statistical models. In ML, particularly in
the training of neural networks, NLL serves as a loss function for classification and regression
tasks when the model outputs can be interpreted as probabilities. It is especially prevalent in
models where the outputs are probabilities, such as logistic regression for binary classification
or softmax for multi-class classification.

A distinct advantage of NLL is that it naturally penalises incorrect predictions with a high
degree of certainty, which aligns with the intuition that confident but incorrect predictions
should incur a larger penalty. This property encourages the model to be accurate and calibrated,
meaning that predicted probabilities should reflect true probabilities.

Regularisation terms are often added to the NLL to control for model complexity and prevent
overfitting. Such an approach ensures that the model fits the training data well and generalises
to new, unseen data. The versatility and theoretical soundness of the NLL make it a cornerstone
in developing probabilistic models, as it fosters the creation of both interpretable and robust
models.

Check Score The Check Score [119], also known in the literature as the tick score or threshold
Brier score, is a verification tool for probabilistic forecasts. This score is particularly useful
when assessing the accuracy of predictions for a specific event occurrence. The Check Score is
formulated as a generalisation of the Brier score. It focusses on a binary event with a threshold
value, thus allowing for the evaluation of forecasts against the actual outcome in a probabilistic
manner.
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Given a set of forecasts and corresponding observations, the Check Score can be expressed
mathematically for a forecast-observation pair (g;, 0;) as follows:

S(gi,0:) = 3.26
(9i, 0i) 2 if o; — 0. (3.26)

~ {u—%ﬂ if o = 1,
where g; is the forecast probability for the i-th instance, and o; is the binary observation indi-
cating the presence (1) or absence (0) of the event [121].

The Check Score is advantageous because it evaluates the calibration of forecast probabilities
and the resolution of the forecast system. It penalises both the lack of reliability in the forecast
probabilities and the sharpness of the forecasts, which refers to the concentration of forecast
probabilities away from the extremes.

Implementing the Check Score across a suite of forecasts provides a robust assessment of the
model’s performance. Moreover, it affords meaningful insights into the forecast system, which
can be instrumental in informing model improvements and guiding decision-making processes
where probabilistic forecasts play a pivotal role.

Interval Score NLL serves as a cornerstone for evaluating probabilistic models. However, it
solely focuses on point forecasts, neglecting the potential value of information regarding pre-
dictive uncertainty. To address this limitation, alternative scoring rules that incorporate point
predictions and the associated uncertainty quantification have been proposed. One such promi-
nent scoring rule is the Interval Score (IS) [122].

IS measures the average disagreement between the predicted probability distribution P and
the observed outcome y [123]. It is calculated as the integral of the absolute difference between
the predicted CDF P(x) and the indicator function 1(z > y) representing the true outcome:

o0

1S(B.y) = / 1P(z) — 1(z > y)|da. (3.27)
— o

In simpler terms, the IS penalises the model for both misplaced point predictions and overly

narrow or wide confidence intervals. A well-calibrated model with accurate uncertainty esti-

mates will achieve a lower IS than a model with poorly calibrated predictions or overly narrow

confidence intervals.

IS offers several advantages over NLL. Firstly, it incorporates uncertainty information, en-
couraging models to predict point values and quantify the associated confidence. Secondly, IS
is a proper scoring rule, implying that a model minimising IS on average recovers the actual
underlying distribution [123]. This property makes IS particularly appealing for tasks where
accurate probabilistic forecasts are crucial.

Here are some additional points to consider:

IS can be challenging to compute for complex probability distributions. However, efficient
numerical integration methods can alleviate this issue. IS is sensitive to outliers, potentially
leading to higher scores even for well-calibrated models with occasional extreme predictions. In
conclusion, IS is a valuable tool for evaluating probabilistic models, particularly when uncertainty
quantification is essential. By incorporating point predictions and uncertainty information, IS
offers a more holistic assessment of model performance than NLL.
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Statistical Comparison

Wilcoxon Signed-Rank Test The Wilcoxon signed-rank test is a non-parametric statistical
hypothesis test used when comparing two related samples or repeated measurements on a single
sample to assess whether their population mean ranks differ. It is an alternative to the paired
Student’s t-test when the population cannot be assumed to be normally distributed [57, 124].
The test is applicable in situations such as evaluating the effect of an intervention where the
measurements are taken before and after the intervention on the same subjects.

The test involves ranking the absolute differences between the pairs of samples without
considering the signs, then applying signs to the ranks based on the sign of the differences. The
sum of the positive ranks (W+) and the sum of the negative ranks (W-) are calculated, and the
test statistic is the smaller of these sums. The null hypothesis of the test, which suggests that
the median difference between the pairs is zero, is rejected if the calculated statistic is smaller
than the critical value from the Wilcoxon signed-rank test distribution for a given significance
level [125].

It is essential to note that the Wilcoxon signed-rank test assumes that the differences are
symmetrically distributed about the median and that the data are measured at least on an
ordinal scale. This test is highly useful in medical, psychological, and other scientific research
where the assumptions of parametric tests cannot be met, providing a powerful tool for statistical
inference in these domains.

F-test for Interclass Correlation Coefficient F-test for ICCs is a statistical test used to
evaluate the reliability of measurements or ratings within a class or group. ICC assesses the
degree of agreement or consistency among different raters or measurements and is particularly
useful in studies where measurements are made on the same subjects by different raters or under
different conditions. The test is based on an analysis of variance (ANOVA) framework and can
be used to determine if the variation between groups is significantly larger than the variation
within groups [126, 127].

ICC is calculated by comparing the variability of different ratings of the same subject to the
total variability across all ratings and subjects. F-test is then used to determine if the observed
ICC is significantly greater than zero, indicating that the measurements are not just random
but show a degree of consistency or agreement.

In practice, the F-test for ICC is applied in various fields such as psychology, education, and
medical research to ensure that the instruments or raters used in a study are reliable. The test
assumes that the data are normally distributed and that the subjects are randomly selected.
There are different forms of ICC depending on the study design and the assumptions about the
raters and subjects [128].

Evaluation Process

This section discusses the evaluation metrics used to assess both probabilistic and point perfor-
mance.

For point performance evaluation, of Method I, the following metrics were utilised: RMSE
[107, 108, 109], MAE [109, 110], MAPE [107, 111, 112], R? [113, 114] and correlation coefficient
[115, 116, 117]. To evaluate the probabilistic performance, of Method I, we employed the
following metrics, where lower values indicate better performance: CRPS [118], NLL [120], Check
Score [121] and IS [123]. We also compared the performance of Method I with three recent
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gradient-boosting algorithms that provide probabilistic predictions: Natural gradient boosting
(NGBoost) [106], probabilistic gradient boosting machines (PGBMs) [129] and CatBoost with
uncertainty (CBU) [130]. To facilitate a comprehensive understanding of our results, we provide
conditional output distributions and the respective confidence intervals (CIs) for two high- and
two low-accuracy (test set) predictions.

We assessed the relative importance of each of the eight 2DE RV views (features) for pre-
dicting RV volumes using gain metric-powered explainability analysis. In summary, we first
used GBRTs as ensemble models to predict RV volumes from the areas of the eight standardised
RV views [131]. Following that, we calculated the relative feature importance (RFI) of each
view feature to the RV volume. We did not distinguish between RVEDV and RVESV when
determining the RFI of RV views.

The evaluation metrics used to assess only point performance for Method II were RMSE
[107, 108, 109], MAE [109, 110], MAPE [107, 111, 112], and R? [113, 114]. These point perfor-
mance metrics provide insights into the accuracy of our predictions and their alignment with the
reference (CMR) values. In addition to evaluating Method II, we also compared it with other
SOTA methods for tabular data. These methods included both shallow tree-based ensemble
models such as XGBoost [103] and CatBoost [105], as well as attention-based deep architec-
tures like the Tab-Transformer [132]. All SOTA methods were implemented using recommended
hyperparameter values from [99]. The Wilcoxon signed-rank test [57, 124, 125] was used to eval-
uate the statistical differences between the proposed and SOTA methods. Apart from volume
prediction, we extended our evaluation to include RV ejection fraction (RVEF) values. RVEF is
a critical clinical metric used to describe the percentage of blood leaving the right ventricle with
each contraction. We visualised and compared the predicted volumes and calculated EF values
against the reference (CMR) values for Method IT and the other SOTA methods to provide a
holistic view of the results. These visualisations offer valuable insights into the performance and
alignment of our approach with established methods. The training and evaluation phases were
conducted across various combinations of the eight available RV views, guided by insights from
the ML model explainability analysis. Our objective was to pinpoint a set of up to three RV
views that would sustain high diagnostic accuracy. This specific limit was imposed to enhance
the clinical feasibility of the approach. Sensitivity analysis was undertaken for combinations en-
compassing two to four views, aiming to identify the most informative set that supports accurate
RV volume and function estimation.

3.3 Results

3.3.1 Variability Analysis of 2DE RV Planimetry

Measurements of areas from tracings of all available RV views were assessed for variability in
both ED and ES. Results are shown in Tables 3.2, 3.3 for intraobserver and Tables 3.4, 3.5 for
interobserver [91]. We found poor reliability of the planimetered areas for the SubC view in both
ED and ES and poor to moderate reliability for the PSAXmid and PSAXdistal views in both
ED and ES. However, tracings from all other views showed good (ICC=0.75-0.90) to excellent
(ICC>0.90) intra- and interobserver variability.
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Table 3.2: Results for intraobserver variability in end-diastole. Intraclass correlation coefficients
for intraobserver reliability of measured RV tracings. Based on a 2-way fixed effects model and
absolute agreement.

RV tracing | Type Intraclass 95% Confidence F-test with
Correlation Interval true value 0
Coefficient | Lower Bound | Upper Bound | Value | p-value
PLAX Single 0.891 0.452 0.975 27.59 | <0.001
Average 0.798 0.247 0.949
RVInflow Single 0.679 0.041 0.915 8.68 0.002
Average 0.809 0.043 0.955
PSAXAV Single 0.851 -0.032 0.972 43.99 | <0.001
Average 0.920 -0.065 0.985
PSAXbase Single 0.760 -0.069 0.952 32.40 | <0.001
Average 0.863 -0.148 0.975
PSAXmid Single 0.455 -0.139 0.824 2.79 0.071
Average 0.625 -0.323 0.903
PSAXdistal | Single 0.570 0.021 0.868 4.27 0.021
Average 0.726 0.040 0.929
FourC Single 0.720 0.076 0.937 16.59 | <0.001
Average 0.837 -0.164 0.967
SubC Single 0.362 -0.378 0.798 2.03 0.154
Average 0.532 -1.218 0.888

PLAX: Parasternal Long Axis, RVInflow: Right Ventricular Inflow, PSAXAV: Parasternal Short
Axis at the Level of the Aortic Valve, PSAXbase: Parasternal Short Axis at the Base of the Left
Ventricle, PSAXmid: Parasternal Short Axis at the Mid Left Ventricle, PSAXdistal: Parasternal
Short Axis at the Apex of the Left Ventricle, FourC: Standard Four Chamber, SubC: Subcostal
Four Chamber, RV: Right Ventricular.
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Table 3.3: Results for intraobserver variability for end-systole. The F-test intraclass correlation
coefficients, and 95% ClIs for intraobserver reliability of measured RV tracings. Based on a 2-way
fixed effects model and absolute agreement.

RV tracing | Type Intraclass 95% Confidence F-test with
Correlation Interval true value 0
Coefficient | Lower Bound | Upper Bound | Value | p-value
PLAX Single 0.882 0.230 0.975 32.68 | <0.001
Average 0.937 0.374 0.987
RVinflow Single 0.831 0.257 0.960 17.94 | <0.001
Average 0.907 0.409 0.979
PSAXAV Single 0.860 -0.015 0.973 44.76 | <0.001
Average 0.925 -0.031 0.986
PSAXbase Single 0.658 -0.088 0.922 17.32 | <0.001
Average 0.794 -0.195 0.960
PSAXmid Single 0.561 -0.048 0.870 5.45 0.009
Average 0.719 -0.102 0.937
PSAXdistal | Single 0.407 -0.162 0.800 2.58 0.087
Average 0.578 -0.388 0.889
FourC Single 0.682 -0.064 0.922 11.52 0.001
Average 0.811 -0.138 0.959
SubC Single 0.454 -0.262 0.833 2.50 0.094
Average 0.624 -0.712 0.909

PLAX: Parasternal Long Axis, RVInflow: Right Ventricular Inflow, PSAXAV: Parasternal Short
Axis at the Level of the Aortic Valve, PSAXbase: Parasternal Short Axis at the Base of the Left
Ventricle, PSAXmid: Parasternal Short Axis at the Mid Left Ventricle, PSAXdistal: Parasternal
Short Axis at the Apex of the Left Ventricle, FourC: Standard Four Chamber, SubC: Subcostal
Four Chamber, RV: Right Ventricular, CI: Confidence Interval.
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Table 3.4: Results for interobserver variability for end-diastole. The F-test intraclass correlation
coefficients, and 95% ClIs for interobserver reliability of measured RV tracings. Based on a 2-way
random effects model and absolute agreement.

RV tracing | Type Intraclass 95% Confidence F-test with
Correlation Interval true value 0
Coefficient | Lower Bound | Upper Bound | Value | p-value
PLAX Single 0.975 0.909 0.993 77.57 | <0.001
Average 0.987 0.952 0.997
RVinflow Single 0.937 0.782 0.983 32.45 | <0.001
Average 0.967 0.878 0.991
PSAXAV Single 0.936 0.781 0.983 31.11 | <0.001
Average 0.967 0.877 0.991
PSAXbase Single 0.862 0.473 0.965 18.32 | <0.001
Average 0.926 0.642 0.982
PSAXmid Single 0.648 0.040 0.901 4.33 0.020
Average 0.786 0.077 0.947
PSAXdistal | Single 0.944 0.781 0.986 42.15 | <0.001
Average 0.971 0.877 0.993
FourC Single 0.930 0.723 0.982 34.66 | <0.001
Average 0.964 0.839 0.991
SubC Single 0.282 -0.352 0.752 1.80 0.197
Average 0.440 -1.08 0.858

PLAX: Parasternal Long Axis, RVInflow: Right Ventricular Inflow, PSAXAV: Parasternal Short
Axis at the Level of the Aortic Valve, PSAXbase: Parasternal Short Axis at the Base of the Left
Ventricle, PSAXmid: Parasternal Short Axis at the Mid Left Ventricle, PSAXdistal: Parasternal
Short Axis at the Apex of the Left Ventricle, FourC: Standard Four Chamber, SubC: Subcostal
Four Chamber, RV: Right Ventricular, CI: Confidence Interval.
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Table 3.5: Results for interobserver variability for end-systole. Intraclass correlation coefficients
for interobserver reliability of measured RV tracings. Based on a 2-way random effects model
and absolute agreement.

RV tracing | Type Intraclass 95% Confidence F-test with
Correlation Interval true value 0
Coefficient | Lower Bound | Upper Bound | Value | p-value
PLAX Single 0.956 0.836 0.988 40.85 | <0.001
Average 0.977 0.910 0.994
RVinflow Single 0.931 0.750 0.982 25.78 | <0.001
Average 0.964 0.857 0.991
PSAXAV Single 0.926 0.732 0.981 30.37 | <0.001
Average 0.961 0.845 0.990
PSAXbase Single 0.916 0.285 0.983 51.47 | <0.001
Average 0.956 0.443 0.991
PSAXmid Single 0.836 0.470 0.956 10.30 0.001
Average 0.911 0.639 0.977
PSAXdistal | Single 0.974 0.906 0.993 82.21 | <0.001
Average 0.987 0.951 0.996
FourC Single 0.913 0.709 0.977 22.46 | <0.001
Average 0.954 0.829 0.988
SubC Single 0.368 -0.334 0.797 2.09 0.144
Average 0.538 -1.004 0.887

PLAX: Parasternal Long Axis, RVInflow: Right Ventricular Inflow, PSAXAV: Parasternal Short
Axis at the Level of the Aortic Valve, PSAXbase: Parasternal Short Axis at the Base of the Left
Ventricle, PSAXmid: Parasternal Short Axis at the Mid Left Ventricle, PSAXdistal: Parasternal
Short Axis at the Apex of the Left Ventricle, FourC: Standard Four Chamber, SubC: Subcostal
Four Chamber, RV: Right Ventricular.

3.3.2 Method I: Results
Accuracy

The final set of hyperparameters for each method and the corresponding tuning and training
times are listed in Table 3.6. In Table 3.7, the point performances of Method I (with CatBoost
as the base learner) and three SOTA probabilistic prediction methods are provided. Overall,
Method I displayed the best performance. Table 3.8 compares the probabilistic performance of
all methods. Method I (with CatBoost as the base learner) provided the lowest average scores
in all CRPS, NLL, Check Score and Interval Score indices. Table 3.9 shows the importance of
variance calibration in the probabilistic performance of Method I. Table 3.10 demonstrates that
the logistic (parametric) distribution better fits the underlying data than assuming normality.

We also illustrate the conditional output distributions for four representative test cases (two
that were predicted with high accuracy and two that were predicted with low accuracy when
normal (Figures 3.3 and 3.4) and logistic (Figures 3.5 and 3.6) probabilistic density functions
were used for modelling, respectively. Table 3.11 lists the above cases’ 95% and 99% CIs. These
results showcase the appropriateness of the proposed framework for providing uncertainty scores
for RV volume predictions.

o8



Importance of 2DE views for RV volume prediction

The outcomes of the "Gain" explainability analysis are illustrated in Figure 3.7. The analysis
identified that the three paramount views, as determined by their Relative Feature Importance
(RFI), were the orthogonal views: PLAX, with an RFT of 0.215; FourC, with an RFI of 0.132;
and PSAXbase, with an RFI of 0.127. The fourth significant view was identified as RVInflow,
exhibiting an RFI of 0.105. Notably, age and gender were observed to be the least influential
factors, with RFIs of 0.042 and 0.030, respectively, in predicting RV volumes.

Table 3.6: The final set of hyperparameters used for each method. The tuning and training
times are also shown. Method I was applied to CatBoost, XGBoost, and Light GBM.

Parameter CatBoost | XGBoost | LightGBM | NGBoost | PGBM | CBU
k 5 15 3 - - -
dy 1 0.5 0.5 5 10 1
Operation add mult mult add add add
Minimum scale 6.164 13.826 2.055 - - -
Estimators (trees) 100 25 25 244 250 250
Maximum depth 5 2 -1 - - -
Learning rate 0.1 0.1 0.1 0.01 0.01 0.1
Minimum data in leaf 1 - - - 20 1
Minimum child weight - 20 20 - - -
Number of leaves - - 15 - 15 15
Maximum bin 255 255 255 255 255 255
Tune-+train time (s) 67.369 19.932 14.260 5.370 872.663 | 81.929

CatBoost: Categorical Boosting, XGBoost: Extreme Gradient Boosting, Light GBM: Light Gra-
dient Boosting, NGBoost: Natural Gradient Boosting, PGBM: Probabilistic Gradient Boosting
Machine, CBU: Categorical Boosting with Uncertainty.

Table 3.7: Point performance comparison on the test set (five folds). Method I results are for
the case when CatBoost was the base learner. Boldface indicates the best performance.

Method MAE | RMSE | MAPE R2 Correlation
Method I | 22.75 | 26.292 | 20.22 | 0.666 0.824
NGBoost | 28.114 | 32.269 | 24.406 | 0.496 0.736
PGBM 27.479 | 31.27 | 25.147 | 0.527 0.768
CBU 26.378 | 30.127 | 22.974 | 0.561 0.772

NGBoost: Natural Gradient Boosting, PGBM: Probabilistic Gradient Boosting Machine, CBU:
Categorical Boosting with Uncertainty, MAE: Mean Absolute Error, RMSE: Root Mean Squared
Error, MAPE: Mean Absolute Percentage Error.
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Table 3.8: Probabilistic performance comparison on the test set (five folds). Method I results
are for the case when CatBoost was the base learner. Method I results have been averaged
over all nine posterior output distributions. Boldface indicates the best performance.

Method NLL CRPS | Check Score IS
Method I | 4.747 | 15.398 7.775 73.380
NGBoost | 7.571 | 22.174 11.177 141.618
PGBM 6.136 | 20.796 10.492 122.401
CBU 5.780 | 19.524 9.853 110.140

NGBoost: Natural Gradient Boosting, PGBM: Probabilistic Gradient Boosting Machine, CBU:
Categorical Boosting with Uncertainty, NLL: Negative Log-Likelihood, CRPS: Continuous
Ranked Probability Score, IS: Interval Score.

Table 3.9: Probabilistic performance comparison of Method I with and without variance cal-
ibration. Method I results are for the case when CatBoost was the base learner. Boldface
indicates the best performance.

Operation NLL | CRPS | Check Score IS
With Calibration | 4.747 | 15.398 7.775 73.38
Without Calibration | 4.781 | 15.457 7.805 74.044

NLL: Negative Log-Likelihood, CRPS: Continuous Ranked Probability Score, IS: Interval Score.

Table 3.10: Probabilistic performance comparison when assuming normal and logistic distribu-
tions for modelling the underlying data. Boldface indicates the best performance.

Distribution NLL
Normal 5.10466
Logistic 5.00837
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Figure 3.3: The conditional output normal distributions for two test instances that were pre-
dicted with high accuracy.
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Figure 3.4: The conditional output normal distributions for two test instances that were pre-
dicted with low accuracy.
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Figure 3.5: The conditional output logistic distributions for two test instances that were pre-
dicted with high accuracy.
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Figure 3.6: The conditional output logistic distributions for two test instances that were pre-
dicted with low accuracy.
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Table 3.11: The 95% and 99% Confidence Intervals (Cls) for both normal and logistic distri-
butions for four representative test set cases, two that were predicted with high accuracy (low
APE) and two that were predicted with low accuracy (high APE).

Prediction | APE (%) | Point Prediction | Normal Distribution | Logistic Distribution
Accuracy 95% CI | 99% CI | 95% CI | 99% CI
3.090 103.090 35.979 47.286 30.196 42.697
High
0.508 87.553 46.739 61.428 39.227 55.466
10.169 163.492 91.932 120.825 77.157 109.099
Low
10.119 61.119 83.650 109.939 70.206 99.270

APE: Absolute Percentage Error, CI: Confidence Interval.
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Figure 3.7: Feature importance plot for the Method I with CatBoost as the base learner.
PLAX: Parasternal Long Axis, RVInflow: Right Ventricular Inflow, PSAXAV: Parasternal Short
Axis at the Level of the Aortic Valve, PSAXbase: Parasternal Short Axis at the Base of the Left
Ventricle, PSAXmid: Parasternal Short Axis at the Mid Left Ventricle, PSAXdistal: Parasternal
Short Axis at the Apex of the Left Ventricle, FourC: Standard Four Chamber, SubC: Subcostal
Four Chamber.
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3.3.3 Method II: Results
Final hyperparameters

The final hyperparameters of the proposed DL model are shown in Table 3.12 and are compared
to the respective values from the initial study that inspired our design.

Table 3.12: The final hyperparameter values employed in Method II.

Parameter Method II | Recommended by [99]
# of layers 3 6
Feature embedding size 16 512
Residual dropout 0.3 0.2
Attention dropout 0.3 0.5
Feed forward network dropout 0.3 0.5
Feed forward network factor 4/3 4/3
Learning rate 0.01 LogUniform [3e-5,3e-4]
Weight decay 0 LogUniform [3e-6,3e-3|
Optimiser Adamax AdamW

Accuracy

The proposed Method II for RV volume prediction achieved good accuracy (Table 3.13, Figure
3.8) with R? = 0.975 and APE = 5.46% +4.87%. It also outperformed SOTA ML algorithms for
tabular data, namely XGBoost (R? = 0.600, APE = 15.90% + 18.62%), CatBoost (R* = 0.797
APE= 15.13% £ 10.81%) and Tab-Transformer (R? = 0.784, APE = 21.05% 4 16.74%). Similar
accuracy was achieved (Table 3.14, Figure 3.9) for RVEF with APE = 5.80% + 3.91%. Bland-
Altman analysis, presented as mean bias £95% limits of agreement, also revealed good agreement
between CMR and the proposed method for RVEDV (1.27 £ 23.35 mL) and RVESV (—-2.61 +
19.63 mL), and RVEF(—1.97% + 7.04% ) (Figure 3.10).

Using CMR-derived RV volumes and RVEF, one patient had RV dilatation, and three had
RV dysfunction in the testing dataset (n = 10). Of note, qualitative 2DE analysis did not show
any patient with RV dilatation in the testing dataset. Two patients with RV dysfunction were
detected of whom none had RV dysfunction by CMR. Therefore, there was no correlation at all
between qualitative 2DE analysis and CMR (0% accuracy for both dilatation and dysfunction).
Method II correctly classified one patient with RV dilatation and did not detect any other
patients with RV dilatation (100% diagnostic accuracy). Method II correctly identified the
three patients with RV dysfunction by CMR (100% sensitivity) and additionally detected a
4™ patient that did not have RV dysfunction by CMR (75% specificity), yielding a diagnostic
accuracy of 90%.

Verifying Importance of 2DE views for RV volume prediction

In Table 3.15, we display the performance metrics of Method II under conditions of varying
the number of input views. These specific views were selected following guidance from the
feature importance depicted in Figure 3.7. A discernible trend emerges from this analysis: a
positive correlation exists between the model’s accuracy and the number of views incorporated.
Increasing the number of views entered results in increased accuracy.
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Moreover, the rigorous statistical examination conducted via the Wilcoxon signed-rank test,
as detailed in Table 3.16, further substantiates the impact of view selection on prediction ac-
curacy. Remarkably, the reduction of views from eight to four (PLAX, FourC, PSAXbase and
RVInflow) does not significantly impair the model’s performance, suggesting that the proposed
model retains its predictive robustness over a moderately reduced view spectrum.

However, the scenario alters markedly when the number of views diminishes to less than four.
This transition is characterised by a substantial decrement in model accuracy, highlighting a
critical inflexion point in the relationship between view availability and model performance. Such
a decline in accuracy with reduced views underscores the indispensability of a comprehensive
feature set for maintaining the integrity of the model’s predictive capability.

These findings collectively advocate for a strategic approach in selecting 2DE views for the
proposed model training, emphasising the balance between proposed model simplicity and the
retention of essential predictive features. The evidence points to the potential of reducing the
of clinicians by 50% by using four 2DE views, thus enhancing the clinical feasibility.

Table 3.13: Quantitative comparison of the predicted RV volumes between Method II and
other SOTA ML methods. Boldface indicates best performance. p-values were obtained from
the Wilcoxon signed-rank test (o = .05).

APE (%)
mean (£SD)
Method 11 0.975 5.46 (+4.87) -
TabTransformer 0.784 21.05 (£16.74) | 2.1 x1075
CatBoost 0.797 | 15.13 (£10.81) | 6.3 x1076
XGBoost 0.600 | 15.90 (£18.62) | 7.3 x107©
APE: Absolute Percentage Error, SD: Standard Deviation, TabTransformer: Tabular Trans-
former, CatBoost: Categorical Boosting, XGBoost: Extreme Gradient Boosting, RV: Right
Ventricular, ML: Machine Learning, SOTA: State-Of-The-Art.

Method R? Score

p-value

Table 3.14: Quantitative comparison of the calculated RV ejection fraction between Method
IT and other SOTA ML methods. Boldface indicates best performance. p-values were obtained
from the Wilcoxon signed-rank test (o = .05).

Method APHI?;;] I?XESI;) g %) p-value
Method 1T 5.80 (+ 3.91) :
TabTransformer 11.29 (£ 6.11) 0.004
CatBoost 13.48 (£ 5.31) | 0.048
XGBoost 21.93 (% 20.63) 0.013

APE: Absolute Percentage FError, RVEF: Right Ventricular Ejection Fraction, SD: Standard
Deviation, TabTransformer: Tabular Transformer, CatBoost: Categorical Boosting, XGBoost:
Extreme Gradient Boosting; RV, Right Ventricular; ML, Machine Learning; SOTA, State-Of-
The-Art.
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Table 3.15: Summary of Method II performance using eight, four or fewer 2DE views as model

inputs.
View 1 View 2 View 3 View 4 R? Score | APE SD MSE SD
FourC PLAX 0.946 10.293 | 16.072 | 266.061 | 16.311
FourC | PSAXbase 0.565 18.395 | 42.144 | 2147.621 | 46.342
FourC | RVInflow 0.578 20.345 | 39.612 | 2080.598 | 45.614
FourC | PSAXbase | RVInflow 0.478 22.669 | 40.099 | 2573.024 | 50.725
FourC PLAX RVInflow 0.836 15.701 | 23.267 | 806.538 | 28.400
FourC PLAX PSAXbase 0.964 8.091 | 12.068 | 177.252 | 13.314
FourC PLAX PSAXbase | PSAXAV 0.938 10.137 | 17.544 | 307.793 | 17.544
FourC PLAX PSAXbase | RVInflow 0.973 4.907 | 11.330 | 131.528 | 11.469
8 Views 0.975 5.460 | 4.870 71.860 8.477

FourC: Four Chamber, PLAX: Parasternal Long Axis, PSAXbase: Parasternal Short Axis at the
Base of the Left Ventricle, RVInflow: Right Ventricular Inflow, 2DE: Two-Dimensional Echocar-
diography, APE: Absolute Percentage Error, SD: Standard Deviation, MSE: Mean Squared

Error.

Table 3.16: Wilcoxon signed-rank test (p-values) for subsample comparisons.

Subsamples (Volumes)

Wilcoxon signed-rank test (p-values)

3 Views Vs 2 Views
3 Views Vs 4 Views
3 Views Vs 8 Views

4 Views Vs 4 Views(RV _Inflow Vs PSAX AV)

8 Views Vs 4 Views

0.068010725
5.97 x 1079
7.62 x 107
3.83 x 108
0.481479371
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Figure 3.8: Predicted RVEDV and RVESV vs. ground truth (CMR) using the proposed Method
II. CMR: Cardiac Magnetic Resonance Imaging, RVEDV: Right Ventricular End-Diastolic Vol-

ume, RVESV: Right Ventricular End-Systolic Volume.
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Figure 3.9: Predicted RVEF vs. ground truth (CMR) using the proposed Method II. CMR:
Cardiac Magnetic Resonance Imaging, RVEF: Right Ventricular Ejection Fraction.
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3.4 Discussion

This discussion summarises the findings from our investigation into the efficacy of ML and DL in
enhancing the precision of RV evaluation through non-invasive imaging techniques. This chapter
leveraged a novel application of multi-headed attention-based DL algorithms for the volumetric
and functional quantification of the RV from 2DE planimetry data, challenging conventional
approaches and offering new insights into the future of cardiovascular imaging.

3.4.1 Strengths of this Study

The primary strength of this study lies in the pioneering use of a non-geometric-based DL
method for the prediction of RV volumes and RVEF from planimetered 2DE views. This work
also questions the superiority of tree-based ensembles over DL for tabular data in the context
of cardiovascular imaging. The appropriateness of the proposed tree-based ensemble method
provides uncertainty scores for RV volume predictions to alleviate trustworthiness in artificial
intelligence and reduce the risks [133]. The methodological rigour, incorporating ML explainabil-
ity analysis and multi-head attention-based models, sets a new benchmark in the domain. The
adoption of the powerful Transformer architectures, traditionally reserved for NLP and computer
vision, into the analysis of tabular 2DE data underscores our innovative approach. Moreover,
the validation of our models against CMR, the gold standard for RV evaluation, highlights the
reliability and accuracy of our findings [133].

3.4.2 Main Findings

Our research demonstrates that accurate (R?=0.975) RV volume and function predictions can
be achieved with a reduced number of 2DE views, challenging the necessity for extensive and
time-consuming imaging protocols. The successful application of DL algorithms, devoid of geo-
metric assumptions, enables a closer approximation to CMR accuracy levels, thereby addressing
a significant limitation of current 2DE evaluation methods [134]. Importantly, our study reveals
that a four-view combination, while practical for clinical application, closely mirrors the predic-
tive accuracy of a eight-view approach, suggesting an optimal balance between efficiency and
diagnostic precision.

3.4.3 Clinical Implications

The implications of our findings are manifold. Firstly, the enhanced accuracy in RV evaluation
provided by our DL framework can significantly improve the diagnosis and treatment of RV
dysfunction, a condition with established morbidity and mortality implications. By offering a
non-invasive, accessible, and efficient alternative to CMR, our approach stands to democratise
high-quality RV assessment, extending its reach beyond specialised centres to routine clinical
practice. This democratisation is crucial, given the prevalence of RV dysfunction and the critical
role of timely and accurate diagnosis in patient management.

3.4.4 Resource Efficiency Considerations

The adoption of our DL-based method for RV evaluation promises not only clinical but also
operational benefits. By reducing the number of required 2DE views without compromising
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diagnostic accuracy, our approach enhances the resource efficiency of cardiac imaging. This
efficiency is not limited to time savings for healthcare professionals but extends to the potential
for reducing the financial burden associated with extensive imaging studies. Furthermore, by
serving as a gatekeeper for CMR, our method could optimise the utilisation of high-cost imaging
resources, ensuring they are reserved for cases where they add the most value.

3.4.5 Study Limitations

Despite its strengths, this study is not without limitations. The use of a relatively small and
select patient cohort may restrict the generalisability of our findings. Moreover, the exclusion of
patients with severe RV dysfunction or complex cardiac conditions from our analysis could limit
the applicability of our results to the broader population of patients with RV abnormalities. As
a result of a small-scale dataset, overfitting was observed in training Method I. The "gain"
explainability was taken from Method I and applied to Method 1I; they are not from the
same model. The ground truth (CMR) and the inputs (echocardiography) were not taken on
the same day. Future research should aim to validate our DL framework across diverse patient
populations, including those with significant RV dysfunction, to enhance its clinical relevance
and applicability.
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Chapter 4

Fast-tracking the Deep Residual
Network Training for Arrhythmia
Classification by Leveraging the Power
of Dynamical Systems

4.1 Introduction

4.1.1 Background

Many people have irregular heartbeats, which can be fatal in some cases [135]. According to
the World Heart Report 2023, CVDs (CVDs) continue to affect more than half a billion people
worldwide, accounting for 20.5 million deaths in 2021 [136]. This is close to a third of all
deaths globally and an overall increase in the estimated 121 million CVD deaths [136]. With
proper precautions, Up to 80% of premature heart attacks and strokes can be prevented [136].
As a result, arrhythmia classification by analysing the widely used electrocardiogram (ECG)
signals has received significant attention in recent years [137]. Manual heartbeat analysis is
labour-intensive and subject to human errors [138|. Furthermore, clinicians’ manual analysis of
ECGs can only include a finite number of predictors and cannot execute complex analyses [139],
necessitating the advent of automated approaches. Within this context, deep learning (DL)
architectures, particularly residual networks [140], have been successfully applied lately towards
detecting ECG signal anomalies [141].

4.1.2 The Challenge

Evidence in existing literature underscores the pivotal role of network depth in enhancing the
accuracy and capabilities of residual models [142]. However, the computational demands during
training accompanying an increased depth pose significant hurdles, limiting such models’ prac-
tical applicability. In this paper, in search of resource-economical development of systems for
machine learning-enabled arrhythmia detection, we propose to adjust the computation workload
dynamically during residual network training.
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4.1.3 Our Contribution

The contributions of this study are:

e We propose to initiate the training process with a shallow network, gradually increasing its
depth as training progresses. To this end, we leverage the dynamical systems perspective
of residual networks that conceptualises a network composed of Ly residual blocks as an
ordinary differential equation with Lry temporal intervals [143].

e Unlike other residual network training acceleration strategies, which are primarily heuristic
[144], the proposed approach is theoretically grounded.

e Our pipeline is evaluated on the large-scale freely-available PhysioNet’s Massachusetts
Institute of Technology-Beth Israel Hospital (MIT-BIH) arrhythmia dataset [145, 146].

e Drawing inspiration from some recent deep learning sound classification studies that pro-
vided more accurate results in noisy conditions [147], we use heartbeat spectrograms to
train deep residual networks. The spectrogram being an image itself means that it aligns
seamlessly with the input requisites of deep residual networks.

e Apart from training time reductions, we also gauge savings on energy consumption and
environmental costs by using the proposed pipeline.

4.2 Materials and Methods

4.2.1 Study Population and Dataset

This study utilises the PhysioNet MIT-BIH Arrhythmia ECG dataset [145, 146]. In our experi-
ments, we have used only the ECG lead II. The MIT-BIH dataset consists of 47 patients (109446
data points per example at sampling frequency 125 Hz).

4.2.2 Annotation and Pre-processing

The ECG signals are annotated into five classes by at least two cardiologists according to the
Association for the Advancement of Medical Instrumentation (AAMI) EC57 standard [148|.
Table 4.1 lists the AAMI EC57 annotation standards for the five categories. The predefined five
class dataset consists of 87554 ECG signals in the training set and 21892 ECG signals in test set.
We randomly chose 10% of the ECG signals from the training set as the validation set. Drawing
inspiration from recent DL sound classification studies that provided more accurate results in
noisy conditions [147], each heartbeat was converted to a spectogram which was then used to
train the deep residual network. A representative heartbeat and the generated spectrogram are
illustrated in Figure 4.1.
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Table 4.1: Summary of mappings between beat annotations and AAMI EC57 categories.

Category

Annotations

Nonectopic beat (N)

Normal
Left /Right bundle branch block
Atrial escape

Nodal escape

Supraventricular ectopic beat (S)

Atrial premature
Aberrant atrial premature
Nodal premature

Supra-ventricular premature

Ventricular ectopic beat (V)

Premature ventricular contraction

Ventricular escape

Fusion beat (F)

Fusion of ventricular and normal

Unknown beat (Q)

Paced
Fusion of paced and normal

Unclassifiable

AAMI:Association for the Advancement of Medical Instrumentation.
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Figure 4.1: Instance of an ECG signal and the generated spectrogram. The brighter the colour,
the higher the energy of the signal. ECG: Electrocardiogram, STFT:Short-Time Fourier Trans-
form.

4.2.3 Dynamical Systems Viewpoint

The forward propagation in a residual network block can be expressed as:
Zj+1 =zj+q5(z],w]), jzoala""LRNa (41)

where £ is the residual module, and Lgry is the number of layers. Here, ¢ > 0 is a sufficiently
small parameter that has been included without loss of generality. £ encompasses BN, ReLLU
activation, and convolutional layers. Eq. (4.1) can be rewritten as

W = 5(zj,wj), (4.2)

Eq. (4.2) can be seen as the forward Euler discretisation for the following initial value ordinary
differential equation (ODE).

2(t) = E(z(t),w(t)), =2(0) =z, for 0<t< Ty, (4.3)
where features z(t) and parameters w(t) are viewed in their continuous limit as functions of

time t € [0, Teyor], the evolution time Ty, corresponds to the network depth Lgy, 2z(0) is the
input feature map after the initial convolution, and z(7Teye) is the output feature map before the
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softmax classifier. Consequently, learning the model parameters w(t), is equivalent to solving
an optimal control problem involving the ODE in Eq. (4.3).

The theoretical analyses for the network growing dynamics and the feasibility of effective
residual network growing during training can be found in [149].

4.2.4 Automated Adaptive Training Algorithm

We briefly describe the adaptive training algorithm [149| that we borrowed. In this study, we
go further and test the algorithm’s validity in a different target research area, particularly in a
challenging cardiovascular healthcare task.

In each training epoch, the model parameters are updated as usual. Then, a growing sched-
uler determines if it is needed to increase the network depth. Given that the upper bound of
the temporal error is monotonously correlated with the maximum Lipschitz constant of E(Lgy),
then the growing scheduler is designed to make sure that the Lipschitz constant will not become
too large. Specifically, if it exceeds a predetermined risk tolerance 74, then the network growth
is triggered.

Given that a residual block comprises convolutional layers, ReLLU activation layers, and BN,
then the Lipschitz constant of the aggregate function is simply the product of the individual
Lipschitz constants of each component. The latter is suited for efficient calculations [150]. In
fact, it has been shown that this Lipschitz constant calculation imposes a negligible overhead
on the total training time [151].

To incorporate adaptive growing, the learning rate scheduler is designed such that, after each
growth, the cycle in a standard cosine learning rate scheduler is reset as

1

Tcur - Tgrow ))
= Dmin T 5 (Mmax — Ymin) | 1 +c08 | ——F7—7 , 4.4
! 1 2 (T] * ! ) < (Ttot - Tgrow ( )

where 7pin and Nmax represent the minimum and maximum learning rates, respectively. Tty
denotes the current epoch, Tiy is the total number of epochs, and Tgrow refers to the epoch at
the last growth occurrence. Initially, Tgrow = 0.

To ensure effective training, cloning initialisation is applied as a growth method. This method
simply clones the residual blocks from the nearest time points of the previous network to populate
the new network. This approach also ensures efficient continual optimisation after growth. An
implicit step size scaling is also implemented after growth to maintain a roughly constant sum of
residuals. The number of layers is doubled in each growth, whereas a certain number of epochs
is reserved exclusively for the training of the final model.

4.2.5 Experiments

We used residual networks with 50 and 74 blocks (ResNet-50 and ResNet-74) to train using
the proposed adaptive method. For a fair comparison, vanilla ResNet-50 and vanilla ResNet-74
(fixed models) were also trained. The training and testing mini-batch sizes were 128 and 100,
respectively. As with the proposed method, we utilised the SGD optimiser and Cross Entropy
Loss function. The learning rate was fixed at 0.1. For the optimiser, we chose the weight decay
and momentum constants to be equal to 0.0002 and 0.9, respectively. The growth risk tolerance
for the Lipschitz constant was (ry,; =) 1.4. Each network was grown two times, doubling the
depth each time. All networks were trained for 64 epochs (three runs), making sure to reserve
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for the proposed method at least 20 epochs to train the final model (after the second growth).
All experiments were carried out on a workstation with NVIDIA RTX A6000 48GB GPU and
Intel(R) Xeon(R) Gold 6230 CPU @ 2.10GHz CPU.

4.2.6 FEvaluation Metrics

To represent the actual training time, we depict the learning curves with respect to the wall clock
time (rather than the epoch number). For quantitative evaluation purposes, on top of validation
and test accuracy, we also employ the parameters per epoch (PPE) metric [149]. This measure
portrays the computational load (memory and processor that were utilised for training), yet it
is detached from hardware settings and its usage. Lastly, we present the total carbon dioxide
equivalent emissions (COzeq) (in g) and energy consumption (in kWh) for each model using the
Carbontracker method [63], which relies on the hardware type used. The mean and standard
deviation for the three training runs are provided for each quantitative measure.

4.3 Results

Figures 4.2 and 4.3 illustrate representative training and validation error rates (error against wall
clock time in minutes) for ResNet-74. By inspection, it is apparent that the proposed method
exhibits substantial training acceleration while achieving similar accuracy at the end.

Table 4.2 lists the validation and test accuracies achieved by the proposed (adaptive) and
the vanilla (fixed) training methods. The proposed method has slightly higher values for both
ResNet-50 and ResNet-74.

Table 4.3 outlines the COseq (in g), energy spent (in kWh) and PPE for the two training
methods. In regard to ResNet-74, the proposed method produced 44.45% less environmental
pollution, consumed 38.78% less energy, and required 45.21% less parameters to train when com-
pared to the vanilla method. Similarly, regarding ResNet-50, the proposed method emits 32.73%
less carbon emissions, is 24.57% more energy efficient, and requires 39.47% fewer parameters to
train compared with the vanilla method.

Table 4.2: Comparison of proposed and Vanilla training methods for ResNet-50 and ResNet-
74. Validation and test accuracies are presented as mean 4 standard deviation over the three
training runs. Boldface indicates best performance.

Method | ResNet | Validation Accuracy (%) | Test Accuracy (%)
Proposed 50 96.33 + 0.46 97.14 + 0.08
74 96.41 + 0.42 97.10 £0.05
Vanilla 50 96.19 4+ 0.44 97.09 4+ 0.03
74 96.38 + 0.51 96.93 £ 0.16

ResNet: Residual Network.
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Table 4.3: Comparison of proposed and Vanilla training methods for ResNet-50 and ResNet-74 in
terms of COqeq, energy consumption, and Parameters Per Epoch (PPE). Results are presented
as mean =+ standard deviation over the three training runs. Boldface indicates best performance.

Method | ResNet | COzeq (g) | Energy (kWh) | PPE (x10°)
Proposed 50 411.34 1.32 0.46 = 0.01
74 410.09 1.31 0.63 + 0.06
Vanilla 50 611.49 1.75 0.76
74 738.23 2.14 1.15

ResNet: Residual Network, COqeq: Carbon Dioxide Equivalent, PPE: Parameters Per Epoch.
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Figure 4.2: The training error over wall clock time comparison of the proposed and vanilla
training methods. Time is measured in minutes. Note that the curve of the proposed model
stops much earlier due to the shorter epoch durations at the beginning of the training process
following the significantly lesser number of parameters.
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Figure 4.3: The validation error over wall clock time comparison of the proposed and vanilla
training methods. Time is measured in minutes. Note that the curve of the proposed model
stops much earlier due to the shorter epoch durations at the beginning of the training process
following the significantly lesser number of parameters.

4.4 Discussion

4.4.1 Strengths of this Study

The study introduced an adaptive training methodology for ResNet architectures, marking a
significant leap forward in the realm of ML methodologies. This method’s unique ability to
expedite the training process while maintaining a high level of accuracy is a testament to its
robustness and effectiveness. This approach addresses some of the most pressing challenges in
the field, particularly those related to the computational demands associated with training deep
NNs. The proposed method’s innovative design and implementation strategies offer a promising
solution to these challenges.

4.4.2 Main Findings

The primary findings of this study underscore the success of the proposed method in achieving
accuracy levels that are comparable, if not superior, to those achieved by traditional, fixed-
depth training approaches. Furthermore, the method demonstrates significant improvements in
training speed, highlighting its potential to substantially enhance the efficiency of ML projects.
These findings suggest that the proposed method could be a valuable tool for researchers and
practitioners in the field of ML.
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4.4.3 Clinical Implications

While the study’s focus is primarily on technical and computational aspects, its implications
extend well beyond these areas into the clinical domain. By enabling faster and more accurate
model training, the proposed method has the potential to expedite the development of ML
models for clinical applications. This includes applications related to arrhythmia detection,
among others. The resulting models could provide more accurate and timely diagnostic tools,
ultimately leading to improvements in patient care and outcomes.

4.4.4 Resource Efficiency Considerations

One of the most notable aspects of the proposed method is its contribution to resource efficiency.
The method leads to significant reductions in COseq, energy consumption, and the number
of parameters, aligning with sustainable ML practices and addressing critical environmental
concerns. These benefits underscore the importance of developing more eco-friendly approaches
to ML. This is particularly relevant in light of the growing awareness of the environmental impact
of computing technologies and the urgent need for solutions that mitigate this impact.

4.4.5 Study Limitations

Despite promising results, it is essential to acknowledge this study’s limitations. While the
proposed method shows potential, further research is needed to explore its applicability across
different network architectures and datasets. Additionally, the study’s focus on ResNet models
means that the findings may not directly translate to other types of NNs or ML tasks. Future
work should aim to validate and extend these results, ensuring that the benefits of adaptive
training can be realised across a broader spectrum of applications.
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Chapter 5

Segmetron: Sample-efficient
Model-agnostic Cardiac Semantic
Segmentation with a Trustworthy
Reject Option via PQ) learning

5.1 Introduction

5.1.1 Background

Semantic segmentation is a central task in computer vision as it serves as the cornerstone of
downstream analysis in autonomous driving medical decision-making (diagnosis and treatment)
vision-enabled robots etc. Even though state-of-the-art (SOTA) deep learning (DL) semantic
segmentation models shine out within the data training distribution they completely flop outside
of it [152, 153]. The disparity between the distribution of the input samples used to train the
model and the input distribution encountered during testing/deployment also known as covariate
shift [154] is the rule (rather than the exception) in real-world scenarios and a cause of significant
performance degradation. The covariate shift is exacerbated in the medical imaging field due
to diverse imaging protocols patient population heterogeneity medical conditions prevalence
of noise and artifacts among other factors [155]. Automated failure detection techniques for
semantic segmentation whose results are rigorously guaranteed in the absence of labelled target
data are of paramount importance in delivering DL transformative technologies. Nevertheless
there is currently a lack of trust in pertinent techniques.

5.1.2 Related Work

A natural approach for detecting covariate shift in image classification has been to cast the
problem as a two-sample statistical hypothesis test. The first sample comprises the training
data, whereas the second sample is the latest deployment data. Then, the null hypothesis,
Ho, is that the samples were drawn from the same probability distribution, as opposed to the
alternative hypothesis H; that the two distributions are different.

A non-parametric deep kernel-based two-sample hypothesis test was proposed in [156]. The
test statistic was based on the maximum mean discrepancy (MMD), which measures the dif-
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ferences between the two kernel mean embeddings. The kernels were parameterised by deep
neural networks trained to optimise the test power, rendering this test particularly suited for
high-dimensional (such as image) data. The authors of [157] designated H-divergence as a test
statistic for two-sample tests. H-divergence is based on the generalised entropy defined by the
maximum log-likelihood of readily available deep generative models. It allows to take advantage
of inductive biases for each type of data, leading to improved test power. A baseline alternative
for detecting covariate shift is to perform a non-parametric Kolmogorov-Smirnoff (KS) test di-
rectly on the distribution of relative Mahalanobis distance (RMD) confidence scores obtained for
the two samples [158]. The RMD metric was initially introduced to improve out-of-distribution
(OOD) detection [158|. Lastly, another way to conduct a two-sample test for recognising covari-
ate shift is to use a classifier-based method. According to this approach, a binary classifier is
trained to differentiate between source and target samples, and the test statistic could be based
on the classifier’s accuracy in a held-out test sample [159].

All the above studies looked into domain shift complications suffered by DL classification
models. Covariate shift in the richer semantic segmentation is far less investigated [160]. Even
though semantic segmentation and classification are related tasks, task-specific studies are valu-
able given that learning algorithms may behave inconsistently across different tasks. The find-
ings obtained in classification studies might not be valid for semantic segmentation. As an
illustration, the calibration methods, that have been proposed in the literature to deal with the
overconfidence issue in DL classification models, behave differently in semantic segmentation
[160]. In addition, semantic segmentation is a task of increased complexity when compared
to classification, as the dense individual pixel predictions must ensure that they are spatially
consistent and that they pick up adjacent pixel relationships (local context) [161]. Moreover,
semantic segmentation models have to effectively deal with occlusions [161].

5.1.3 Our Contribution

In this study we make the following pivotal contributions:

e We develop a reliable, sample-efficient, distribution-free and model-agnostic hypothesis
test, named the Segmetron (Figure 5.1), to detect image-level covariate shift in semantic
segmentation. To assess an unlabelled target domain, Segmetron relies on an existing (but
random) pre-trained semantic segmentation model and the labelled samples (pixels) used
to train it. The test statistic of the one-sided hypothesis test is based on the rate of sample
disagreement of two ensemble models trained to disagree with the baseline segmenter on
unseen samples from the training and deployment sets, respectively.

e To obtain strong performance theoretical guarantees on unknown arbitrary test distribu-
tions, we build on recent work on the PQ learning setting of selective classification (SC)
and extend it to a different discriminative model (i.e. segmenters).

e To train the enforced disagreement segmenters (EDSs) of each ensemble model to learn the
same generalisation region as the pre-trained semantic segmentation model, we innovatively
propose loss functions (to agree) which are more apropos to the semantic segmentation
task and comply with the training of the baseline segmenter.

e We examine real-world covariate shifts that arise naturally (i.e. without human inter-
vention), as opposed to previous studies on semantic segmentation robustness which re-
lied on synthetic domain shifts, obtained by injecting noise/blur or crafting adversaries
[162, 163, 164]. In particular, we analyse two covariate shifts from the cardiovascular mag-
netic resonance imaging (CMR) field, concerned with both binary (aorta, background) and
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multi-class (left ventricle, right ventricle, myocardium, background) semantic segmentation
tasks, ensuring diversity of set-ups.

o We demonstrate that Segmetron outperforms other SOTA techniques in terms of statistical
power on the two semantic segmentation tasks, given access to only one image.

5.2 Materials and Methods

5.2.1 Covariate Shift

Let X and Y be the input and output (label) spaces respectively defining the semantic segmen-
tation task. Then, the input and output data are simply random variables. Labels are discrete
(C classes). Assume that the marginal distributions of X and Y in the training (source) and
testing (target) domains are denoted by Ps(X), Ps(Y), P(X), and P;(Y') respectively. Similarly,
the conditional distributions of the output variables given the input variables in the two domains
are denoted by P,(Y|X) and P;(Y'|X). Covariate shift refers to the situation where the marginal
distribution of the input variables varies across the source and target domains (Ps(X) # Pi(X))
whereas the conditional distribution of the output variables given the inputs remains unaltered
(Ps(Y|X) = P(Y]|X)) [165]. To put it simply this type of shift means that the input data
distribution is different between the source and target domains but the relationship between the
input and output variables is the same.

5.2.2 The PQ Learning Setting of Selective Classification

The goal of SC (a.k.a. classification with a reject option) is to learn a classifier model which
is allowed to abstain from making predictions when it’s not adequately confident [166]. Unlike
standard classifiers, which are forced to provide a prediction for every input, a selective classifier
can choose to not classify specific examples if it deems the predictions unreliable. This allows SC
models to achieve higher accuracy by reducing the number of misclassifications at the expense
of coverage (i.e. the fraction of inputs on which predictions are made).

The PQ learning setting of SC has permitted to obtain strong theoretical guarantees on
learning with arbitrary and potentially adversarial future test examples [166]. Their work rep-
resented a great leap forward, since the specific problem was considered intractable up until
then. The authors showed that both the finite-sample error on the random and unknown test
distribution () and the rejection rate on the training distribution P can jointly remain bounded
within an acceptable limit € with high probability 1-4.

Formally, in the PQ learning setting of SC, we are given: (i) a training set of n samples
(z1,22,...,Ty), drawn i.i.d. from P over the input space X, (ii) the labels (f(z1), f(x2),..., f(xy))
for some unknown target function f € F of Vapnik—Chervonenkis (VC) dimension d, (iii) an
unlabelled test set of n samples (&1, 42,...,4,) (i.id. from @), and (iv) the bound parameter
€, which also controls the trade-off between errors and rejections. The output is a selective clas-
sifer h|g, which is allowed to only predict on certain examples in a subset S C X, and otherwise
abstain from predicting (S is also an output). The theoretical bound is given by the below
definition [166].

Learner L (€,6,n)-PQ-learns a function class C if, for any distributions P and @ over the
input space X, and any target function f € C, the output h|g = L(P, f(P), Q) satisfies:

[Rejectp +Errg <€ >1—4,

T~ P" x ~Q
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where Reject p is the rejection rate of the classifier on the training distribution P, and Errg is the
error rate on the test distribution (). Learner L PQ-learns C' if it runs in non-exponential time
and there is a polynomial p such that E(E, 0,n) PQ-learns C' for every €,0 > 0,n > p(1/€,1/4).
A recent implementation of the PQ learning setting of SC is the Rejectron algorithm [166].
It is shown that Rejectron achieves an error bound of 6(\/%), for any class C' of functions
with a bounded VC dimension d, where the O notation hides logarithmic factors including the
dependence on the failure probability 9.

5.2.3 Problem Set-up: Semantic Segmentation with a Trustworthy Reject
Option

Let fg : X — Y be a semantic segmentation model from a function class F' that maps from space
X to a discrete set of classes Y = {1,...,C}. Suppose fp was trained on a dataset of labelled
pixel samples (z;,y;) for i = 1,...,n where each z; is drawn identically from a distribution P
over X. During testing/deployment, fpis asked to predict on new unlabelled samples from an
arbitrary distribution @ over X.

We define as “semantic segmentation with a trustworthy reject option” the problem of build-
ing an automated segmenter that abstains from predicting on those samples of ) for which
there is covariate shift and predicts otherwise. The goal is that the algorithm does so with
strong guarantees. Even though samples are individual pixels, the decision whether to predict
or not (or, equivalently, whether there is covariate shift or not) is taken at image-level.

5.2.4 Enforced Disagreement Segmenter

The EDS is a modification of the standard segmenter, designed to enhance the model’s sensitivity
to shifts in data distribution. Unlike typical segmenters that aim for accurate predictions across
all examples, an EDS is tailored to maximise disagreement on specific out-of-distribution data
while maintaining consistent predictions on in-distribution image-level data. This approach
leverages the inherent variability in the model’s response to different data distributions to detect
shifts.

An EDS is characterised by the following properties:
e Model Consistency: It belongs to the same model class as the base segmenter and is

trained using the same algorithm, ensuring that it does not deviate in fundamental learning
capabilities.

e In-Distribution Performance: It achieves similar performance on unseen samples that
follow the in-distribution, verifying that the model’s utility is retained for familiar data.

e Maximal Disagreement: On elements of a dataset QQ, representing a potential out-of-
distribution set, the EDS is trained to disagree maximally with the predictions of the base
segmenter, without compromising its performance on in-distribution data.

The operational mechanism of an EDS involves training the model to identify and emphasise
discrepancies between the predicted and actual semantic segmentations on new unseen datasets.
This is achieved by:

1. Training the base segmenter on a labelled dataset from distribution P.
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2. Developing the EDS by further training on a subset from distribution @, tweaking it to
maximise prediction disagreement specifically on () while ensuring it agrees with the base
segmenter’s predictions on P.

3. Applying early stopping in the EDS training, if validation performance drops by a certain
amount to avoid catastrophic overfitting in small sample regimes.

The primary utility of an EDS lies in its ability to act as a diagnostic tool for flagging
up shifts in data distribution that might affect the model’s performance, providing an early
warning system for potential degradation in model accuracy due to distribution changes. The
development of the EDS represents a strategic shift in handling data distribution changes in
semantic segmentation. By focusing on the disagreement in predictions between known and
new data distributions, EDS offers a robust mechanism for enhancing the reliability of deployed
semantic segmentation systems.

5.2.5 Learning to Agree and Disagree
Our goal is to agree on P. To this end, and unlike [167], we propose two loss functions that are
better suited for semantic segmentation tasks, namely the Focal Tversky loss and Dice loss.

The Focal Tversky loss [33] is an enhancement of the Tversky loss [55], aimed at addressing
class imbalances in image segmentation tasks. It is defined as:

Focal Tversky Loss = (1 — Tversky Loss)"#7 (5.1)

where vpr is a focusing parameter that controls the contribution of hard-to-segment pixels, and
the Tversky loss is given by:

N
Zi Poigoi
N N N
>_i Poigoi +arT Y poigii + BrT )i P1igoi

Tversky Loss = (5.2)

In this formula, pg; is the predicted probability that pixel ¢ belongs to the target class (e.g.,
aorta), and py; is the probability that pixel ¢ is part of the background. Similarly, go; is 1 if pixel
1 belongs to the target class, and 0 otherwise, while g;; represents the opposite. The parameters
apr and Bpp balance the penalties for false positives and false negatives, respectively.

The Focal Tversky loss helps control class imbalances and focuses on difficult cases. In our
experiments, we set apyr = 0.8, Bpr = 0.8, and vpp = 1 to improve model convergence and
recall.

The Dice loss is a popular loss function for image segmentation tasks [168], particularly
useful when dealing with imbalanced classes. It is based on the Dice coefficient, which measures
the overlap between the predicted segmentation and the ground truth. The Dice loss is defined
as:

2 va P0igoi

Dice Loss =1 —
ZZN Doi + ny 9oi

(5.3)

Here, pg; is the predicted probability that pixel ¢ belongs to the target class, and gg; is 1 if
the pixel is correctly segmented as part of the target class, and 0 otherwise.
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The Dice loss is particularly effective when there is a significant class imbalance, as it directly
optimises for the overlap between predicted and actual segments. Maximising this overlap helps
reduce false positives and false negatives, leading to improved segmentation performance.

Inspired by the work in [167], we relied on the disagreement cross entropy (DCE) to train
segmenters that maximise disagreement on out-of-distribution data. This loss function extends
the classical cross entropy loss by encouraging pixel predictions to diverge from the true class
label on new, unseen data distributions, thereby effectively identifying distribution shifts.

The DCE loss for a segmenter predicting a distribution over C' classes is defined as:

C
~ 1
c=1

where ¥ is the prediction by the ensemble segmenter, fp(x;) is the predicted pixel label by the
baseline segmenter, and p(c|z;) is the probability that the ensemble segmenter predicts class ¢
on pixel 7. The indicator function 1y, )« equals 1 when fp (z;) is not equal to ¢, pushing the
ensemble segmenter to assign higher probabilities to incorrect classes.

The DCE has many attractive properties such as being very stable to optimise using gradiant
descend methods, having a bounded global minimum and satisfying

Vpe P grélél Lpce(q;y) < Lpoe(p;y) (5.5)

meaning that for each probability vector in P, there is a corresponding probability vector in ()
that attains a score that is at least as low.

Then, the overall training objective Lgpg can be obtained by combining one of the two
losses proposed above that enforce agreement on P and the Lpcg for samples from the new
distribution Q:

Leps(P,Q) = Y Lirad(@ f8(z:) + X > Looe(d, a(x:)), (5.6)

(xi,yi)€P 2, €Q

where Ly.qq is either the Focal Tversky or Dice loss and A is a tuning parameter that balances
fitting to P and learning to disagree on Q).

5.2.6 The Segmetron Hypothesis Test

To detect covariate shift in semantic segmentation, Segmetron expands on [167], which in turn
had built on earlier work [166]. Segmetron conducts a statistical hypothesis test between the
distributions of a potentially shifted new dataset Q and a dataset P* which was not seen during
training but it is known to be from the same distribution as the training data. It adopts a
transductive approach in the sense that it’s constructed by: (i) training segmenters using Lgpg
on observed training (and test) cases, (ii) performing reasoning to the specific test data.

Let fp be a baseline segmenter trained on dataset Py.qi, comprising input data (pixels)
sampled from P and the corresponding masks. Assume fg is a segmenter which agrees (i.e.
segments alike) with fp on P4, and disagrees on a dataset Q sampled from an unknown
arbitrary Q. We use ¢ to denote the rate at which fg disagrees with fp on n unseen pixels
from @, and ¢p to denote the rate at which fp disagrees with fp on n unseen pixels from
P. Then, by viewing semantic segmentation as a pixel-wise classification problem outputting
a dense mask with a predicted class for every pixel, we argue that ¢g being greater than ¢p,
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implies a covariate shift. The proof for the above is based on the fact that under the null
hypothesis (P = @), the upper bound of the probability that fg is more likely to disagree on @
than P is 0.5 [167]:

P=Q = P(¢Q>¢p)<1<1—4—”<2n)> <L (5.7)
2 n 2
Segmetron trains two EDS ensembles fp and fg. fp is trained to disagree on unseen P*
from P, and fg is trained to disagree on Q. After the training is completed, ¢p and ¢¢g are
calculated. If ¢g > ¢p, then there is a covariate shift in the data (alternative hypothesis). If
op > ¢, then Q dataset is in P distribution (null hypothesis). Segmetron is distribution-free
which means no assumptions about P and () are made.

Two-sample hypothesis tests are associated with Type I errors (i.e. rejecting the true Hp)
and Type II errors (i.e. failing to reject a false Hp). The upper bound of the probability of
Type I error is controlled by choosing an appropriate significance level. The probability of not
making a Type II error is called test power, and is regarded the main efficacy measure in null
hypothesis testing. In this study, in order to test for shift on a set Q, we follow the typical setup
[169] by: (i) performing a permutation test to guarantee a significance level (or, else, a bounded
Type I error), and (ii) empirically measuring the test power. To obtain the Segmetron result
at a significance level o (=0.05), we train Segmetron for Cr (=100) calibration rounds with
random P*. Then, the Segmetron result is significant at the 5% level if ¢¢ is greater than the
(1-a) percentile of ¢pp. The pseudocode for Segmetron algorithm is given below (Algorithm
4). The flowchart is illustrated in Figure 5.1.

5.2.7 Experiments
Datasets

We validated Segmetron in binary and multi-class semantic segmentation tasks, both from the

CMR medical imaging field.

The former task involved segmenting aorta (both ascending and descending) from SSFP cine
CMR images. The initial (unshifted) dataset is described in [170]. It consists of 340 (2D -+ time)
training datasets and 84 testing datasets from the same distribution. All patients had aortic
stiffness-related diseases. To assess covariate shift detection, we received from the same clinical
institution additional 280 (unlabelled) patient datasets, for which the base segmenter failed due
to covariate shift caused by irregular heart beats and/or breathing pattern, acquisition hardware
variability, elevated flow velocity in the aortic valve, and different patient demographics. Each
patient dataset comprised 30 time points (2D images).

The multi-class segmentation task involved four classes, namely left ventricle, right ventricle,
myocardium, and background. The dataset from the Automated Cardiac Diagnosis Challenge
(ACDC) [171] served as the initial dataset sampled from P. This dataset consists of 100 training
3D datasets (20 healthy patients, 20 patients with previous myocardial infarction, 20 patients
with dilated cardiomyopathy, 20 patients with hypertrophic cardiomyopathy, 20 patients with
abnormal right ventricle) and 50 testing 3D datasets. These were all 3D SSFP CMR data.
The shifted dataset, acquired using different CMR sequences, comes from the Multi-sequence
Cardiac MR Segmentation Challenge in 2019 (MS-CMRSeg 2019) [172|. We analysed 45 LGE
or T2 CMR 3D datasets from patients who underwent cardiomyopathy.
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Algorithm 4 The Segmetron algorithm

1: Input: P: labelled dataset ,(z;,y;), Q: unlabelled dataset, (z;), L 4: learning algorithm, Cg:
calibration rounds = 100, E: ensemble size = 5, a: significance level = 0.05, M,: evaluation
metric (Dice accuracy), e: tolerance (=0.05), e,,: max epochs (=4).

2: Output: test result for covariate shift at significance level a.
3: Partition P into Pirain, Pyal, P*
4: NS<_|Q|7¢P<_[ ]
5: fB < LA(Ptraina Pval)
6: for Cr < 100 do
7: P* +— RandomSampling(P*, Ng)
8: while n > 0 and epochs < Ng do // Train ensembles of EDSs on P*
9: P* < {(x, fz(x)) | x € P*} // Infer pseudo labels on P* using f5
//Dataloader using Pyyq:n and P*
10: P, P* < Batched({(z,y) | (z,y) € Ptrain A (z, fp(z) € P*})
11: Initialise fp < fp
12: mo < Me(fB,Pyval) // Compute the validation performance of fp
13: while M.(fp,Pyva) > mo — € and iterations < e, do
14: for batch in P, P* do
15: xp,yp < {(x,y) | (z,y) € batch and (z,y) € Pirain}
16: zpe,yp < {(x, fB(x)) | = € batch A x € P*}
17: Update fp using L4 for (zp,yp) and disagreement update for (zp=,yp~)
18: end for
19: end while
20: return fp
21: Filter out agreed pixels P* «— {x | x € P* and fp(z) = fp(x)}
22: Update disagreement rate: ¢p <— 1 — %
23: end while
24: Append ¢p to [pp] list
25: end for

26: while n > 0 and epochs < Ng do

27: Q « {(z, fp(z)) | © € Q} // Infer pseudo labels on Q using f5

28: P, Q « Batched({(z,y) | (,y) € Pirain A (z,y) € Q}) //Dataloader using Piqin and Q
29: Initialise fq < fB

30: mo < M(fB,Pval) // Compute the validation performance of fp

31: while M. (fg,Pyal) > mo — € and iterations < e,, do

32: for batch in P,Q do

33: zp,yp < {(z,y) | (z,y) € batch and (z,y) € Pirain }

34: zQ,yq + {(z, fp(x)) | x € batch Az € Q}

35: Update fg with L for (xp,yp) and disagreement update for (zq,yq)
36: end for

37: end while

38: return fp

39: Filter out agreed pixels Q <— {z | z € Q and fg(x) = fo(x)}
40: Update disagreement rate: ¢g < 1 — %

41: end while

42: return ¢g > (1 — a) quantile of ¢p
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Figure 5.1: The Segmetron hypothesis test.

The binary base cardiovascular semantic segmentation model is described in [170]. It is a UNet-
based model equipped with 2D ConVLSTM layers that utilise hidden state weights, dropout
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layers and batch normalisation layers juxtaposed with traditional UNet.

The multi-class base segmentation model we utilised was the overall 37¢ place winner in the
ACDC challenge in 2019 [173]. This is also a UNet-based model, which is equipped with batch
normalisation layers and padding layers that preserve the region of interest (ROI).

State-Of-The-Art Approaches

We juxtaposed Segmetron with tree SOTA techniques for covariate shift detection.

e The Relative Mahalanobis Distance (RMD) is a metric that quantifies the similarity be-
tween a sample and the distribution of a known dataset, adjusted by the covariance of the
distribution [174]. It has been particularly helpful in detecting OOD samples.

e Deep Kernel Maximum Mean Discrepancy (MMD-D) is a non-parametric distance metric
that measures the difference between two probability distributions. MMD-D is widely
used in domain adaptation tasks to minimise the distribution shift between the source and
target domains [175, 176].

e H-Divergence is a metric that captures the disagreement extent when a discriminative
model is applied to different domains [177]. It is typically used to measure the distributional
difference between source and target domains.

5.2.8 Implementation

For detecting covariate shift in binary semantic segmentation, Pyrqin, Pyar, P*, and Q datasets
were randomly selected from the respective aorta datasets. All the above datasets involved a
single (2D-+time) patient dataset, comprising 1966080 (= 30 x 256 x 256) samples. We trained
five EDSs for each ensemble. We employed the Focal Tversky loss to agree on P. Both fp
and fo were initialised using the weights of fp. We trained each EDS for 5 epochs, with early
stopping if validation performance dropped by 5%. The datasets from P were permuted across
100 random calibration runs to generate 100 fp ensemble models, from which we obtained
100 pixel disagreement rate values. The permutation test enabled us to deliver strong statistical
guarantees. We then calculated ¢p as the 95" percentile of these rates. One test run was used to
produce fg which gave the pixel disagreement rate value ¢g. To enhance the presentation of the
results, we purposefully selected the number of disagreement pixels rather than the rate values.
We utilised the exact learning rates and batch sizes recommended by authors in the original
study [170]. We chose for the loss function tuning parameter A to be @ﬁ, as recommended by
[166]. For obtaining TPR at a 5% Significance Level (TPR@5), we run the above experiment
100 times, each with randomly initiated data. To validate the usefulness of the chosen loss
function, we also plotted the pixel disagreement and in-distribution accuracy, both as functions

of the ensemble size.

For the multi-class cardiac semantic segmentation task, all the details are the same as above,
except that each dataset involved 3D spatial image data, comprising 719,104 (= 16 x 212 x 212)
pixels. In addition, the Dice loss function was chosen to agree on P. In the experiments, we
utilised the exact learning rates and batch sizes recommended by the authors of the baseline
study [173].

We used the penultimate layer of the pre-trained base models to test for covariate shift
using the RMD approach [158]. Next, we performed the KS test directly on the distribution of
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RMD confidence scores derived from P* and @Q for both binary and multi-class datasets. The
scipy.stats.ks_2samp implementation of the KS test was employed, giving us directly the
p-values.

To conduct the MMD-D test for both binary and multi-class datasets, we relied on the
original source code provided by the authors at https://github.com/fengliu90/DK-for-TST.

The H-Divergence implementation involved training variational autoencoder models on both
P* and Q datasets individually, and on their uniform mixture @*TJHQ). The variational autoen-
coder loss, comprising reconstruction loss and a Kullback—Leibler divergence term, was used to
compute a test statistic that quantifies the difference between the distributions by comparing
the entropy of the mixture to the individual datasets. To realize the H-Divergence, the following

general class of continuous functions was chosen

@ =

~ (0s + As)

Cb(ev )‘) = 9 (5.8)

for s > 1, which generalizes the H-Jensen Shannon divergence for s=1 and the H-Min divergence
for s = oco. The loss function I(x,a) was chosen as the negative log-likelihood of = under a
distribution a, where a belongs to a model family A. The implementation was validated through
a permutation testing scheme to compute the test power, which conducted 100 permutations for
each experiment while maintaining an overall significance level at «=0.05. The source code at
https://github.com/a7b23/H-Divergence [157] was employed.

All the experiments in this study were conducted on an Intel(R) Core(TM) i9-10900K CPU
and RTX A600 48 GB GPU. Both Segmetron and the SOTA methods were compiled in a Python
3.8.5 environment. The proposed method was trained using a TensorFlow 2.4.0 DL framework.

5.2.9 Statistical Test and Evaluation
Kolmogorov—Smirnov (KS) Test

The Kolmogorov—Smirnov (KS) test, originally introduced by [178] and further developed by
[179], is a non-parametric test that compares two probability distributions by measuring the
largest difference between their cumulative distribution functions (CDFs). It is widely used to
assess whether a sample comes from a reference distribution (one-sample KS test) or whether
two samples are drawn from the same distribution (two-sample KS test).

Formally, for a given empirical distribution function of a sample of size n and a reference
distribution, the KS statistic D,, is defined as:

Dy, = sup [Fy(z) — F(z)]

where F,(z) is the empirical CDF of the sample and F(z) is the CDF of the reference
distribution. In the two-sample KS test, the KS statistic is given by:

Dn,m = sup |Fn(-r) - Gm($)|

where F,(z) and Gp,(z) are the empirical CDFs of the two samples of sizes n and m,
respectively. The null hypothesis Hy in both cases is that the sample(s) come from the same
distribution.
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The KS test has several important properties. It is sensitive to differences in both the
location and shape of the empirical distribution functions. In addition, it does not require the
assumption of normality or any particular distribution shape. Moreover, it is applicable to
continuous distributions. The KS test is frequently used in various fields such as for comparing
empirical distributions in hypothesis testing, for evaluating goodness-of-fit for models, and for
detecting covariate shifts in ML models by comparing training and test distributions. While the
KS test is versatile, it also has limitations. It is less powerful for detecting deviations at the
tails of distributions. Also, the test is sensitive to sample size, as small differences may become
statistically significant with large sample sizes.

Permutation Test

A permutation test is a non-parametric statistical method used to determine whether two
datasets are significantly different from each other. It involves repeatedly shuffling the data
and calculating a test statistic for each permutation, thereby generating a distribution of the
test statistic under the null hypothesis. The p-value is then calculated as the proportion of the
permuted statistics that are at least as extreme as the observed test statistic. This approach
does not make assumptions about the underlying distribution, making it a powerful tool for
hypothesis testing.

True Positive Rate

TPR, also known as Sensitivity or Recall, measures the proportion of actual positives that are
correctly identified by the model. It is calculated as follows:

TP

TPR= ——
R TP+ FN

where TP is the number of true positives and FN is the number of false negatives. The
TPR indicates how well the model is able to identify positive instances.

We report the TPR at a 5% Significance Level (TPR@5) averaged over 100 randomly chosen
sets (). This indicates the frequency with which our method correctly detects covariate shift
(P # @), while maintaining a false positive rate of only 5%. This is equivalent to the statistical
power of a test with a significance level () of 5%.

5.3 Results

Figures 5.2 and 5.3 show histograms of 100 calibration and test rounds, respectively, for the
binary cardiovascular semantic segmentation task. It can be seen that in all 100 test cases, the
number of disagreemnt pixels on Q is greater that the 95th percentile of the calibration rounds.
Therefore, the covariate shift is always detected.

Table 5.1 presents the TPR@5 comparison between Segmetron and the SOTA methods for
the binary and multi-class cardiac semantic segmentation tasks. The proposed method achieved
the highest statistical power in both tasks among all evaluated approaches.

Figure 5.4 illustrates the Dice (validation) accuracy as the ensemble size increases for the
binary semantic segmentation task. Plotted are graphs for both shifted and unshifted datasets
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from . It can be seen that enforcing disagreement does not compromise in-distribution perfor-
mance.

Figures 5.5 and 5.6 depict the relationship between the number of disagreed pixels and the
ensemble size for shifted and unshifted data, respectively. It can be observed that the number
of disagreement pixels increases substantially faster (from 32486 to 93942) in the fg curve as
the number of EDSs rises than the respective increase (from 6870 to 8292) in the fp curve. This
finding corroborates our loss function choices for training the ensemble models.
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Figure 5.2: The Segmetron hypothesis test: Shown is the relationship between the number of
calibration rounds and the number of disagreement pixels. A different random seed for P* was
used for each calibration round. Also shown in red is the 95" percentile. The plot is taken from
the binary cardiovascular semantic segmentation task.

5.4 Discussion

Semantic segmentation enables a higher level of understanding of a depicted scene. It also forms
an essential capability towards delivering a plethora of life-changing technologies. However, the
covariate shift itself, as well as the lack of trustworthy methods for detecting it, limit the ap-
plicability of semantic segmentation. This study introduced Segmetron, which is a segmenter
with a reliable reject option that abstains from predicting on test images when semantic seg-
mentation should not be made due to covariate shift. Importantly, Segmetron is able to deal
with unforeseeable covariate shifts of any unknown arbitrary distribution that may occur during
deployment. Therefore, this work is valuable because it aligns with "Responsible AI" principles
and it happens at a time when the machine learning community is striving to increase society’s
willingness to accept Al. To obtain strong theoretical guarantees, we leveraged recent theoret-
ical work on the PQ learning setting of selective classification [166, 167|. To detect covariate
shift, we built two ensembles of segmenters that were enforced to agree on training data and
disagree on test data. For training these ensemble models, we proposed novel ways (i.e. loss
function components) of agreeing that are better suited to semantic segmentation. Inspired by
recent work, we chose the pixel disagreement rate as the discriminative statistic upon which the
Segmetron hypothesis test was built.

The ability of Segmetron to detect covariate shift was showcased in two real-world semantic
segmentation tasks from the CMR field, involving two (aorta and background) or more (left
ventricle, right ventricle, myocardium, background) semantic classes. Our approach was found
to have superior statistical power to three SOTA approaches (RMD, H-Divergence, Deep Kernel
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Figure 5.3: The Segmetron hypothesis test: Shown is the relationship between the number of
test rounds and the number of disagreement pixels. A different random seed for Q was used for
each test round. Also shown in red is the 95" percentile of the 100 calibration rounds. The plot
is taken from the binary cardiovascular semantic segmentation task.

MMD) on both datasets in terms of the TPR at 5

The validity of our design choices was demonstrated by plotting graphs of the relationship
between the ensemble size versus disagreement rate and in-distribution accuracy. In particular,
it was found that on unseen test sets, the disagreement level ¢() manifested a much more rapidly
increasing trend when compared with the baseline disagreement rate ¢@Q). In addition, the EDSs
of both ensembles were found to preserve high accuracy on data from the training distribution.
Markedly, Segmetron is sample-efficient being able to identify covariate shifts from a single 3D
(3D spatial or 2D spatial + time) dataset. Therefore, it could be useful for isolating shifted cases
and removing them from automated semantic segmentation pipelines. Last, another favourable
characteristic of Segmentron is that it is model-agnostic, since it recognises covariate shifts
regardless of the baseline segmentation model that had been used in the initial training.

Segmetron also offers a straight-forward way to assess the intensity of a covariate shift. The
severity ordering can be based on the relative disagreement gap between the in-distribution and
out-of-distribution samples. The more harsh the domain drift, the larger the gap between the
¢Q and the 95th percentile of ¢ P will be. Following this line of argument in our experiments,
it was found that the covariate shift in the multi-class cardiac semantic segmentation problem
was more severe than in the binary one.

Segmetron has higher computational complexity than the SOTA approaches [Ref9], and is
similar in complexity to other ensemble approaches. However, Segmetron is more time-efficient
compared to the SOTA methods because it is mainly reliant on GPU. Also, in deployment, deep
kernel MMD and H-Divergence may require to train multiple deep ensemble models, whereas
Segmetron promotes the utilization of pre-trained models. To run (inference) Segmetron on a
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Table 5.1: True positive rates at a 5% significance level for detecting natural covariate shifts
for binary and multi-class semantic segmentation tasks from the CMR medical imaging field.
Boldface indicates best performance.

Method TPR@5
Binary | Multi-class
Segmetron 1.0 1.0
RMD 0.95 0.95
MMD-D 0.24 0.88
H-Divergence | 0.46 0.49

CMR: Cardiovascular Magnetic Resonance Imaging, TPR@5: True Positive Rate at 5 % signif-
icance.

single 3D test dataset, it took approximately 20 minutes per patient. In contrast, the RMD
and the Deep Kernel MMD approaches required about one hour. H-Divergence was the most
time-consuming, requiring approximately three hours. Notably, all SOTA methods (except
Segmetron) run on the CPU and consume a significant amount of RAM. Segmetron, however,
leverages GPU resources, which significantly reduces the processing time while also requiring
minimal CPU and RAM usage.

5.4.1 Study Limitations

The PQ learning framework assumes that the samples are independent identically distributed,
but such an assumption does not hold for semantic segmentation. However, this is not necessarily
a problem in the strict sense. Instead, it’s a characteristic of the task that is handled by designing
modern DL semantic segmentation architectures that capture spatial correlations and multi-scale
representations, and by incorporating appropriate training strategies and loss functions. In our
framework, we aim to detect covariate shift from as few test samples as possible. Therefore, we
estimated disagreement on the same patient dataset that had been used to train the ensemble
fo. While this could result in high variance and low statistical power, we dealt with this issue by
estimating the relative increase in disagreement between the EDSs on Q and P. Last, Segmetron
detects covariate shift but it does not correct it. Test-time unsupervised domain adaptation
methods could come to our rescue in this aspect, and this will be a topic of future work.
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is the graph for shifted data from @ for the binary cardiovascular semantic segmentation task.

98



Number of Disagreement Pixels
~J ~J ~J ~l ~l co 0
o N EaY (o)] (o] (@] N
o o (@] o o o o
© © © o6 o6 o o

6800 — . . . : : ;
2.0 2.5 3.0 3.5 4.0 4.5 5.0

Ensemble Size
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is the graph for unshifted data from @) for the binary cardiovascular semantic segmentation task.
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Chapter 6

Conclusions

6.1 Resource-efficient aortic distensibility calculation by end-to-
end spatio-temporal learning of aortic lumen from multi-
centre multi-vendor multi-disease CMR images

This study has embarked upon a novel journey in the field of computational cardiology, in-
troducing a ground-breaking, resource-efficient deep learning (DL) model meticulously crafted
for the swift, reliable, and fully autonomous segmentation of the ascending aorta (AAo) and
descending aorta (DAo) from cine cardiovascular magnetic resonance (CMR) images. This pio-
neering approach facilitates the quantification of aortic distensibility (AD), a critical biomarker
in cardiovascular research, with unprecedented precision and speed.

Our method, tested on an extensive, multi-centre, multi-vendor dataset encompassing a
remarkably diverse patient cohort, demonstrated superior accuracy when juxtaposed with the
current state-of-the-art (SOTA) methods. A striking feature of our proposed model is its environ-
mental and energy consciousness. It utilised approximately 3.9 times less energy and generated
around 2.8 times fewer carbon emissions than its SOTA counterparts. Furthermore, the accuracy
of our model eclipsed even the unpruned methodologies, underscoring its exceptional efficacy.

The implications of this study extend far beyond mere technological triumph. By presenting
a method that conscientiously addresses the dual aspects of computational efficiency and envi-
ronmental impact, this work aligns with the burgeoning global narrative emphasising sustainable
technological advancement. The energy-conscious nature of our model does not merely represent
a technical feature; it embodies a commitment to a future where computational research and
environmental stewardship coexist in harmony.

Moreover, the application potential of this model in large-scale biomedical databases, such
as the UK Biobank, is particularly noteworthy. By enabling the rapid extraction and analysis
of CMR-derived aortic phenotypes, our model opens new vistas in genome-wide association
studies. It allows for a deeper exploration of the intricate relationships between AD, aortic
dimensions, and cognitive functions, potentially unravelling novel insights into cardiovascular
and neurocognitive health.

In an era where the carbon footprint of DL research is increasingly scrutinised, our study
sets a new benchmark. It demonstrates that high computational efficiency and environmental
responsibility can be achieved without compromising the accuracy and reliability of medical
image analysis. This approach, we posit, should become a cornerstone in future DL research,
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especially in applications with substantial societal and clinical impacts.

In conclusion, our study does not merely present a novel DL model; it proposes a paradigm
shift. It advocates for a future where computational efficiency, environmental responsibility, and
clinical utility are not competing interests but are harmoniously integrated. The implications
of this research are profound, paving the way for more sustainable, efficient, and inclusive ad-
vancements in medical imaging and beyond. As we navigate the challenges of an increasingly
data-driven world, it is incumbent upon us to ensure that our technological pursuits are aligned
with the principles of sustainability and ethical responsibility.

6.2 Enhanced Right Ventricular Volume Prediction and Uncer-
tainty Estimation: From Supervised Tree Kernel Ensembles
to Feature Tokeniser Transformer-based Regression on 2D
Echocardiography Planimetry Data

In conclusion, Chapter 3 of this thesis has provided a comprehensive discussion of the various
approaches and methodologies employed in the field of cardiovascular imaging, specifically in
the context of right ventricular (RV) assessment using 2DE echocardiography. Two distinct
approaches, namely Gradient Boosting Regression Trees (GBRTS) with instance-based uncer-
tainty (Method I), and the Feature Tokeniser Transformer (Method II), have been critically
evaluated, highlighting their strengths, limitations, and potential contributions to the field.

Method II showcased promising results in predicting RV volumes and ejection fractions,
potentially revolutionising clinical practice by enhancing the accuracy and efficiency of RV as-
sessment. However, it is important to acknowledge the common challenges, such as the limited
dataset size, the need for further validation on larger and more diverse patient cohorts, and the
time-consuming nature of manual tracings.

This chapter has emphasised the significance of these innovative methods in addressing the
clinical need for trustworthy and automated RV evaluation, ultimately contributing to improved
patient care and timely diagnosis of cardiac diseases. By providing uncertainty estimates, reduc-
ing the reliance on complex and time-consuming imaging modalities, and offering more accessible
and efficient tools for clinicians, these approaches align with the principles of trustworthy arti-
ficial intelligence in healthcare.

In light of the discussed advancements and limitations, future research in this domain should
focus on expanding datasets, deriving model interpretability also for attention-tabular models,
combining the methods with automated tracing (end-to-end segmentation) pipelines and explor-
ing opportunities for automation to reduce manual efforts. These efforts will pave the way for
the widespread adoption of these methods in clinical settings, ultimately aiding both patients
and healthcare professionals in the field of cardiovascular medicine.

6.3 Fast-tracking the Deep Residual Network Training for Ar-
rhythmia Classification by Leveraging the Power of Dynam-
ical Systems

This study proposed a method to reduce the training time of deep residual networks for the
challenging arrhythmia classification task without compromising the model performance. We
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exploited the dynamical systems perspective of deep residual networks to achieve our goal.

The Lipschitz constant is calculated at every epoch to decide the growth of the network. The
Lipschitz constant has recently received considerable attention in the DL community, mainly to
improve stability and robustness against adversarial attacks [180, 181].

Extensive experiments on the MIT-BIH arrhythmia dataset demonstrated that the proposed
method required at least 40% fewer parameters per epoch than conventional vanilla training
while retaining or improving performance. It also reduced carbon emissions by at least 1/3 and
improved energy efficiency by at least 1/4.

The proposed research not only underscores the reductions in training time afforded by our
methodology but also foregrounds the associated savings on energy consumption and environ-
mental impact. This investigation contributes a significant step forward in ongoing efforts to
improve automated ECG signal analysis by fostering more resource-efficient ML development
frameworks for arrhythmia detection. It heralds a new chapter in pursuing sophisticated, effi-
cient, and sustainable solutions in the cardiovascular healthcare technology landscape.

For future work, we will explore further algorithmic refinements and try to extend this
framework to encapsulate a broader spectrum of DL architectures. We will also apply the
technique to diverse cardiovascular tasks, thus broadening its impact.

6.4 Segmetron: Sample-efficient Model-agnostic Cardiac Seman-
tic Segmentation with a Trustworthy Reject Option via PQ
learning

In conclusion, this study introduced Segmetron, which is a sophisticated segmenter with a trust-
worthy reject option that intelligently abstains from making predictions when it detects con-
ditions unsuitable for semantic segmentation due to covariate shift. Segmetron is designed to
handle unforeseeable covariate shifts of any unknown arbitrary distribution that may occur dur-
ing deployment. To establish strong theoretical guarantees, we leveraged recent theoretical work
on the PQ learning setting of selective classification. To detect covariate shift, we constructed
two ensembles of segmenters that were enforced to agree on training data and disagree on test
data. For training these ensemble models, we proposed novel ways (i.e. loss function compo-
nents) of agreeing that are specifically tailored for the requirements of semantic segmentation.
Inspired by recent work, we chose the pixel disagreement rate as the core discriminative statistic
upon which the Segmetron hypothesis test was built. The ability and versatility of Segmetron to
detect covariate shift was showcased in two challenging real-world semantic segmentation tasks
from the CMR field, involving two (aorta and background) or more (left ventricle, right ventricle,
myocardium, background) semantic classes. Our approach was found to surpass three SOTA
approaches (RMD, H-Divergence, Deep Kernel MMD) on both tasks in terms of the TPR at
5% significance level, aggregated over 100 randomly selected test sets. Segmetron’s strengths lie
in its sample efficiency—effectively detecting covariate shifts using a single 3D dataset—and its
model-agnostic nature, as it can detect shifts regardless of the underlying segmentation model
used during initial training. This work is aligns with “Responsible AI” principles, supporting
reliable deployment of Al by enhancing robustness and transparency. As the machine learning
community continues to focus on building trust and acceptance of Al in society, Segmetron
stands as a critical step forward. It can potentially enable the widespread adoption of semantic
segmentation-based DL technologies across various fields.
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