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2 Abstract

Primary and secondary brain tumors are fundamentally different in appearance. Consequently, a primary brain
segmentation scheme trained with only primary gliomas might not be able to segment secondary brain tumors
due to its multiplicity and minute size. In this thesis, standalone deep learning architectures were introduced for
the segmentation of primary gliomas and detection of secondary metastases. These systems were enhanced with
CNN-based blocks incorporating a-priori knowledge, morphological indicators, and expert soft knowledge. The
work in chapters 4,5,6 will describe the concepts behind these enhancements to provide saliency and attention
to the deep learning architectures.

This thesis expands from work carried out on a publicly available primary brain tumor dataset and ultimately led
to the development of the Sunway Brain Metastases Dataset (SUNMET), which contains 121 patients from a
Malaysian demographic, which can be seen as complementary to the other public and private metastases
datasets published. The most similar dataset on brain metastases from Asia is presented by Shanghai JiaoTong
University which consists predominantly of patients from China. It is hoped that the findings from this thesis will
assist in Computer Aided Diagnosis for the clinical radiologists at Sunway Medical Center for early intervention,
as the outcomes of Gamma Knife Therapy on smaller metastases are more favorable. Therefore, it is imperative
that no metastases are excluded when quantifying performance measures.

The work in this thesis addresses the deep learning architectures necessary for the segmentation and detection
tasks, as well as the training strategies that are used to improve the model performance. Three architectures were
purpose-built for this, namely, CASPIANET++, NLMET and STROLLNET. Accompanying each architecture is a
training paradigm which addresses one of the most common problems in deep learning of medical images, data
scarcity.

In segmenting primary tumors, CASPIANET++ features multidimensional channel-spatial blocks, which
incorporate a-priori morphological indicators as attention blocks. The resultant architecture trained on unlabeled
data from the dataset through the Noisy Student Curriculum Learning strategy showed improvement over state-
of-the-art models with higher training capacities.

Next, NLMET was developed to detect secondary tumors with sizes ranging from 2-40mm. A further two datasets
were enlisted for training the detection module, as only 98 data points were available in SUNMET. To bridge the
domain gaps between the secondary and primary datasets, a CAVEAT learning scheme gradually introduces higher
confidence level of pseudo labels and larger number of samples according to lesion volume at every self-training
cycle. While NLMET with CAVEAT performed well, an opportunity for optimizing the non-local blocks by
incorporating soft knowledge of the expert annotator was presented. STROLLNET uses short-range non-local
blocks that act within the spatial view of a typical metastatic lesion, as opposed to its entire volume. This new
generation STROLLNET reduced the FP/patient and increased the Sensitivity of detection compared to its NLMET
counterpart. The PHYSCISION approach to dataset fusion with a breast cancer dataset was implemented, which
is advantageous as it eliminates the uncertainty of pseudo labels, requiring only a single cycle of training and
underscores the potential for using dissimilar medical datasets in training.



New page (standard thesis only)

3 Declaration

This thesis is an original work of my research and contains no material which has been accepted for the award
of any other degree or diploma at any university or equivalent institution and that, to the best of my knowledge
and belief, this thesis contains no material previously published or written by another person, except where due
reference is made in the text of the thesis.

Signature: J/..L/...

Print Name: Liew Mei Wern Andrea

Date: 13/3/2023



4 Publications during enrolment

This thesis contains material from 3 papers published/submitted as follows where | was the first author.
Andrea Liew, Chun Cheng Lee, Boon Leong Lan, Maxine Tan, (2021),

CASPIANET++: A multidimensional Channel-Spatial Asymmetric attention network with Noisy Student
Curriculum Learning paradigm for brain tumor segmentation, Computers in Biology and Medicine, Volume 136,
104690, ISSN 0010-4825, (published)

Andrea Liew, Chun Cheng Lee, Valarmathy Subramaniam, Boon Leong Lan, Maxine Tan (2023), Gradual Self-
Training via Confidence and Volume Based Domain Adaptation for Multi Dataset Deep Learning-Based Brain
Metastases Detection Using Nonlocal Networks on MRI Images. ] Magn Reson

Imaging. https://doi.org/10.1002/imri.28456 (published)

Andrea Liew; Chun Cheng Lee; Hong Hui Yeoh; Boon Leong Lan; Maxine Tan (2023),

Improving Brain Metastases Detection in T1-MPRAGE scans through Modelling Short-Range Dependencies and
Dataset Fusion Strategies. European Radiology (submitted)

List of publications where | was co-author:

Hong Hui Yeoh; Andrea Liew; Raphaél Phan; Fredrik Strand; Kartini Rahmat; Tuong L Nguyen; Jennifer Stone;
John L. Hopper; Maxine Tan, RADIFUSION: A multi-radiomics deep learning based Breast cancer risk Prediction
model using sequential mammographic images with image attention and bilateral asymmetry refinement.
Medical Image Analysis (submitted)

List of conference proceedings published in an international conference:

Andrea Liew; Chun Cheng Lee; Boon Leong Lan; Maxine Tan (2022), A novel curriculum based paradigm for self-
training deep learning networks for brain glioma segmentation. CARS 2022 —Computer Assisted Radiology and
Surgery Proceedings of the 36th International Congress and Exhibition Tokyo, Japan, June 7-11, 2022. Int J

CARS 17 (Suppl 1), 1-147 (2022). https://doi.org/10.1007/s11548-022-02635-x

Andrea Liew; Chun Cheng Lee; Boon Leong Lan; Maxine Tan (2023), Creating Pseudo Datasets from Disparate
Datasets for Domain Adaptation for Brain Metastases Detection. Accepted for publication in CARS 2023 (June
20-23, 2023)


https://doi.org/10.1002/jmri.28456
https://doi.org/10.1007/s11548-022-02635-x

New page

5 Acknowledgements

This research was supported by the Graduate Research Merit Scholarship awarded by Monash University and a
grant from Sunway Medical Center. | would also like to express my gratitude to Dr Maxine Tan for her invaluable
insights, experience, and unwavering support throughout my candidature. | also wish to thank Dr Lee Chun
Cheng and Mr Liew Tuck Fook from the Radiology Department, Sunway Medical Center, for all your support in
procuring the Sunway Medical Center Brain Metastases dataset. Lastly, | thank George Liew, Nicholas Liew, Ong
Chuin Liu, Catherine Lim, Joni Chan for their technical, moral, and monetary support.

In loving memory, Susan Lim & Elisa Powell



6 Table of Contents

N @Yo 17 T=4 Y f o To ] 4 ol TSP 3
B X o1 i - ot PP UPRRN 4
K N =Y ol =T - 14T o PRSP 5
4 Publications dUuring @NrolMENT ........ccuiii i e e erre e e e rtre e e eare e e s e nra e e e e enreeas 6
LI 1 Yo (g Yo NNV [Te F= LT o 1T o] PP 7
SR I o] (=0 o) 0] o1 4= o £ USROS 8
A T o ] o= U T =T SRR 10
S N o ] - | ] TSP UR 12
9 List Of @bbreviations.....coocuii i e et sabee s 13
R 101 o o [¥ ot o TP PSPPSR 1
11 1Y Lo L A1V 1A o o B PSPPSR PP 1
1.2 PO M SEATEMBNT. ..ttt ettt ettt ettt ettt ettt et et Re ettt ettt reeteereereeteere e 1
1.3 RESEAICN ODJECIVES ...t ettt et e e e eaeeeae e 2
1.4 ST Yol sl 6o ol Al o TV Lo o[RS 2
1.5 TNESIS OFZANIZATION 1.oeiitiiii ittt ettt ettt et e e e te e ebe e s b e ets e ebe e e etsebeesbeetsesbeesbeeas e 2
2 LItErature REVIEW ...ttt ettt e e e e ettt e e e e e e e et et e e e e e e sannraeeeeeeeesannnenes 3
2.1 OVEBIVIBW ettt ettt et ettt e ekttt e ekttt e ekttt e 4kttt e e sttt e e st et e e an kbt e e e m bt e e e entbeeeanbbeeeentbeeeenbeeeennbeeeann 3
2.2 Brain Tumor Segmentation and Brain Metastases DeteCtion ........cccoiiiriiiiinieieieceeee e 3
2.2.1 Brain tumor segmentation algorithmS .. ...oo.iiiiiiicc s 4
2.2.2 Brain mMetastases AETECTION ..o ittt ettt ettt e et e et e e eneenneeees 5
2.3 The role of Attention and Non-local blocks in Deep Learning Architectures...........cccooveevveeveeecceeeneene. 6
2.3.1 FNa T Y dTeTa Y=ol s LTI g[SSR 6
2.3.2 NON-I0CAI DIOCKS .ttt ettt ettt sbe et tseebeeeas 7
2.4 Methods in SEMI-SUPEIVISEA [EAIMING ....viiiiiiiit ettt ettt ettt be e 7
24.1 Data scarcity in MediCal DAtaSEES ...co.iiiiiiirieieeieete sttt ettt ettt neeneeneene e 8
3 Datasets and Overview of Preliminary methods .........cccceiiiiiiiicciiii e e 10
3.1 OVEBIVIBW ettt ettt ettt ettt e ookttt e ettt e ettt e e ettt e e e tb e e ettt e e e s bt e e ettt e e e tbeaeetbeeeeanbeeeennbeeeenn 10
3.1.1 [BI<To T =) 4o T3 TP P PRSPPI 10
3.1.2 UL = B =) = < SRR SPUR 10
3.1.3 ] N IR D) = (1= PSPPSRI 10
3.14 BrainMEtSNAre DAtaSEl.....c..ccuiiiiiiiiie ettt ettt ettt ettt ettt et eae et 13
3.1.5 DUKE Breast CanCer DataSel .. .uie ettt ettt e et e ettt e e ettt e e et eestbeeeenes 13
3.2 Interobserver Variability in ground-truth labeling of datasets ..........ccccoovveviiiiiiiciiicce 14
3.3 Overview of the Preliminary MEthods . ... 14
3.4 General statement on selecting the best training @POCNS. .......ovioi i, 15
4  CASPIANET++: A Multidimensional Channel-Spatial Asymmetric Attention Network with Noisy

Student Curriculum Learning Paradigm for Brain Tumor Segmentation........ccccceeeeeeiicciieeeceiiee e e, 16
4.1 NG o Lo 1] o L PSPPSR PPRSPPRNt 16
4.2 T Ao [0 1 L] o ISP BRSPS 16
43 Y =T g Yoo [PPSR 16
431 Spatial Asymmetric AttENTION MaSK ........coiiiiiiiie e 16
432 Channel Asymmetric AtEENTION MaSK .....ooviiiiiiiii e 17
433 Channel and Spatial Asymmetric Attention (CASPIAN) LAYEI ....cviviiiiiiiicecie e 17
43.4 Multiplanar and Multiscale approach in CASPIAN [QYEIS....c..coiiiiiiiiie et 18
4.3.5 (07N o TN I OO TP PUPPUPPP 20
436 RegION-DAsed LOSS FUNCLIONS .. .c.ui ittt ettt ettt e te e te e ette e eaae e 21
437 Noisy Student CUrTiCUIUM LEAIMINE . ...c..iii ittt ettt 23
4.4 RS UIES .ttt ettt ettt ettt R R R Rt Rt R £ R R £ R4 R £ Rt R £ Rt Rt R £ Rt Rt Rt Rt Rt n e neeneereeneeneenes 24
44.1 DATASEES ettt ettt 24
4.4.2 IMPlEMENTAtION AETAIIS ...ttt 24

443 Ablation studies on components of the CASPIAN BIOCKS ..........covooiiiiioiiie e, 24



4.4.4 Visualization of heatmaps of the CASPIANET++ architecture......cc.coovioviiiiiicic e 26

4.45 Comparison with other brain tumor segmentation methods ............ccoooieviieiiicieceee 27
4.4.6 Noisy Student CUrriCUIUM LEAINMING . ......ooi e 28
4.4.7 Generalization ability of CASPIANET++ on the BraTS2020 validation dataset............cccocveeveeieenenne. 29
4.5 (6o aTol U o Yo PSPPSR 29

5  CAVEAT: Gradual Self Training via Confidence and Volume based Domain Adaptation for Multi
dataset Deep-Learning based Brain Metastases detection using Non-Local Networks on MRI images
31

5.1 [NV oo [ L (=SSP P SRS UUPTRUPRUUPUPR 31
5.2 INEFOAUCTION ettt ettt e e ettt e e et e e et e e et e e ete e e eae e e aeeerteeeateeeaaeaas 31
5.3 Convolutional Neural Network (CNN) DEtails ......c.ooviiiiieceeeece e 31
53.1 NLMET: Non-Local BM Detection NETWOIK ...c.ccviiiiiriiiieciesie sttt 31
5.3.2 TrAINING AETAIIS oottt ettt 33
533 (o33 {114 Vot 1T o PSPPSR 34
53.4 INTErENCE AUIMNNE LESTINEG ... i vttt ettt ettt ettt et e tsesbeesaeesteeneesbeeneen 35
5.3.5 SEATISTICAI ANGIYSIS ottt ettt ettt bttt ettt n e neeneene e 35
5.3.6 CAVEAT: Gradual Self Training through Confidence and Volume Based Domain Adaptation.......... 36
5.4 RESUIES ettt ettt et e e e ete e ete e ete e 38
5.5 D] 1ol U 11 (o ISP TP UPRUPROPI 44
551 70 T 1= ) 4o o [T PRUPPRRTI 45
5.6 (6] aTol U o Yo F TSP PSP PRPRPS 46
6  PHYSCISION: Improving Brain Metastases Detection in T1-MPRAGE scans through modelling

Short-Range Dependencies and Dataset fusion Strategies......ccccceeeeeeicciiiieiee e 47
6.1 (NI A o Lo 1] o L £ USSP OUPRPOPPR 47
6.2 INEEOAUCTION .ottt ettt e et e ea e eae e eae e e te e erteeeateeeneeaas 47
6.3 Material AN IMETNOUS ...ttt ettt ettt ettt bttt eneeneeneeneenes 47
6.4 RESUIES .ottt ettt ettt ettt ettt ettt ettt ettt h Rttt R Rt R Rtk R Rt R Rt Rt Rt R e Rttt ettt e Rt n e e reeneereereeneenes 51
6.4.1 e Tu = ol [T n oY= =T o] ol ol SRRSO 51
6.4.2 Additional public datasets for trainiNg ......c..cce i i 52
6.4.3 Deep learning-based detection by modelling short-range dependencies..........c.cccccovveeeevieeeicceennnn. 53
6.4.4 PHYSCISION Dataset fUSION STrat@EIES ..ooueruiriirierierieitirieeie ettt ettt sttt neeneenes 53
6.5 DS CUSSION ettt e e e e et e e e e e e e e e e e e e e bt e e e e e e et bt e e e e e e et b e e e e e e e e etbbraaaeaaas 55
6.6 (@o] Yol [V 1 oo W TR TR SR PR PSUP PR 55
N Y/ - 11 W @0o o ol [V [ PSR 56
7.1 FUTUNE MV OTK ettt et ettt ekttt et e et e b e et et e e s e etteete e b e eteenneenbeeneenneenees 57
7.1.1 ArChiteCtUral IMPIOVEMENTS. .....iiieeeeee ettt 57

7.1.2 Big Data Strategies, PyRadiomics and Morphological indicators .........c..cccoovvieieoieicceceeceeeee 57



7 List of Figures

FIGURE 1 FLOWCHART OF THE PSEUDO-LABELING METHOD .....oooooooooooooooooooeooeoeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee 8
FIGURE 2 BRATS MRI DATA IN FOUR DIFFERENT MODALITIES (LEFT TO RIGHT): (1) FLAIR, (2) T1, (3) T1C (4) T2 11
FIGURE 3 NUMBER OF LABELS PER CLASS IN HGG AND LGG DATA FROM THE BRATS 2018 DATASETS ............... 12
FIGURE 4(A) SHOWS THE GROUND TRUTH WITH START_SLICE AT THE HIGHEST Z SLICE (B) AFTER REALIGNMENT,
NOTICE THE GROUND TRUTH IS NOW SITUATED WITHIN THE LESION ..ooooooooooooooooeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee 13
FIGURE 5 OVERVIEW OF THE DEEP LEARNING ECOSYSTEMS PRESENTED IN THIS THESIS AND THE TRAINING DATA
USED IN THOSE PARTICULAR STUDIES, ARROWS INDICATE CONTINUITY OF AN IDEA CARRIED TO THE NEXT
APPROACH ... 15
FIGURE 6: THE PROPOSED CHANNEL AND SPATIAL ASYMMETRIC ATTENTION WITH EXCITATION BLOCK (CASPIAN),
WHERE THE INPUT FEATURE MAP IS THE OUTPUT OF ANY ARBITRARY ENCODER OR DECODER OF THE CNN

ARCHITECTURE ...ttt 18
FIGURE 7: MULTIPLANAR (AXIAL, SAGITTAL AND CORONAL) SPATIAL ASYMMETRIC ATTENTION BLOCK ............. 19
FIGURE 8: THE PROPOSED MULTISCALE APPROACH WITH GATING MECHANISM ..., 20
FIGURE 9: COMBINING CHANNEL ASYMMETRIC ATTENTION INTO THE MULTISCALE AND MULTIPLANE SPATIAL
ASYMMETRIC ATTENTION BLOGCK ...ttt ettt 20

FIGURE 10: THE PLACEMENT OF CASPIAN AND CASPIAN++ LAYERS IN THE PROPOSED CASPIANET++. (A)
CASPIAN++ LAYERS ARE ADDED TO THE 2ND AND 3RD ENCODER BLOCKS. NOTICE THAT THERE ARE NO CASPIAN
LAYERS AT THE BOTTLENECK. (B) DEPICTS THE ADDITION OF THE CASPIAN BLOCK WITHIN THE DMF (DILATED
IMULTI=FIBER) BLOCK ...ttt ettt s e e bt e ettt an et en e e n e e 21
FIGURE 11 THE NOISY STUDENT CURRICULUM LEARNING WORKFLOW .....coiiiiiiiiiiiiiniccieeeee e 23
FIGURE 12 THE SERIES OF IMAGES ABOVE DEPICT THE (A) GROUND TRUTH, (B) PREDICTIONS FOR BASELINE
DMFNET MODEL AND (C-F) PREDICTIONS FOR CASPIAN VARIANTS (G) FLAIR IMAGE FOR BRATS18_CBICA_AAL_1
(SLICE 65). THE DICE SCORES FOR ET, WT, TC ARE 85.003, 77.843,91.413 (DMFNET) AND 84.001, 88.354, 91.825
(CASPIANET++). WHITE ARROWS DENOTE REGIONS OF IMPROVED SEGMENTATION IN EACH SCHEME, RED
ARROWS DENOTE REGIONS WHICH DID NOT PERFORM WELL (BLUE - LABEL 1, GREEN — LABEL 2, WHITE — LABEL

FIGURE 13: IMAGE, GROUND TRUTH, HEATMAP AND PREDICTIONS FROM SELECTED SLICES (INDICATED BY SLICE
INDEX) OBTAINED FROM PATIENTS BRATS18_TCIA08_234_1 AND BRATS18_TCIA09_254_1 FROM THE BRATS
2018 TRAINING SET; THE HEATMAPS IN (C) ARE OBTAINED FROM A SELECTED FEATURE MAP FROM THE LAST
CASPIAN BLOCK OF THE CASPIANET++, AND THE PREDICTIONS IN (D) ARE BASED ON CASPIANET++ (BLUE - LABEL
1, GREEN = LABEL 2, WHITE — LABEL 4) ..ottt 27
FIGURE 14 ARCHITECTURE DIAGRAM OF MAJOR COMPONENTS (A) NON-LOCAL BLOCK, (B) NLMET, (C) RESIDUAL
UNITS WITHIN A RESIDUAL BLOCK, OF THE NLMET BM DETECTION NETWORK, (D) PLACEMENT OF NON-LOCAL
BLOCKS IN NLMET AND CONFIGURATION L. .ottt 33
FIGURE 15 REPRESENTATIVE AXIAL SLICE OF A BRAIN MRI STUDY (A) ORIGINAL IMAGE FROM T1 SPIN-ECHO POST-
CONTRAST SEQUENCE (B) CORRESPONDING GROUND TRUTH PROVIDED BY BRAINMETSHARE AND (C) RESULTING
BOUNDING BOX WITH COORDINATE LOCATIONS OF THE TUMOR CENTROID GENERATED BY CONNECTED
COMPONENT ANALYSIS AND CONSIDERED AS GROUND TRUTH FOR THE DETECTOR NETWORK ON THE POST-
PROCESSED IIMAGE ...ttt e e bbbt h bbbttt ettt eb ettt et ea e ene s 34
FIGURE 16 FLOWCHART DESCRIPTION OF CAVEAT. PSEUDO LABELS WERE GENERATED WITH SUCCESSIVE LEVELS
OF CONFIDENCE AND LESIONS WERE SELECTED BASED ON VOLUME ..o 37
FIGURE 17 FROC CURVES FOR THE CAVEAT METHOD AT DIFFERENT ITERATIONS EVALUATED AT 1/4,1/2,1,2,4,8
FP/PATIENT .ttt Lttt 40
FIGURE 18 DETECTED LESIONS FROM THE BRAINMETSHARE DATASET IN SIX REPRESENTATIVE PATIENTS WITH
LESIONS OF VARYING SIZES (A) SMALL METASTASIS 2MM IN SIZE, (B) LARGE METASTASIS, MEASURING SMM (C)
TWO FALSE POSITIVES (D) ONE FALSE POSITIVE (E) ONE FALSE POSITIVE (F) ONE FALSE POSITIVE........cccooveveee. 42
FIGURE 19 DEPICTION OF THE NON-LOCAL RESPONSE AT 3 PRE-DETERMINED LOCATIONS USING NLAM (A)
GROUND TRUTH OF TUMOR IN A REPRESENTATIVE PATIENT WITH 240X240 RESOLUTION (B) PATCH OF 128X128
WHICH DENOTES THE QUERY REGIONS OF NLAM (C) NLAM NEAR TUMOR REGION 1 (D) NLAM NEAR NON-TUMOR
REGION 2 (E) NLAM NEAR NON-TUMOR REGION 3. THE COLOR BAR CORRELATES THE COLORS SHOWN ON THE

HEATMAP TO THEIR NLAM VALUES. .....oi s 43
FIGURE 21: (A) SHOWS THE GROUND TRUTH WITH START_SLICE AT THE HIGHEST Z SLICE (B) AFTER
REALIGNMENT, NOTICE THE GROUND TRUTH IS NOW SITUATED WITHIN THE LESION ..., 48

FIGURE 22: STROLLNET MODEL ARCHITECTURE COMPONENT DIAGRAM .......oooiiiiiiiiiiiii 50



FIGURE 23: DISTRIBUTION OF TUMOUR DIAMETERS IN PATIENT DATA FROM THE BRATS AND SUNMET DATASET
(NOTE THAT Y-AXIS IS IN LOGARITHMIC SCALE)......cuiiiiiieiiiieiieiiiee ettt 51
FIGURE 24: FLOWCHART OF THE DATA COLLECTION AND SELECTION PROCEDURE OF THE SUNMET DATASET.. 52
FIGURE 25: TUMOR DIAMETER DISTRIBUTION BETWEEN TWO DATASET BRATS MINI DATASETS D1 AND D2 AND
SUNMET. DATAPOINTS IN D1 AND D2 ARE SELECTED BASED ON THE LESION DIAMETERS AND PLOTTED IN THE
GRAPH TO GET A DISTRIBUTION AS CLOSE TO THE PRIMARY SUNMET DATASET. (NOTE THAT Y-AXIS IS SCALED
LOGARITHIMICALLY) 1otttk ettt eb ettt en et 54



8 List of Tables

TABLE | OVERVIEW OF BM SEGMENTATION/DETECTION APPROACHES USING CNNS .....coooviiiiiieiiiiecceee, 6
TABLE Il DISTRIBUTION OF PATIENTS’ DEMOGRAPHICS IN THE BRATS, DUKE AND SUNMET DATASET (AGE
INFORMATION HAS BEEN REDACTED FOR PATIENT CONFIDENTIALITY) wooviiiiiieeeei e 10

TABLE Ill: ABLATION STUDIES ON THE EFFECTS OF INDIVIDUAL COMPONENTS OF THE CASPIAN BLOCKS ON DICE
SCORE AND HAUSDORFF95 - ALL MODELS ARE TRAINED FOR A TOTAL OF 250 EPOCHS FOR THE BRATS 2018

VALIDATION DATASET ettt ettt ettt ettt et ettt e et et e et e et e e eeeenneennes 25
TABLE IV RESULTS OF BRATS2018 VALIDATION SET OBTAINED FROM THE ONLINE VALIDATION TOOL AND FROM
PUBLISHED RESULTS. ettt etttk et ekttt etk e bttt ekttt ekt e bt e bttt et 27

TABLE V COMPARISON OF DIFFERENT SELF-TRAINING METHODS USING CASPIANET++ AS THE TEACHER AND
STUDENT MODEL. UNLESS INDICATED OTHERWISE, EACH ITERATION IS TRAINED FOR A TOTAL OF 300 EPOCHS.

....................................................................................................................................................................................... 28
TABLE VI PERFORMANCE RESULTS FOR THE BRATS2020 VALIDATION DATASET FROM THE ONLINE EVALUATION
PLATFORM .ttt 29
TABLE VIl PATIENT DEMOGRAPHICS OF BRAINMETSHARE, SUNMET AND BRATS DATASET™ ..ocviiiiiiciieie, 38
TABLE VIII SUMMARY OF THE DETECTION METRICS FOR VALIDATION DATA ON BRAINMETSHARE AND SUNMET
FOR THE BASE MODEL, CONFIGURATION 1T AND NLMET ..ottt 39

TABLE IX DETECTION PERFORMANCE 5-FOLD CV ON BRAINMETSHARE AND SUNMET ON THE NLMET MODEL . 39
TABLE X BRAIN METASTASIS DETECTION PERFORMANCE OF NLMET (NON-LOCAL METASTASES DETECTION)

WHEN TRAINED WITH THE CAVEAT METHOD. ..o 39
TABLE XI WILCOXON PAIRED TEST RESULTS FOR SENSITIVITIES FOR SELECTED EXPERIMENTS CONDUCTED AT
P05, e 40
TABLE XII SENSITIVITIES AT DIFFERENT ITERATIONS AT 1/4,1/2,1,2,4,8 FP/PATIENT BASED ON THE FROC CURVE IN
FIGURE L8 ..t h bbb b bbbt bbbt bt bbbt bbbt bttt ettt bbbt eee s 41
TABLE XIlI: DISTRIBUTION OF PATIENTS DEMOGRAPHICS IN THE BRATS, DUKE AND SUNMET DATASET (AGE
INFORMATION HAS BEEN REDACTED FOR PATIENT CONFIDENTIALITY) coeuiiiteieiiieieieeiee e 52
TABLE XIV: SUMMARY OF THE DETECTION METRICS FOR SUNMET VALIDATION DATA ON VARIOUS
CONFIGURATIONS OF STROLLNET TRAINED ON SUNMET TRAINING DATA ... 53
TABLE XV: SUMMARY OF DETECTION METRICS FOR SUNMET VALIDATION DATA ON STROLLNET2 WITH DATA
FUSION STRATEGIES ...ttt a et b e bbb bbbttt ettt ettt et ettt ene s 53

TABLE XVI WILCOXON PAIRED TEST RESULTS FOR SENSITIVITIES FOR PHYSCISION EXPERIMENTS FROM TABLE XV
CONDUCTED AT PO.0O5. ettt ettt ettt ettt ettt ettt ettt e et et e nene e 54



9 List of abbreviations

2D - 2 Dimensional

3D - 3 Dimensional

BD - Breast Density

BM -Brain Metastases

BraTsS - Brain Tumor Image Segmentation Dataset

CT — Computed Tomography

CAD — Computer Aided Diagnosis

CNN — Convolutional Neural Networks

CASPIAN - Channel and Spatial Asymmetric Attention
CAVEAT - Confidence and Volume Based Domain Adaptation
DMF — Dilated Multi-Fiber

ET - Enhancing Tumor

FP — False positives

FP/patient - FP rate per patient

FROC - Free receiver operating characteristic curves

GPU — Graphical Processing Unit

HGG - High Grade Glioma

HFS - head-first supine

LGG - Low Grade Glioma

MRI — Magnetic Resonance Imaging

MT - Molecular type

NLB - Non-local block

NSCL — Noisy Student Curriculum Learning

NLAM — Non-local attention maps

PHYSCISION - Physical attributes and clinical factors data fusion
RPN - Region Proposal Networks

SRS - Stereotactic radiosurgery

STROLL - Short-Range dependencies for non-local

SUNMET - Sunway Medical Center Brain Metastases dataset
T1-MPRAGE — T1 Magnetization Prepared - Rapid Gradient Echo
TC - Tumor Core

WT - Whole Tumor



1 Introduction
1.1 Motivation

Brain and nervous system tumors are the primary cause of mortality in young adolescents below the age of 20
[1]. In 2022, it is estimated that 18280 deaths will result from brain tumors in the United States alone. Brain
cancers are classified into primary and secondary, depending on the origin of the cancerous cells. Treatment of
brain tumors typically consists of irradiating the tumor bed while exercising caution in avoiding healthy cells in its
proximity. To minimize the impact of radiation on healthy cells, accurate determination of tumor volumes is
paramount [2]. Conventionally, oncologists manually register the gross tumor volume by outlining 2D images one
by one (this could be in the hundreds for a single patient) [3]. This process is repetitive, time-consuming, and
prone to human error. Additionally, researchers found significant interobserver disagreement between the
location of a tumor, suggesting that this could be the reason for the poor prognosis of brain tumors [4]. To this
end, an automated scheme to differentiate tumors from healthy brain cells will overcome difficulties in manual
identification.

The research centers on accurate detection of primary and secondary brain tumors. We can largely breakdown
our approach into three phases namely: 1) segmentation of primary gliomas, 2) detection of primary and
secondary brain tumors and 3) improve accuracy in detection of primary and secondary brain tumors using out —
of —domain datasets. In Phase 1, the main focus was on primary gliomas, which are the most common primary
brain cancer. The prognosis is bleak, where the five-year survival rate of primary gliomas is only 5.6%. Accurate
brain tumor segmentation which delineates healthy regions, and unhealthy (tumors and necrotic) regions is
crucial to assist in early diagnosis, treatment, and monitoring of disease progression [5]. However, developing
lesion segmentation algorithms with high accuracies to which it is clinically acceptable is not without its
challenges. The heterogeneity of lesions in its appearance, locality, shape, size and number of occurrences
complicate the development of segmentation rules [6]. In Phase 2 & 3, our work shifts to secondary brain
metastases (BM), the most common neurologic complication of cancer [7]. In deep learning applications for
medical images, fully annotated data is insufficient to train the network to a good accuracy. To increase data
volume in the training set, out —of - domain datasets are jointly used in deep learning applications. Another source
of data comes from unlabeled medical images, which are pseudo labeled via self-training paradigms.

Authors have contended that classical machine learning methods suffer from its inability to generalize as it
depends on hand-crafted features [8]. Using these hand-crafted features may not hold as lesions vary in shapes
and sizes from patient to patient. With the availability of affordable and powerful GPUs, interest in deep learning
methods has proliferated and achieved accuracies that surpass classical machine learning methods.

To date, the failure of CAD systems to be adopted clinically is due to the copious amounts of false positives which
creates overheads for radiologists [9]. Deep learning approaches have been applied by many in commercial
naturalimage and language processing applications. However, the progress in medical image processing is slower,
due to the scarcity of datasets available for training. There are only a handful of public medical imaging datasets,
of which the largest contains 1200 patients compared to natural images which can contain up to 14,000,000
datapoints.

1.2 Problem Statement

This thesis looks at two primary brain MRI datasets — one is a publicly available dataset Brain Tumor Image
Segmentation Dataset (BraTS) consisting of primary gliomas and the other is a dataset obtained from Sunway
Medical Center with brain metastasis patients. This dataset shall henceforth be known as Sunway Brain
Metastases Dataset (SUNMET). While these two datasets contain malignancies affecting the same anatomy, there
are differences in morphology which affect how the problem is addressed. Physical traits aside, there are also
technical considerations in the dataset structure.

Metastases and primary gliomas are fundamentally different because of their size and multiplicity. Metastases
found in SUNMET are between 2-40mm whereas primary gliomas are around 100mm in diameter. Some



metastases detection systems may ignore any lesions 10mm and under due to its poor visibility and to lower false
positives. However, Gamma Knife Therapy procedures are sensitive up to 0.5mm - so detection of smaller
metastases will enable treatment to be provided when lesions are smaller and less invasive. However, smaller
structures prove difficult to detect because they look like blood vessels —which introduces more undesirable false
positives.

In larger structures such as gliomas, where accurate identification of structures is crucial for treatment and follow-
up, it is no longer possible to simply localize the lesions as done in metastases. Here, segmentation is required to
delineate accurately the different regions within the primary glioma. The three regions to be identified vary based
on the category of the glioma and the disease progression when the MRI was captured. On top of this being a
multiclass segmentation problem, we had to contend with severe data imbalance between the edema and other
tumor regions.

As with most disease or anomaly-based datasets, it is common that there are not as many samples given that a
disease affects a small proportion of the human population. This is also common in credit card transactions, where
there could be a handful of illicit transactions out of many legitimate ones. This presents a few problems in training
a deep learning architecture. Firstly, it is widely known that deep learning system generalizes on many examples.
Next, an algorithm trying to maximize correct predictions to predict the outcome of the most prevalent class —
which in our case is healthy tissue.

1.3 Research Objectives

The objectives are listed below:

1. To develop a deep learning architecture capable of brain tumor segmentation

2. To investigate self-training methods to leverage unlabeled data to improve the segmentation performance
3. To prepare a fully annotated dataset based on MRI data from 172 patients from SUNMET dataset

4. To develop a system to detect metastases on SUNMET data

5. To investigate the effectiveness of combining in-domain and out-of-domain data to improve the performance
of metastases detection and to improve generalizability of the model

6. To evaluate the importance of attention mechanisms towards improving deep learning architectures

1.4 Research Contributions

Our main contributions are: -

1. CASPIANET++, A morphological based multidimensional spatial and channel attention for brain tumor

segmentation

Implemented Noisy Student Curriculum Learning paradigm to leverage unlabeled data

SUNMET, a fully annotated dataset of 121 patients with brain metastases

NLMET is a brain metastases detection architecture with non-local block support

CAVEAT, an adaptive approach that combines gradual domain adaptation and self-training of in-domain

and out-of-domain datasets to overcome data scarcity in the SUNMET dataset

6. STROLLNET, an improvement to NLMET consisting of an architectural update to the non-local block in
NLMET which utilizes short range dependencies in non-local blocks

7. PHYSCISION, a dataset fusion paradigm which harnesses out-of-domain datasets to improve the training

A W

1.5 Thesis Organization

This dissertation will describe the deep learning architectures along with the learning paradigms used for primary
glioma segmentation and secondary brain metastases detection. The thesis is organized as follows:



Chapter 2 provides an in-depth review of segmentation and detection architectures in deep learning. It consists
of a description of the open-source datasets earmarked for investigation to alleviate data scarcity. This chapter
also explores alternative methods to co-train these datasets from semi supervised learning to self-training.
Subsequently, the discussion diverges into two separate tasks, one on primary glioma segmentation and the other
on secondary metastases detection.

Chapter 3 gives an overview of all the datasets used in this thesis, along with an overview of the systems
developed.

Chapter 4 discusses the CASPIANET++ architecture implementation in detail — combining spatial and channel
attention with morphological indicators. In this deep learning landscape, a single dataset is used while leveraging
the unlabeled data in the validation dataset for self-training. Hence, the Noisy Student Curriculum Learning
paradigm was proposed.

Chapter 5 discusses the SUNMET dataset and the corresponding demographic data was presented. The
architecture of the metastases detection system was then described together with CAVEAT learning approach to
combine the primary glioma dataset used previously with the secondary metastases dataset.

Chapter 6 talks about further improvements to be made on the metastases detection system to reduce the
number of false positives. In this chapter, a new non-local block was introduced with attempts to increase the
performance of the metastases’ detection network. In efforts to augment the work on domain adaptation, breast
cancer datasets were incorporated to further improve the network performance.

Chapter 7 provides context to the work done in the previous three chapters and recap all the outcomes from the
project. Here, the limitations of the work will be addressed together with any potential improvements.

2 Literature Review
2.1 Overview

Convolutional neural networks (CNNs), deep learning and large datasets are the trifecta in the advancement in
image segmentation and detection. Deep learning networks were created on the pretext that a single CNN layer
7x7 kernel offers less information and uses more parameters than a two-layer 3x3 kernel implementation.
Modern image detection architectures such as Region Proposals Networks (RPN) are based upon CNNs trained
on thousands of natural images [10].

To date, CNN based methods remain state-of-the-art for medical image detection — specifically in our area of
interest, brain tumor segmentation [6][{11] and brain metastases detection [12]-[16]. In deep learning
applications for medical images, the volume of fully annotated data is often insufficient to train the network to a
good accuracy.

In this section, we detail the popular segmentation and detection architectures used for medical tasks and discuss
attention mechanisms for region saliency. Next, we address techniques to alleviate data scarcity in medical
images, particularly in Semi Supervised Learning techniques and Domain adaptation.

2.2 Brain Tumor Segmentation and Brain Metastases Detection

Here, we discuss two major tasks in our study, the first involving segmentation of brain tumors on the BraTS
dataset, developed as an annual competition dataset. In brain tumor segmentation every pixel in an MRI scan is
assigned a class label to differentiate tumor regions and its background. For the SUNMET dataset, the ground
truth is given by a means of a line or RECIST definitions, which can be transformed into a detection task. Detection
tasks localize the lesion using centroid coordinates and diameter and is not concerned with class of each pixel in
the MRI. Though both tasks are performed using deep CNN networks, we review the algorithms available for brain
tumor segmentation and brain metastases detection separately.



2.2.1 Brain tumor segmentation algorithms

In the BraTS 2013 online evaluation system, the Cascaded Two-Pathway CNN architecture outperformed state-
of-the-art methods in accuracy and speed [11]. The two-pathway architecture has two kernels of different
dimensions to provide both local and global context to the model. Additionally, cascading provides additional
information on nearby pixels to overcome the problem of uncorrelated predictions in adjacent pixels. A similar
two-pathway architecture proposed in [17] replaces one of the CNN layers in the cascade with an Inception
network. Both approaches use a patch to label a single pixel, which is resource intensive and time consuming.

While patch-based architectures predicting the label of a center pixel described in [18] emerged top in the
Electron Microscopy challenge in 2012, processing results was slow, and there was redundancy due to overlapping
patches. Additionally, providing the network with bigger patches required more max-pooling layers, which
affected the localization accuracy. Conversely, reducing patch sizes caused a reduction in contextual information.
Work on cascaded hierarchical models trained at different resolutions showed that it was possible to provide the
classifier with both localized and contextual information [19]. While schemes above are the most popular choices
for classification tasks, they produce pixel-wise segmentation from patch-based inputs, which is computationally
expensive for slice-wise MRI data and large datasets.

Popular CNN architectures such as AlexNet, VGG nets, and GoogleNet, originally built as classifiers, were adapted
to produce dense inference for semantic segmentation. CNN classifiers inherently learn objects’ heatmaps,
wherein by replacing the classifier layer with a convolution layer, the network can perform dense inference [20].
To achieve end-to-end semantic segmentation, researchers have drawn upon the autoencoder structure,
consisting of an encoder, which extracts feature maps, and a decoder to decode information in the feature maps
to produce an output segmentation [21]. The most popular end-to-end architecture is UNET, which won first
place in the ISBI cell tracking challenge in 2015 [22]. The UNET architecture is significant in biomedical image
segmentation and will form the base model for the work outlined in this thesis, therefore a comprehensive
description of the architecture is deemed necessary.

The input image is subjected to two successive 3x3 convolution and RelLU blocks, followed by a 2x2 max pooling
operation with a stride of 2 for downsampling. The downsampled images are subjected to convolutions to double
their feature maps. These maps facilitate classification tasks by acting like feature detectors for the input image,
with earlier layers detecting lower-level features such as edges. In comparison, deeper layers extract shapes and
patterns. As layers in the contracting path go deeper and deeper, the max pooling operation downsamples the
image, as the convolutions had transformed spatial information into more complex representations. In essence,
it has lost data on “where” while gaining knowledge on “what” is in the image.

The expanding path of the UNET is symmetric to the contracting path. The main idea of the expanding path is to
decode the feature information encoded by the contracting path. Recall that spatial information is lost during the
contracting path, so the expanding path attempts to reconstruct them through up-convolutions. The
reconstructed output will produce the predictions for the classification tasks. Skip connections are applied by
concatenating the output of the expanding path with the output of the up-convolutions serving as auxiliary spatial
information for the decoder. The concatenations are fed into two 3x3 convolutions and ReLU block (similar to the
contracting path) to facilitate more precise localization of predictions.

However, the vanishing gradient problem limits the UNET architecture from having deeper layers. The FusionNet
approach takes from the ResNet architecture, adding residual blocks to allow more information flow across the
network and to increase network depth [23]. This method outperforms the original UNET in electron microscopy
segmentation tasks. In [24], an auxiliary autoencoder network is used in conjunction with the primary network to
overcome the vanishing gradient problem. The concept of autoencoder regularization is also described by [25],
the winning architecture for the BraTS 2018.

Despite the shortcomings of UNET, the second runner up of the BraTS 2018 competition showed that a well-
trained vanilla UNET implementation complemented with additional training data, post-processing methods,
region-based training, and loss functions can still perform very well [26]. The team showed that their UNET
architecture fared better than the BraTS 2018 winning architecture in segmenting enhancing tumor (ET) regions.



ET regions (denoted by the label 4) in HGG patients are particularly challenging to segment [27]. Participants
across the board report lower dice coefficients for the ET region compared to the whole tumor region in the BraTS
competition [25], [28], [29],[30]

Most of the deep learning models reviewed so far utilize 2D operations, which appear counterintuitive as 3D MRI
brain images are processed individually and reconstructed to 3D. Deep learning applications on 2D data results in
a loss of contextual representations in the 3™ dimension. Other roadblocks preventing 3D type architectures are
slow inference times of 3D convolutions and limitations in GPU processing power. Hybrid versions of 2D CNN
architectures termed as 2.5D methods use coronal, axial, and sagittal views as channels in a 2D CNN
implementation [31]. Another 2.5D scheme described in [32] has nine paths from normalizations of coronal, axial,
and sagittal planes fed into a 2D CNN architecture. The model extends into 2.5D with the introduction of a
postprocessing block consisting of 3D convolutions for the ensembling of results from multi-pathways to form a
3D output for predictions. While these hybrid methods benefit from having fewer weights and is computationally
more efficient and reports improvements over their 2D counterparts, they are effectively using slice-wise
information and completely ignore the volumetric information contained in 3D MRI data.

DeepMedic is an 11 layer 3D Fully CNN, leveraging on dense predictions described in [21], for more efficient 3D
processing. DeepMedic features a dual pathway for multi resolutions quite similar to that described in [11] with
a Conditional Random Field for post-processing [6]. The winning team in BraTS 2017, was the same team that
developed DeepMedic. Their winning method, Ensemble of Multiple Models and Architectures (EMMA),
combined the strengths of two DeepMedics, three UNETs, and three FCNs [20]. Models were trained under
different configurations and input sizes, each producing a class confidence map. The label with the highest
confidence is assigned as the voxel label. BeEMMA increased the robustness of neural networks from suboptimal
configurations, and from making unpredictable errors [28]. Ensembling also removes variances from different
model architectures, hyperparameters, and configurations that inherently perform better on certain structures.

Model cascading is another intuitive approach to solving detection problems where a first layer model detects a
whole tumor, and the result is used on subsequent layers to identify more intricate details of the lesions (such as
the enhancing tumor region, etc.). In 3D schemes, model cascading is cumbersome and costly as it requires the
use of multiple networks and training. Therefore, authors in [33] proposed the OMNet architecture, which
consists of a shared backbone model and utilizes a curriculum learning method by training the model with the
most straightforward task first.

2.2.2 Brain metastases detection

To the best of our knowledge, deep learning methods for brain metastases (BM) detection are mainly conducted
on private datasets. The largest study involves 1652 patients from 3 hospitals using a cascaded CNN strategy, one
for detection of regions of interest and the other for segmentation [34]. Other methods had used established
architectures such as GoogleNet [14], Faster RCNN [12] and DeepMedic [13]. Table | provides a summary of the
sensitivity and FP/scan of various BM detection methods. However, we cannot adequately compare methods
because the datasets are different. Secondary BMs could originate from a host of different primary cancers, which
may influence the appearance and size of the BMs [35]. To highlight the diversity in these datasets, each one we
reviewed contain different distributions of primary cancers dataset while the dataset from Jlinger et al. contained
only BM from Non-small Cell Lung Cancers (NSCLC) [10]. Recently, the team at Stanford has made the
BrainMetShare dataset publicly available, which we utilize to assess the performance of our method [14].

To improve sensitivity and reduce false positive (FP) detections of BM, two-stage pipelines were proposed using
Laplacian of Gaussian operators in generating regions of interest [36] and using FP reduction methods as a
postprocessing step [12]. While two-step methods proved effective, CNN based single pass methods such as
modified GooglLeNet [14] and DeepMedic [13] are preferred because of its simplicity. To achieve performances
on par with two-step methods, our work explores enhancements to the network from an architecture and training
strategy standpoint.

In evaluating the performance of the BM detection methods, it is found that the FP improved significantly when
lesions below 10mm were excluded [14], and similar observations in missed detections were noticed in [13], [37].



This proves that smaller BMs are difficult to detect, with its poor contrast, minute size and similarity to blood
vessels. Because of the unmistakable parallels of size and multiplicity in lung nodules and BM, we adapt a
competition winning lung nodule detector architecture as the basis for brain metastases detection [38].

Table | Overview of BM Segmentation/Detection Approaches Using CNNs

Authors MRI Sequence Number of patients BM diameter  Sensitivity Reported
(mm) FP/scan

Jingeretal,  Multiseq.? 98 (Train 66, Test N/Ad 85.1 1.5

2021 [13] 17)

Zhang et al., Axial postcontrast 3D 121 (Train 73, Test N/A 96 20

2020 [12] T1-weighted imaging 48)

Grgvik et al., Multi seq.? 156 (Train 105, Test  N/A 53 8.3

2020 [14] 51)

Xue et al., 3D-T1-MPRAGE 1201, 4-fold CV N/A® 100 N/A

2020 [34]

Dikici et al., Gadolinium T1- 158, 5-Fold CV Mean: 5.4 90 9.12

2019 [36] weighted 3D Median: 4.6

Charronetal., Multiseq.c 182 (146 Train, 18 Mean: 8.1 93 7.8

2018 [39] Validation, 18 Test) Median: 7

aT1-/T2-weighted, T1-weighted contrast-enhanced (T1CE; gradient-echo and spin-echo sequences), and FLAIR
b Pre- and post-gadolinium T1-weighted 3D fast spin echo (CUBE), post-gadolinium T1-weighted 3D axial IR-
prepped FSPGR (BRAVO), and 3D CUBE fluid attenuated inversion recovery (FLAIR) sequences.

¢T1-weighted 3D MRI with Gd injection, T2-weighted 2D fluid attenuated inversion recovery MRl and T1-
weighted 2D MRI sequences.

dTest set mean volume: 0.99 + 4.24 cm? (translates to approximately 9.96mm diameter)

€ Minimum diameter 2mm

2.3  Therole of Attention and Non-local blocks in Deep Learning Architectures

2.3.1 Attention mechanisms

As GPU capacity increases, deeper and more complex architectures inspired by these models are being built.
However, in the interest of efficiency and energy conservation, less complex models, which can provide similar
accuracy without the additional computational overhead, are preferred. One promising concept is the Attention
mechanism, which was initially used in natural language processing [40], but has found its way into medical image
segmentation tasks. Attention gates (AG) are embedded into the skip connections of UNET to highlight regions of
saliency by incorporating spatial information from coarser scales to drive the upsampling operation [41]. Similarly,
Squeeze and Excitation (SE) layers were introduced to compute channel-wise importance of feature maps [42].
Both methods suggest spatial and channel information with higher information density are assigned a higher
weightage. However, AG and SE layers rely on stochastic methods and global average pooling to calculate the
spatial and channel importance. Pooling operations may extract regions with the highest intensities, which may
not correlate with regions of the highest anomalies. This is particularly true for the brain region, where some
normal structures of the brain can exhibit high contrast on the MRI.

The main purpose of attention blocks is to bias the network to regions which are densely informative. Attention
gates rely on convolutions and downsampling from coarser scales to extract salient features [43]. Another popular
and efficient approach - Squeeze and Excitation - uses global average pooling to determine channel-wise attention



[42]. Here, spatial information in each channel is compressed into a single weight, so that significant areas may
be ignored. However, this may be detrimental for brain tumor segmentation tasks, since tumorous areas may be
inadvertently left out, in favour of higher intensity regions. While the original SE layers focus on channel-wise
attention, this was extended to include spatial and channel squeeze and excitation in [44]. The proposed Attention
UNET architecture added AG to skip connections in the expansive path, neglecting to incorporate attention to the
contracting path [43]. While these methods have used fully-connected and pooling layers to obtain averages of
spatial or channel information, they may not reflect the exact tumorous regions.

Despite advancements in deep learning methods, techniques borrowed from classical machine learning work can
be incorporated to further improve segmentation accuracy. Classical brain tumor segmentation methods mimic
radiologists by utilizing the assumption of bilateral asymmetry of the brain to localize tumor regions [45][46]. One
method uses fixed templates to determine asymmetry, which may not be able to account for structural variations
in patients [45]. Another method requires an estimate of the mid-sagittal plane, which would introduce some
uncertainty since there could be structural differences between patient scans [46]. In [47], the shortcomings
described in the earlier methods are addressed by assuming a simple contralateral flip of feature maps. However,
the method assumes feature maps across channels carry similar information, negating any channel importance
emphasized in the SE blocks.

Our method proposes to use the inherent asymmetry in tumorous organs [48][10][23] as attention maps. The aim
of incorporating this asymmetric information in network layers is to highlight boundary regions which have proved
difficult to segment due to lack of contextual information [49]. However, the authors in [47] highlighted that while
the flip method fared better for whole tumor structures, it did not perform well on finer structures such as
enhancing tumors. To address this, we incorporate multidimensional asymmetry, through a dual scale asymmetric
attention scheme [50][51] calculated on three planar views to provide additional spatial context to the attention
map.

2.3.2 Non-local blocks

Deep learning architectures consist of convolutional operations which are primed to extract information from its
local neighborhood. In 3D medical applications, convolutional operations may not be sufficient to capture
information of objects of interest that are volumetric in nature. In this regard, Attention and Squeeze and
Excitation methods highlight regions of interests through saliency maps [40], [42]. However, these methods
evaluate an overall map from feature maps, which is less precise than non-local blocks as the latter model long-
range dependencies at each pixel position [52]. The non-local block’s approach to model a pixel’s response in
relation with the entire volume is advantageous in detecting BMs as presence of small lesions are observable
across a few slices [52].

2.4 Methods in Semi-supervised learning

Deep neural networks require large amounts of labeled data, while expert labeling is costly and time-consuming.
Conversely, data that is unlabeled is abundant and easily obtainable. To this end, semi-supervised learning
methods are used to train networks with small amounts of labeled data and large portions of unlabeled data. For
semi-supervised learning in medical image analysis, they fall into two broad categories, one for “self-training” and
the other for regularization via graph-based methods and Support Vector Machines [53].

One of these methods is pseudo-labeling, which uses predicted values of unlabeled data for entropy
regularization, enabling the network to generalize better and to reduce classification error [54]. In pseudo-
labeling, the network is trained with labeled data as it usually would, and pseudo labels are used in the fine-tuning
phase. In the fine-tuning phase, the network will be used on unlabeled batches to obtain pseudo labels.
Subsequently, the training will be performed by evaluating the loss on the pseudo-labeled batch and labeled data
(see Figure 1). The weighted pseudo-labeled loss acts as a regularization term, and it is slowly increased as the
number of epochs increases.
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Figure 1 Flowchart of the pseudo-labeling method

Authors have incorporated a Conditional Random Field into the pseudo labeling method in MRI cardiac images
with vast improvements to the Dice score [55]. Errors in a misclassified pseudo-label tend to get augmented by
the network in successive iterations. By training networks on coronal, axial, and sagittal planes, these errors can
be minimized [56]. A more straightforward approach of using soft pseudo labels showed that ensuring a minimum
amount of labeled data in a batch and mix-up augmentation is adequate in overcoming confirmation bias [57].
Taking a different approach, these authors generate pseudo labels using nearest neighbor graph-based methods
rather than relying on predictions on the network itself [58]. Decoupling the models used for pseudo-labeling and
training aims at reducing the confirmation bias faced by traditional pseudo-labeling schemes.

2.4.1 Data scarcity in Medical Datasets

In deep learning applications for medical images, fully annotated data is insufficient to train the network to a good
accuracy. To alleviate this, models are pre-trained from thousands of natural image datasets [59]. However,
transfer learning from natural image to medical imaging tasks did not appear to improve performance [60], as
natural images are inherently different from medical images. Highly specialized transfer learning where the source
data and target are medical applications, seems to fare better [61].

To increase data volume in the training set, auxiliary datasets are jointly used in deep learning applications.
Datasets with small domain gaps tend to perform better when trained together, and domain adaptation is key to
narrow the domain gap. Another source of data comes from unlabeled medical images, which are pseudo labeled
via self-training paradigms. Because self-learning is iterative in nature, achieving good accuracies require few
iterations, which is costly and time consuming [62]. Ultimately, the law of diminishing returns prevails after 3-4
iterations [63]. Another unknown is the uncertainty of the pseudo labels, which has been a topic of deep learning
research [64]. Few-shot object detection methods use small data volumes, but the accuracy achieved is still far
from those in classic object detection [65].



2.4.1.1Semi-Supervised Learning in Medical Datasets

The acquisition of fully-annotated medical images for supervised learning for segmentation tasks is limited and
costly, compared to the availability of unlabelled images. To overcome this, transfer learning on encoders trained
with out-of-domain ImageNet data was proposed for brain tumor segmentation [66]. However, as only three
modalities were used in finetuning to conform with the RGB channels of a pretrained ResNet34 encoder, results
did not favour a four-modality MRI dataset. Pseudo labelling was used to train labelled and unlabelled data
together with a weighted unlabelled loss which increased with epochs, as the confidence of the pseudo labels
improved [67]. In brain image and Covid-19 segmentation tasks, pseudo labels were augmented with MixUp with
data from hidden layers in [68]. The Noisy Student method showed that adding noise during self-training
improved classification tasks [69]. This study was extended to semantic segmentation, which showed that self-
training helps accuracy where pre-training may not [62].

Much success has been demonstrated in self training for classification, particularly for large datasets. The
application of self-training to semantic segmentation is briefly explored in [62]. However, for brain tumor
segmentation, the Noisy Student method has yet to be explored. In line with the academic theme of teacher-
student training, we incorporate the idea of curriculum learning to the teacher-student iterations. Curriculum
learning advocates learning tasks with increasing difficulty to improve generalization of the network [70]. The
difficulty of a sample could be determined by the disease severity classified by a physician [71]. However, there
could be an inverse relationship between disease severity and the sample difficulty. Another easy-to-difficult
strategy involves training the network in a coarse-to-fine fashion, to expose the network to large tumor regions
before moving on to finer structures [49].

Here, we propose a simple yet effective way to increase the complexity of our data through the addition of noise.
Our teacher model starts off with training on only labelled images from the dataset. Subsequently, we inject
uncertainty by joint training with pseudo labels, and we progressively add more augmentations so that the model
can learn more difficult scenarios.

2.4.1.2 Domain Adaptation in Medical Datasets

It is widely accepted that to sufficiently train the neural network, large volumes of annotated data are required
to achieve good results. The original Faster-RCNN paper was benchmarked against the PASCAL VOC 2007, which
contained 5000 training and 5000 test images [10]. In contrast, a Faster-RCNN used in BM detection used 73
patients for training and 48 for testing [12]. The scarcity of data is more pronounced in medicine, from concerns
of ethics in data collection to getting a team of radiologists to dedicate time on top of their daily workload to
process the MRI images in the dataset. Models Genesis demonstrated that a model trained on chest CT images
contained domain-transferable qualities for other different domain medical datasets [61]. However, same-
domain training is favored over training on different domains because of the smaller knowledge gap in learned
representations.

Model performance is measured by its ability to generalize on unseen test data. Oftentimes, a model trained on
a homogenous data source will not perform well when presented with data from different acquisition protocols
or different hospitals [72]. This phenomenon is common in medical data where different contrast, settings,
machines, and modalities could cause domain shifts. Self-training paradigms that incorporate unlabeled data and
auxiliary datasets have been shown to narrow these domain gaps [61], [73]. To reduce joint-training domain
conflict, dynamic convolutional networks can be employed to overcome the domain shifts, but it is
computationally intensive [74].
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3 Datasets and Overview of Preliminary methods
3.1 Overview

There are four datasets, which constitute all the datasets involved in this thesis. Initial work was carried out on
the BraTS dataset for segmentation tasks while unlabeled data in the validation set was used on curriculum
learning mechanisms. Subsequently, for the task of brain metastases detection on SUNMET, BraTS was used as a
helper dataset as it was found that co-training led to performance improvements [26]. To study domain
adaptation of large and small domain gaps, two more datasets, BrainMetShare and DUKE Breast Cancer dataset
were used in gradual self-training and data fusion methods. Table Il contains information of all 4 datasets to be
discussed in this thesis.

3.1.1 Declarations

The internal ethics review board approved the use of the dataset in this study (reference number: 2019-19668-
35727). Since the study was retrospective, the requirement for written informed consent was waived by the ethics
committee of Sunway Medical Centre.

Table Il Distribution of patients’ demographics in the BraTS, DUKE and SUNMET dataset (age information has been
redacted for patient confidentiality)

BraTS BrainMetShare SUNMET DUKE

Total number of patients | 1251 156 121 910

Gender distribution Male: N/A Male: 51 Male: 56 Female: 910
Female: N/A Female: 105 Female: 65

Organ affected Brain Brain Brain Breast

8-12: 44 (5%)
>12: 349 (37%)

4-10: 47 (30%)
>10: 45 (29%)

8-12: 150 (51%)
>12: 231 (46%)

Cancer Type Primary gliomas Brain Metastases Brain Metastases Breast cancer
Primary cancer Glioblastoma Lung:99 Breast:3 Breast:910
multiforme:1251 Breast:33 Pituitary:3
Skin/melanoma:7 | Lung: 12
Genitourinary:7 Skin:1
Gastrointestinal:5 | Spinal cord:2
Miscellaneous:5 Colon:1
Cancers of Unknown Primary
(CUP):99
Lesion sizes <7:541 (58%) <3: 64 (41%) <7:338 (3%) <7:0(0%)

8-12: 24 (3%)
>12: 882 (97%)

*Numbers indicate the number of patients

3.1.2 SUNMET dataset

On SUNMET, post-gadolinium T1-MPRAGE sequences were interpreted by a clinical radiologist with 10 years of
experience on a Carestream workstation (New York, United States). The lesions were manually marked using
“Response Evaluation Criteria In Solid Tumors” (RECIST) guidelines on key slices and saved as DICOM Key Images
for future reference (3). Depending on the size and shape of the metastases, every metastasis was described by
one or two of RECIST diameters accompanied with a length (in mm or cm) to measure the lesion extent.

3.1.3 BraTS Dataset

Gliomas are the most common primary brain tumors in adults [75]. High-grade gliomas (HGG) are rapidly growing
tumors with a median survival rate of 2 years and require immediate medical attention [76]. Conversely, low-
grade gliomas (LGG) exhibit slower development and treatment is often delayed. Irrespective of type, both require
extensive neuroimaging scans for diagnoses, treatment planning and for post-operative evaluations — which are
mainly assessed by a clinician qualitatively [27].
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However, there was no widely accepted method to evaluate the performance of brain tumor segmentation
methods [77]. In 2012 and 2013, twenty teams participated in the Multimodal Brain Tumor Image Segmentation
(BraTS) Benchmark challenge was held in conjunction with the Medical Image Computing and Computer Assisted
Interventions (MICCAI) conference. To evaluate the accuracy of the participating algorithms, a dataset consisting
of MRI scans of LGG and HGG patients with ground truth and a hidden test set was prepared. This dataset was
made available online and teams could submit their segmentation results for evaluation online. The challenge is
now held annually and the dataset has undergone many iterations and additions [27], [77], [78].

BraTS data was manually annotated into four regions (namely edema, tumor core, enhancing core and non-
enhancing core) by up to four experts using a standardized annotation protocol given in [79] using co-registered
T1,T1c,T2 and FLAIR MRI contrasts.

Figure 2 BraTS MRI data in four different modalities (Left to right): (1) FLAIR, (2) T1, (3) T1c (4) T2

The images in the dataset all have the following modalities as shown in
Figure 2 BraTS MRI data in four different modalities (Left to right): (1) FLAIR, (2) T1, (3) T1c (4) T2 [27]:

1) T1: T1-weighted, native image, sagittal or axial 2D acquisitions, with 1-6 mm slice thickness.

2) Tlc: T1-weighted, contrast-enhanced (Gadolinium) image, with 3D acquisition and 1 mm isotropic voxel size
for most patients.

3) T2: T2-weighted image, axial 2D acquisition, with 2—6mm slice thickness.

4) FLAIR: T2-weighted FLAIR image, axial, coronal, or sagittal 2D acquisitions, 2—6 mm slice thickness.

All data are co-registered to the T1c MRI, skull stripped and isotropically normalized to 1mm?3. Four multiclass
labels are provided for the training of the segmentation algorithms (0 — background, 1 — Necrotic core, 2- Edema,
3- Non-Enhancing 4 — Enhancing Tumor)®.

However, during evaluation, these labels are categorized into tumor regions which are more relevant to clinical
applications, namely [27][77]:

1) the “whole” tumor (WT) region (union of all labels i.e., 1, 2, 4)

2) the tumor “core” (TC) region (union of 1 and 4)

3) and the “active” tumor (ET) region (only containing the “enhancing core” structures that are unique to high-
grade cases).

Based on the evaluation of the manual segmentations, it is found that the WT region was easily identifiable in
both HGG and LGG cases, while the TC regions in LGG and ET regions in HGG were more difficult to determine. As
the BraTS dataset is constantly updated, as of time of writing, this thesis will cover the use of BraTS 2018, 2020
and 2021.

! Label 3 has been eliminated beginning from BraTS 2017 as there was potential it could have been mislabeled
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3.1.3.1Class Imbalance in BraTS dataset

In medical images, the amount of healthy tissue is more substantial than lesions, leading to prediction outcomes
that favor the majority class [80]. Indiscriminate application of machine learning methods without consideration
of class imbalance leads to unfeasible results [81].

(a) Distribution of labels in 210 HGG (b) Distribution of labels in 75 LGG
patients patients
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Figure 3 Number of labels per class in HGG and LGG data from the BraTS 2018 datasets

BraTS data suffers from a similar fate where there are more background and healthy tissue than lesions. As can
be seen in Figure 3, there is at least a thousand times more background than the other classes combined. For a
deep learning algorithm learning to generalize, it would seem obvious to predict all pixels as background to
minimize the loss function. Once again, subplots (c) and (d) show an apparent imbalance between foreground
classes (labels 1,2, and 4).

To counter class imbalance approaches such as modifying learning methods, employing cost-sensitive learning,
and resampling strategies are proposed [82]. The SMOTE algorithm is a popular resampling strategy that
suppresses majority classes and oversamples the minority class through data augmentations for a balanced
dataset [83]. Using the SMOTE technique achieved higher Dice Coefficients for the core and enhancing tumor
regions in the BraTS dataset, corresponding to better performance in the minority class [84]. However, this
technique may inadvertently remove pertinent information or introduce redundancy into the training sets.

In medical image segmentation, a standard approach to counter class imbalance is to use patch-based networks
[85]. It is paramount that effective sampling strategies are used with patch-based networks to obtain equal
distribution between background and foreground regions. DeepMedic’s patch strategy selects segments with a
center pixel that has a 50% probability of being foreground or background [6]. For the segmentation of white
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matter lesions, the lesion centered strategy dictates that patches contain white matter lesions anywhere within
the area [85]. A similar procedure is used in ischemic stroke lesion segmentation [86].

Patch labeling strategies are often combined with weighted loss functions, such as the Generalised Dice Loss [87]
or Generalised Wasserstein Dice Score [88] or multi-step training [11] to counter the class imbalance. In this multi-
step training, equiprobable patches containing all labels (labels 0,1,2, and 4 in BraTS) are selected in the first phase
of training. The next step uses data representative of the imbalanced dataset. In conditional Generative
Adversarial Networks (GAN) for brain tumors, weighted loss functions are combined with the adversarial loss to
counter the class imbalance [30].

3.1.4 BrainMetShare Dataset

To date, only a handful of work using deep learning on BM can be found in [12]—[14], [36]. The speed of progress
in primary brain cancer detection methods compared to BM detection can be attributed to the widely available
BraTS dataset and annual challenge [78], [79], [89]. Recently, a publicly available dataset on brain metastases was
released by Stanford University, which contains 156 patients (105 for the training and 51 for the validation set)
with at least 1 cerebral metastasis [14].

BrainMetShare dataset was annotated by two neuroradiologists with 8- and 2-years’ experience by manually
delineating regions of interest on each slice of post-Gd 3D T1 weighted IR-FSPGR sequence with guidance from
3D FLAIR and post-Gd T1-weighted spin echo on OsiriXMD software package (v. 8.0, Geneva, Switzerland) (1)

The dataset contains four sequences of volumetric MRl images; pre- and postgadolinium T1-weighted 3D fast spin
echo (CUBE), post- gadolinium T1-weighted 3D axial IR-prepped FSPGR (BRAVO), and 3D CUBE fluid attenuated
inversion recovery (FLAIR) (See Table for demographic data). In contrast with the BraTS dataset, the ground truth
uses a single label to annotate the entire tumorous region.

3.1.5 DUKE Breast Cancer Dataset

For the Duke Breast Cancer dataset, the ground truth was given by (row_start, row_end, column_start,
column_end, slice_start, slice_end) and additional preprocessing was performed to convert it to centroid
information. In terms of the MRI sequences, since the scans came from various centers, we randomly selected
the MRI modalities to introduce some variance in the training data. Also, it is important to note that some of the
image sequences were ordered differently based on the ImagePositionPatient DICOM tag. The images were
normalized so that the start_slice is always at the lowest height, and this was verified manually by visual inspection
of all the ground truths (see Figure 4)

Figure 4(a) shows the ground truth with start_slice at the highest z slice (b) after realignment, notice the ground
truth is now situated within the lesion
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3.2 Interobserver Variability in ground-truth labeling of datasets

It is a generally accepted notion that interobserver variations occur between experts. Firstly, this presents
challenges in surgical planning and diagnosis of brain tumors. In deep learning, misrepresented regions of interest
introduce noise into the ground truth, destabilizing the deep learning model since backpropagation is based on
the ground truth of the training set to arrive at the best possible solution. Another pitfall would be in the
performance measurements obtained on the validation set.

To alleviate the impact of interobserver variations in brain metastases assessment, consensus or expert panel,
multiple reading, the use of standardized reporting guidelines, interdisciplinary conferences or tumor boards
involving multiple specialists, and specialized training programs are employed.

The SUNMED dataset has been obtained from standard clinical practice from a clinical oncologist with 10 years’
experience. Due to limited resources, further consensus from other experts or multiple readings could not be
obtained for the SUNMED dataset. For this reason, all analysis conducted on the SUNMED dataset are supported
by results from the BrainMetShare dataset, which was annotated and cross checked by 2 experienced
neuroradiologists, with 8 and 2 years of experience, respectively. We have found that in general, the
improvements and training paradigms which we have introduced show similar trends in performance
gains/reductions across all datasets, which reinforces the applicability of our methods.

3.3  Overview of the Preliminary Methods

Figure 5 is an overview of the proposed deep learning architectures and datasets associated with training them.
Arrows indicate that some proposed concepts are refined in the next iteration of the system to improve the
performance of the model. Note that each architecture exists as a standalone model with brain lesion detection
or segmentation capabilities.

Chapter 4 begins with the segmentation of brain tumors using a CASPIANET++ which employs a multiview
approach and evaluating brain symmetry in determining regions of saliency in brain MRI — which achieves
performance comparable with competition winning architectures. A noisy student curriculum learning is
introduced to harness the potential of unlabeled BraTS validation data.

In Chapter 5, alung nodule detector was repurposed into a BM detector because of the physical parallels between
brain metastases and lung nodules. Non-local blocks were added to provide far-range information as metastatic
lesions affect distant slices that is beyond the capacity of local convolutional operations. From 3 datasets, a
gradual self-training paradigm was proposed, and it was demonstrated that the method was able to generalize
on both BM and primary glioma datasets.

In Chapter 6, it is postulated that while non-local blocks had improved sensitivity, the FP rate could be further
reduced, by implementing a near-range non-local block based on the nature of the small metastatic lesions.
Instead of an iterative training approach of pseudo labels, we use the ground truth from different organs and
different pathologies to improve the performance of the BM detection.
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Figure 5 Overview of the deep learning ecosystems presented in this thesis and the training data used in those
particular studies, arrows indicate continuity of an idea carried to the next approach
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3.4 General statement on selecting the best training epochs.

All experiments in Chapters 4, 5 and 6 are conducted with fixed training epochs, using an adaptive learning rate
policy. The models are check-pointed every 10 epochs, to be evaluated on the validation dataset. The final model
is selected based on the best results obtained on the validation dataset. For the BraTS dataset, this requires
multiple online submissions to determine, as ground truth is unavailable on the validation set —to maximize the
use of all ground truths from the training set. For SUNMED and BrainMetShare, the validation set is a 5-fold cross
validation dataset randomly generated via sklearn library. We selected the validation set that gave the median

performance on the base model.

These steps are taken to ensure that the most optimum solution is found, as there are variations in each
architecture, training data, and possibility of overtraining, which may affect the number of epochs it takes to reach

the best solution.
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4 CASPIANET++: A Multidimensional Channel-Spatial Asymmetric
Attention Network with Noisy Student Curriculum Learning Paradigm for Brain
Tumor Segmentation

4.1 Key points

e  Morphological information in brain structures can be developed as attention maps

e  Multidimensional channel spatial approaches provide additional information to deep learning
architectures

e  Progressively incorporating noise in training the dataset ensures that the model learns in a curriculum-
learning approach

4.2 Introduction

Convolutional neural networks (CNNs) have been used quite successfully for semantic segmentation of brain
tumors. However, current CNNs and attention mechanisms are stochastic in nature and neglect the morphological
indicators used by radiologists to manually annotate regions of interest. In this chapter, we introduce a channel
and spatial wise asymmetric attention (CASPIAN) by leveraging the inherent structure of tumors to detect regions
of saliency. To demonstrate the efficacy of our proposed layer, we integrate this into a well-established
convolutional neural network (CNN) architecture to achieve higher Dice scores, with less GPU resources. Also, we
investigate the inclusion of auxiliary multiscale and multiplanar attention branches to increase the spatial context
crucial in semantic segmentation tasks.

This chapter describes:

1. A novel Channel Spatial Asymmetric Attention (CASPIAN) Layer based on a-priori asymmetry information,
where highly dissimilar regions are given higher importance and propagated through the network.

2. A multidimensional approach integrating multiscale and multiplanar (i.e., axial, coronal and sagittal)
information into the CASPIAN layer, resulting in the CASPIAN++ (CASPIAN + Multiscale + Multiplanar) layer, to
increase spatial information within the network

3. An improved deep neural network architecture, CASPIANET++ which integrates multiscale and multiplanar
spatial attention with channel attention for more accurate segmentation

4. A curriculum learning paradigm called Noisy Student Curriculum learning for brain tumor segmentation tasks

4.3 Methods

Spatial and Channel Asymmetry share the same input I, which is the output of any arbitrary encoder or decoder
of the CNN architecture. All the inputs in this section are feature maps with dimensions HxWxDxC, where
H, W, D, C correspond to the height, width, depth and number of channels, respectively.

4.3.1 Spatial Asymmetric Attention Mask

Let feature maps obtained from a layer be U, consisting of feature vectors {uill-k, uizjk, ...... uﬁk} for a single point
i,j,k along the entire channel axis from 1toC, where i=1toH,j=1to W,k =1 toD. Similarly, U is the
horizontal-flip of U, with corresponding feature vectors { ﬁiljk, ﬁizjk, ...... ﬁﬁk}.

asp (i, ), k), is a similarity measure, which quantifies how similar a particular pixel at location i,j, k is relative to its

horizontally flipped counterpart. It is defined as:
43111 Sl Wik

2 2
c c
j21=1 Uik j21:1 Uik

43112 agp(j k) = 43113 (1)
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asp(i,j, k) € R | [—1,1]. Values closer to -1 and 1 indicate high dissimilarity and high similarity, respectively.

Values of agp, in the range [-1,1] are normalized to [0,1] to obtain 6, the Spatial Asymmetric Attention Mask
(SAAM)

1—oag
0y = — 2 (2)
sp 2
Dissimilar pixels indicate that the symmetry rule in the left and right regions have been violated and there is a
high chance of tumor in that pixel. After normalization, regions of high dissimilarity have higher values and can

be represented as a weighted mask, to give attention/importance to the tumorous regions.

4.3.2 Channel Asymmetric Attention Mask

In [47], every channel was assumed to contain similar spatial information and carries equal importance. However,
different tumor regions tend to exhibit better contrast in certain MRI modalities. A similar protocol is followed by
experts in annotating the ground truth for the BraTS challenge [27]. Therefore, to account for the multimodal
nature of the images, we extend the spatial attention method in [19] and propose to weight each channel by a
scalar value, termed channel-wise asymmetric attention.

Let feature maps obtained from a layer be M, consisting of feature vectors {mlfjljl, m; 5, e mE_W_D} for every
point in the feature map at a single channel axis p, where p = 1 to C. Similarly, M is the horizontal-flip of M, with
corresponding feature vectors {} ; |, M} ; 5, . oo M wp} -

acp(p), is a similarity measure, which quantifies how similar a particular channel p is relative to its horizontally
flipped counterpart. It is defined as:

omP @b
Zijk Mijic Mije

p 2 ~p 2
Zijke M | Zijk Mije

ach(p) = (3)

acn(p) € R | [—1,1]. Values closer to -1 and 1 indicate high dissimilarity and high similarity, respectively.

Values of agy, in the range [-1,1] are normalized to [0,1] to obtain 8.y, the Channel Asymmetric Attention Mask
(CAAM) as follows:

1-— Ach
0, =——= (4)
ch 2
The resulting B¢, is a scalar value denoting how dissimilar the feature map for each channel is, indicating which
channel may hold more salient information.

4.3.3 Channel and Spatial Asymmetric Attention (CASPIAN) Layer

In the literature, brain tumor segmentation methods rely solely on the bilateral asymmetry on the mid-sagittal
plane regions to pinpoint the locality of tumors. This necessitates that the mid-sagittal plane be as accurate as
possible. However, in our method we apply a geometric flip to the input feature maps to calculate its asymmetry
mask. The geometric flip is merely a simplification to determine the bilateral asymmetry in lieu of calculating the
mid-sagittal plane. The oversimplification in the left-right flip may however result in some unwanted regions of
asymmetry. To overcome this, in the final step we multiply the asymmetry mask with the feature maps, to ensure
that the high intensity from the tumor regions amplify the regions of asymmetry while the low intensity non-
tumor regions attenuate the unwanted regions.

The similarity masks from equations (2) and (4) are scaled linearly from 0 to 1. The resulting attention mask alone,
when multiplied by its input, was insufficient to amplify the salient regions. Therefore an excitation block
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(depicted in Figure 6), which consists of a fully connected layer, FC, a non-linear ReLU block, R, followed by
another fully connected layer, FC, and sigmoid layer, o, is first applied to the mask. While the original excitation
block [42] had proposed a bottleneck layer for computational efficiency, we did not utilize a bottleneck layer to
preserve the structural integrity of the asymmetric attention mask. The resulting asymmetric attention mask with
excitation for spatial, Sgpatial attn @nd channel, Schannel aten are obtained as follows:

Sspatial attn — G(FCZ (R(Fcl(esp)) (5)

Schannel attn = 0(FC,(R(FCy (ech)) (6)

Excitation block

Sspatial-attn
A
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Olsp Normalize Fully Connected—= RelLU —= Fully Connected—= Sigmoid
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L%

~
Schannel-attn

Figure 6: The proposed channel and spatial asymmetric attention with excitation block (CASPIAN), where the
input feature map is the output of any arbitrary encoder or decoder of the CNN architecture

The spatial attention map Q spatial aten @nd the channel attention map Q channel attn @re obtained from element-
wise multiplication of the input I :

Qspatial attn = Sspatial attn * | (7)

Q channel attn = Schannel attn * | (8)

The CASPIAN block places equal importance to both channel and spatial attention, hence both maps are
aggregated through element wise addition (as depicted in the final addition block in Figure 6):

CASPIAN = Qspatial attn T Qchannel attn (9)

4.3.4 Multiplanar and Multiscale approach in CASPIAN layers

Tumors are non-homogenous structures which have dissimilar boundaries when viewed from different planes
(coronal, axial and sagittal) of the MRI data. This suggests that a similarity mask evaluated on a single view may
not be adequate in capturing information for the entire volume of the tumor. We therefore introduce a
Multiplanar Spatial Asymmetric Attention block as depicted in Figure 7.

From equation (5), we compute Sgpatial attn,plane, the spatial asymmetry mask with excitation between the feature
map and its geometrical flip along a plane. Syatial attn,plane IS €valuated for sagittal (plane=1), coronal (plane=2),
and axial (plane=3) planes.
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Q multiplanar, the Multiplanar Spatial Asymmetric Attention, is the sum of the element-wise multiplication of the
Sspatial attn,plane With the inputimage I :

3
Q multiplanar = § Sspatial attn,plane I (10)
plane=1
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Figure 7: Multiplanar (axial, sagittal and coronal) Spatial Asymmetric Attention block

In delineating tumorous regions, the fusion of higher-level feature maps provides precise location and shape
information while lower-level maps give structural context, such as texture and edges which are equally crucial in
delineating tumorous regions. We therefore propose Multiscale Spatial Asymmetric Attention, Q muitiscale tO
capture features across finer and coarser scales to delineate the tumors more accurately.

Consider a higher-level scale (Igg), which typically is an input of the previous encoder block, and input at common
scale (Ig1) in Figure 8. Here we introduce a gating mechanism to maximise the attention masks on both spaces.
Since the most relevant information will be contained in g, the spatial asymmetric mask Sgpatial attn,s1 1S 8iven
precedence.

To ensure precedence, Sgpatial attn,s1 IS Multiplied with its image Ig;. To incorporate the information from Igq the
signal of the mask from the common scale is inverted (1 — Spatial atm‘sl) to ensure any salient regions which are
missed on the common scale can be captured by the higher scale. A maxpooling operation P(Ig) is applied to
I, so that Igq is spatially equal to Igq.

The Multiscale Spatial Asymmetric Attention Q puitiscale 1S given by:

Qmultiscale = Sspatial attn,s1 sy + (1 - Sspatial attn,sl) ’ Sspatial attn,P(Igg) Iy (11)

In the final block incorporating multiscale and multiplanar information into the CASPIAN layer we use an additive
aggregator (see Figure 9), as our empirical studies show that the max-out layer does not have a positive effect on
the validation results.

The resulting multiplanar and multiscale CASPIAN layer, CASPIAN++ is defined as follows:

CASPIAN + + = Qchannel attn Qmultiscale + Q multiplanar (12)
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Figure 9: Combining channel asymmetric attention into the multiscale and multiplane spatial asymmetric
attention block

4.3.5 CASPIANET++

The proposed CASPIAN++ layer can be integrated into any network to provide spatial and channel attention for
semantic segmentation tasks. The network we chose is a lightweight variant of UNET with grouped convolutions
as the base network [90]. Our architecture places CASPIAN/CASPIAN++ blocks at every path, except at the
bottleneck (see Figure 10). This in effect recalculates asymmetry information for every feature map in the
network, as spatial and contextual information may vary from layer to layer. A combination of CASPIAN and
CASPIAN++ outputs are also added to skipped connections to filter irrelevant spatial information from earlier
encoder layers for more accurate upsampling. No attention was added to the bottleneck, as spatial information
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has been substantially reduced from 128x128x128 to 8x8x8. Evaluating the spatial asymmetry on a layer with the
least spatial information in the network would not be beneficial for segmentation tasks.
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Figure 10: The placement of CASPIAN and CASPIAN++ layers in the proposed CASPIANET++. (a) CASPIAN++
layers are added to the 2nd and 3rd encoder blocks. Notice that there are no CASPIAN layers at the bottleneck.
(b) depicts the addition of the CASPIAN block within the DMF (Dilated Multi-Fiber) block

CASPIAN++ was designed to include much more spatial information than the CASPIAN layer. Ideally, we would use
CASPIAN++ layers in every block in the architecture. However, the multiscale approach on the first encoder block
was memory intensive as it required another copy of the input image (128x128x128x4) to be stored in memory
during training. Therefore, CASPIAN++ layers were added to certain layers only as a trade-off between hardware
limitations and accuracy.

For maximum advantage, we incorporated CASPIAN++ layers into the second and third encoder blocks. These
blocks were selected because they have the biggest receptive fields and would benefit most from the additional
spatial information provided by CASPIAN++. Also, the increased spatial fields compensate for the conversion loss
from spatial to contextual information. Within these blocks, CASPIAN layers are added within the DMF units to
highlight salient features for the dilated convolutions (see Figure 10(b)). A similar scheme placed an attention
layer after each dilated convolution [91]. However, for efficiency, we use one CASPIAN block before the dilations,
to provide saliency to the dilated blocks. Hereon, the encoder-decoder implementation of CASPIAN/CASPIAN++
is known as CASPIANET++.

4.3.6 Region-based Loss Functions

The loss functions for training the network uses a region-based approach. Instead of optimizing for individual label
classes (0, 1, 2, 4), the network treats the 3 regions r as three separate binary problems. The three tumor regions
are defined as a combination of labels as follows: whole tumor (WT) (labels 1,2 and 4), tumor core (TC) (labels 1
and 4) and enhancing tumor (ET) (label 4).
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Consider the output of a region r, where g, represents the ground truth for the region and p, is the sigmoid of
the predicted output of the region. The Binary cross entropy Ly ..and Dice loss Lgjce are defined as follows:

Lbce( 8 pr) = - [gr log(pr) + (1 - gr) IOg(l - pr) ] (13)
2% g * Py

Lg; pr)=1— —— 14

dlce( 8r pr) g, + Pr ( )

The training objective for the backpropagation step is to minimize the loss given by Liotar

3
Lioral = Z Lyce(8rPr) + Laice( &r Pr) (15)

r=1

where r = 1,2,3 for the respective regions of WT, TC and ET.

Assume that z! is the input of the 1™ layer. The backward derivative error for the backpropagation step with
respect to the last layer is given by :

stotal( Ers pr) _ stotal( 8rs pr) . dpr

= — 16
dz! dp, dz! (16)
dLypce(8r Pr) _ __gr n 1-g; (17)
dpr Pr 1- Pr
deice( Er pr) — _Zgr2 _ (18)
dp; (gr +pr)
3
d['total( Br pr) — z —8r + 1- 8r + _Zgrz _ (19)
dpr prnr Pr 1- Pr (gr + pr)
The p, is defined as the sigmoid of the predicted output of the last layer :

= ! 20
Pr = 1+ e_Zl ( )

dp 1 1
_1r = T’ (1 - _Zl) (21)

dZ]- 14+e7% 1+e

3 2
dLtotal — —8r 1- Br _Zgr . 1 . <1 _ 1 ) (22)
dz!  Zipr  1-pr (@ +p)? 1+e? 1+e™

The gradient of the loss for the backpropagation step with respect to z° at input layer 0™ is derived from the
chain rule for all the layers of CASPIANET++ :

stotal( 8r pr) — stotal( 8r pr) dpr le le_l d_Zl
dz° dp, dz! dz!-! dz"2 dz°




23

4.3.7 Noisy Student Curriculum Learning
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Figure 11 The Noisy Student Curriculum Learning workflow

Consider a set of images {(a;, by), (a3, b3), (a3, bs3), ..... (ap, by)} where (a,, b,) represents the image and labels
of the n'" patient in the dataset. The unlabeled set is denoted by { @, 35 ... .... &y, } where d,, is the m*" unlabeled
image in the dataset.

Using the curriculum learning approach, noise is successively added to the student model at every iteration so
that it learns incrementally through an easy-to-hard approach; in this way, the student learns better as its
parameters are first optimized on easy tasks followed by incrementally difficult tasks (see Noisy Student
Curriculum method in Step 3.1 of Section 4.3.7.1). Our approach differentiates itself from the classical Noisy
Student method, where the combination of all noising methods are used in every iteration from the onset of
training the student model [69].

In our experiments, a student model is said to complete one iteration when trained with the labelled and pseudo
labelled dataset for 300 epochs. All training data and pseudo labelled data are subjected to augmentations by
centroid cropping, random rotations, intensity changes, flips and elastic deformations. This is to maintain
consistency in training the teacher and student models. At the end of one iteration (step 4 of Figure 11), the
student is said to “become” the teacher, as the student model is used to create pseudo labels for the next
iteration. In our work, this cycle is repeated three times, after which the law of diminishing returns starts to take
effect.

In our method, two data augmentation methods were utilized to noise the pseudo labels, namely MixUp [92] and
Copy-Paste [93]. Copy-Paste method was chosen as it demonstrates additive effects when used with other
augmentation methods [93]. To increase difficulty in the pseudo labels, we experiment with the additive nature
of Copy-Paste with MixUp.

4.3.7.1 Pseudocode of our proposed Noisy Student Curriculum Learning method (depicted in Figure 11) proceeds
as follows:

1. Train a teacher model J; on the labeled dataset {(a;,by), (a5, b;), (a3,b3), ..... (ap, by)} to minimize the
loss function Lot in equation (15).
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2. The teacher model is used to infer pseudo labels by {b;,b;.....by,} for the unlabeled dataset
{3,,3, .......4 } as follows:

b= f(3,3),Vi=1....m (24)

3. The Noisy Student Curriculum training starts here, a single iteration iter is defined as a student model  i*er

trained with labeled and pseudo labels for 300 epochs.

3.1. Train a new student model I I with noise Niter|curriculum 10 Minimize the loss function Ly, 0N the
labeled dataset {(a;,by),....(ap by)}and unlabeled dataset with their pseudo labels
{(51, BI), ...... (A, Bm)} where iter = 1,2,3 :

The following are the three variations of Njter|curricutum Used”
1. MixUp
2. Copy-Paste + Dropouts
3. MixUp + Copy-Paste + Dropouts

3.2. Use S ier a5 3 new teacher model to infer new pseudo labels { by, b, ... .... by, } as per step (2).

3.3. Repeat step 3.1 to train the next iteration of student model

' With classical Noisy Student training, the student model is trained with noise Njgernoisy = MixUp + Copy-Paste +
Dropouts where iter = 1,....n

4.4  Results

4.4.1 Datasets

The proposed methods were validated on the BraTS 2018 dataset. BraTS 2018 dataset consists of 285 patients in
the training set, with four available modalities, T1, T1c, T2, and FLAIR. For the Noisy Student Curriculum Learning,
the BraTS 2020 validation and training data which are not part of the BraTS 2018 training set are used as the
unlabelled dataset, amounting to 209 patients. This information is contained in the name_mapping.csv file
provided by the organizer. The intensities of the four modalities are z-score normalized. We have also run some
experiments on BraTS 2020 dataset to determine the generalization ability of our methods.

4.4.2 Implementation details

The architecture and layers proposed in this study are implemented in PyTorch. To demonstrate the performance
of CASPIANET++, we had implemented these layers in the baseline model DMFNet [90]. The DMFNET (Dilated
Multi-Fiber Network) is an enhancement of UNET, and was chosen because it is efficient and lightweight. A poly
learning rate policy is implemented where the initial learning rate is 0.001 multiplied by a factor
[1 — (e/E)%°] where e is the current epoch and E, the total number of epochs. Synchronized batch normalization
is used with a batch size of 4. Training is set to 300 epochs with an image crop size of 128x128x128. We maintain
the following data augmentations throughout all experiments: (1) centroid cropping on WT regions, (2) random
flipping, (3) random rotation, (4) random intensity and scaling, and (5) elastic deformations. For the optimizer,
we utilize loss as the sum of region-based Dice Loss and BCE.

4.4.3 Ablation studies on components of the CASPIAN blocks

We perform experiments to demonstrate the improvement of each of the components towards the final
CASPIANET++ block. We also include an implementation of the SE block (DMF+SE) to determine the contribution
of channel-wise attention in multiclass semantic segmentation. We evaluate the performance of the model in
terms of the Dice Scores and Hausdorff distance reported from the BraTS 2018 online evaluation platform.
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From the results in Table Ill, the DMFNET+SE achieved dismal Dice scores, suggesting that a channel-only
approach was insufficient to provide improvements to the pixelwise segmentation tasks. Compared to
DMFNET+SE, the spatial approach in DMFNET+SAAM led to a 3.812% gain in the WT region. While a channel
oriented approach did not do well on its own, adding the CAAM to the SAAM (DMF+SAAM+CAAM) further
improved the gains in all three regions.

Table Ill: Ablation studies on the effects of individual components of the CASPIAN blocks on Dice Score and
Hausdorff95 - all models are trained for a total of 250 epochs for the BraTS 2018 Validation dataset

Dice Scores (%) Hausdorff95

Model ET WT TC ET WT TC

DMFNET+SE 78.709 87.044 83.112 3.233 24.240 8.009
DMFNET+SAAM 79.419 90.226 84.493 2.855 6.691 6.405
DMFNET+SAAM+CAAM 80.229 90.633 85.314 3.079 17.667 5.664
CASPIANET 80.338 90.826 85.616 2.895 4.717 5.570
CASPIANET+MultiPlanar 80.922 90.945 84.457 2.733 4.726 5.526
CASPIANET+MultiScale 80.749 90.986 86.703 3.159 6.394 5.589
CASPIANET++ 81.083 91.197 87.600 2.659 5.054 4.912

In the CASPIANET experiment, we introduced excitation to boost the values of the asymmetry masks which are
closer to 1. Compared with the DMFNET+SAAM+CAAM, while the Dice Scores only showed marginal
improvements of 0.1-0.3%, the Hausdorff95 distance showed marked improvements in all regions particularly in
the WT region. This indicates that while the pixel accuracy did not change much, the predictions of the segmented
regions are closer to the ground truth. Clinically, this would indicate that the shape of the segmentations more
closely resemble that of the ground truth compared to the DMFNET+SAAM+CAAM.

Next, all multidimensional schemes are compared with a baseline, CASPIANET —to see how each variant performs
individually and in CASPIANET++. First, we look at the multiplanar variant CASPIANET+MultiPlanar, which shows a
0.6% increase in the ET region. The extra symmetrical information, along all 3 plane views, falters in the TC region
(-1.2%). On the other hand, the addition of multiscale information CASPIANET+MultiScale boosted the TC region
(+1.1%). With the multiplane and multiscale combined, the CASPIANET++ essentially evaluates a multiscale
CASPIAN block on three planar views, providing the network with a larger and more holistic spatial information of
the tumor region. The results show a remarkable 1.98% improvement in the TC region from the CASPIANET
architecture. When the multiplane and multiscale variants are ensembled as CASPIANET++, the overall scores
achieved much better results compared to its individual components.

To illustrate the differences between the CASPIAN variants we present the predictions of sample
BraTS18_CBICA_AAL_1 in Figure 12(b) — (f). The prediction by DMFNET uses the model provided by the authors
of DMFNET [90]. Compared to the ground truth in Figure 12(a), DMFNET and CASPIANET appear to have over-
segmentations (see red arrow in Figure 12 (b) and Figure 12 (c)).

The white arrows in Figure 12 (d) and Figure 12 (e) show where the multiscale and multiplanar versions were able
to localise the shape of the smaller tumor structure much better than the CASPIANET in Figure 12 (c). Comparing
the multiscale with the multiplanar version, adding the multiscale helped with the small tumor structure, but was
not able to detect the slight protrusion in the larger tumor structure (see red arrow in Figure 12 (d)). In the
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combined version, CASPIANET++ (Figure 12 (f)), minor refinements to the outline of the tumor can be seen
compared to their individual schemes (see red arrows in Figure 12 (d) and Figure 12 (e)).

For this sample, despite poor contrast between healthy and tumorous tissue, and severely imbalanced tumor
classes, CASPIANET++ shows a 10.5% improvement Dice score in the WT region from the baseline DMFNET.
Clinically, the improvement presented by CASPIANET++ in demarcating the tumorous region is highly beneficial
for treatment planning for radiotherapy or surgical guidance in Gamma Knife surgery, as any over-segmentation
will lead to the removal of healthy tissue that could adversely affect brain function.

[a) GROUND TRUTH (b}  DMFMNET[baseling) [c]  CASPIANET

CASPIAMET+MULTISCALE [g] CASPIAMET+MULTIPLANAR  [f)  CASPIANET+H (2)  IMAGE SLICE (FLAIR)

F|gure 12 The series of images above depict the (a) ground truth, (b) predictions for baseline DMFNET model and
(c-f) predictions for CASPIAN variants (g) FLAIR image for BraTS18 CBICA_AAL_1 (Slice 65). The Dice scores for ET,
WT, TC are 85.003, 77.843, 91.413 (DMFNET) and 84.001, 88.354, 91.825 (CASPIANET++). White arrows denote
regions of improved segmentation in each scheme, red arrows denote regions which did not perform well (Blue
- Label 1, Green — Label 2, White — Label 4)

4.4.4 Visualization of heatmaps of the CASPIANET++ architecture

The heatmaps are generated from a selected feature map from the output of the last CASPIAN block of the
CASPIANET++ architecture. As the feature map (120x120) is not spatially equal to that of the input image, a simple
up-sampling is performed to produce the heatmaps shown in Figure 13. Regions of high heat intensity (depicted
in red) correspond to regions of saliency. In general, heatmaps tend to follow the outline of the whole tumor
region, with fairly accurate delineation of the boundaries. In the last row, the heatmap appears slightly smaller,
due to the presence of small regions of high contrast artifacts in the opposite hemisphere, which the asymmetric
mask will register as being similar.
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Figure 13: Image, Ground truth, heatmap and predictions from selected slices (indicated by slice index) obtained
from patients BraTS18 TCIA0O8 234 1 and BraTS18 TCIA09 254 1 from the BraTS 2018 training set; The
heatmaps in (c) are obtained from a selected feature map from the last CASPIAN block of the CASPIANET++, and
the predictions in (d) are based on CASPIANET++ (Blue - Label 1, Green — Label 2, White — Label 4)

4.4.5 Comparison with other brain tumor segmentation methods

In Table IV we compare our validation results with the published results from the top 3 architectures from the
BraTS 2018 competition. With the exception of CASPIANET++, all performance numbers were obtained from [90].
A PyTorch library available on github (https://github.com/sovrasov/flops-counter.pytorch) was used to obtain the
performance values of the CASPIANET++ model. The library was validated with the reported numbers in the
DMFENET paper before it was used to report on CASPIANET++. The winner of BraTS 2018, NVDLMED proposed an
auxiliary VAE model to reconstruct the encoded image to regularize the main network [25]. The performance of
this network is superior in ET regions. One possible factor is the spatial context provided by the large patch size
(160x192x168) used during training compared to the other four architectures, DMFNET, No New-Net,
CASPIANET++ (128x128x128) and DeepSCAN (5x192x192).

Table IV Results of BraTS2018 validation set obtained from the online validation tool and from published results.

Dice Scores (%) Hausdorff95 Performance

Model ET WT TC ET WT TC Number of Number of
floating-point parameters (x10°)
operations
(x10°)

NVDLMED 81.73 90.68 86.02 | 3.8241 4.4117 6.8413 | 1495.53 40.06

[25]

No New-Net | 80.66 90.92 85.22 | 2.74 5.83 7.20 202.25 10.36

[94]
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DeepSCAN [95] | 79.60 90.30 84.70 | 3.55 4.17 4.93 - -
DMFNet [90] | 80.12 90.62 84.54 | 3.06 4.66 6.44 27.04 3.88
CASPIANET++ | 81.08 91.20 87.60 | 2.66 5.05 491 27.22 4.23

The authors of the baseline DMFNET trained their model with a batch size of 12 on 4 parallel Nvidia GeForce
1080Ti GPUs for 500 epochs [90]. We have achieved better scores using CASPIANET++ with a 50% reduction in
the number of epochs and a 2/3 reduction in batch size on 2 parallel NVIDIA GeForce RTX 2080 Ti. The results in
Table IV show that CASPIANET++ registers an increase in Dice Scores for all 3 regions over DMFNet. Our model
appears to converge at a lower number of epochs, attributed by the CASPIAN/CASPIAN++ blocks being driven by
CAAM and SAAM, which are a-priori cosine similarity calculations that do not require additional training.

The CASPIANET++ architecture introduces an additional 0.18G of floating-point operations (FLOP) and 0.35M
parameters compared to DMFNET. NVDLMED, with its main and auxiliary branch, utilizes the most FLOP and
parameters compared to other schemes. In contrast, CASPIANET++ uses 98% less FLOPs and 89% less parameters,
while achieving modest improvements in Dice Scores for WT and TC regions and Hausdorff distance for ET and TC
regions over NVDLMED.

To determine the statistical significance of these improvements, we use a Wilcoxon paired sample test on the
results of the baseline model DMFNET and CASPIANET++. The test results show there is a statistical significance
(p<0.05) in the improvement of Dice scores in all 3 regions (ET, p <0.0001; WT, p = 0.0010; TC, p = 0.0013).

4.4.6 Noisy Student Curriculum Learning

In Table V, we compare the performance of Noisy Student Training [69] with our Noisy Student Curriculum
Learning. CASPIANET++ showed marked improvements in the WT and TC regions, but the ET regions registered a
0.65% decrease in Dice Scores compared to NVDLMED. Noisy Student Curriculum Learning was proposed to boost
the numbers in this region. The CASPIANET++ model reported in Table IV was identified as the teacher model to
generate pseudo labels for the unlabeled dataset. Note that all experiments were conducted on the various
training schemes using the same teacher model.

Table V Comparison of different self-training methods using CASPIANET++ as the Teacher and Student model.
Unless indicated otherwise, each iteration is trained for a total of 300 epochs.

Teacher- [Dice Scores (%) Sensitivity (%) Specificity (%) Hausdorffo5
Student
Model -
Training |ET WT [TC ET WT |TC ET WT |TC ET |WT |TC
Iterations
NVDLMED [25] - 81.73190.68(86.02 (- - - - - - 3.82(4.4116.84
(Without Self
Training)

CASPIANET++

81.08(91.20|87.60|82.42(92.51(86.59/99.81|99.43(99.83|2.66 |5.05 |4.91
(Teacher Model)

Noisy Student

Training 2 81.31(90.09|86.09|83.58(93.31{85.35|99.80|99.19(99.79|2.84 |7.26 |4.84

Noisy Student

: . 81.56|91.12|87.34|84.08192.5487.11]99.79199.43]99.81|3.09 (3.89 |4.80
Curriculum Training

Table V shows that curriculum learning improves the ET region Dice scores of its teacher model from 81.08% to
81.56% (a 0.48% increase) after 3 iterations. Also, we managed to narrow the gap between the ET scores of
NVDLMED to 0.17. In contrast, the Noisy Student Training at iteration 2 exhibits a 0.28% increase in the ET region,
but experiences over a 1% decrease in the other two regions, compared to the teacher model. In addition, the
noisy student training was erratic and could not predict any tumor regions in certain samples. This was not
observed when curriculum learning was used. In comparing the Noisy Student with its curriculum learning
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counterpart, the specificity essentially remained the same, but the sensitivity increased for the ET and TC regions,
indicating that the Noisy Student Curriculum method improved the quality of segmentation.

Noisy Student experiments were conducted by training one iteration of the student model for 300 epochs. The
student model’s validation result was checked every 10 epochs to select the best student model to become the
teacher model in the next iteration. In the Noisy Student Training, we stopped at 2 training iterations as the scores
for the WT and TC regions had degraded. This shows that in semantic segmentation problems, it may not be
advantageous to introduce noise so early in the self-training iteration cycle. Experiments using stochastic depth
to simulate noise in the model did not perform so well in CASPIANET++, possibly because the model is not deep
enough to reap the benefits of dropping layers for regularization. Also, adding layers to increase teacher model
capacity as suggested in [69] did not yield any benefits while increasing model complexity and training time.

4.4.7 Generalization ability of CASPIANET++ on the BraTS2020 validation dataset

Table VI presents the validation results obtained from the Noisy Student Curriculum Learning model to predict
the BraTS2020 validation set. There was no further fine tuning to our models to obtain these results. The Noisy
Student Curriculum model performed well, surpassing the TC region’s Dice Scores from the Modality-Pairing
method [96], which had placed second in BraTS2020. Compared with CASPIANET++ that was trained solely on
BraTS2018 data, training with incrementally-noised data in the Noisy Student Curriculum Learning method
enabled the model to generalize to unseen data. In contrast, the Noisy Student Training, which was trained with
noise from the first iteration, did not perform as well.

Table VI Performance results for the BraTS2020 validation dataset from the online evaluation platform

Dice Scores (%) Sensitivity (%) Specificity (%) Hausdorffo5

ET WT |TC ET WT |TC ET WT |TC ET WT |TC

Modality-Pairing 78.50(90.70(83.70|78.30|90.10|80.40|100.00{99.90{100.00|32.25|4.39 |8.34
CASPIANET++ 77.37|89.26|81.56|77.11|89.19|79.53|99.97 |99.82(99.92 |27.13|7.22 |9.45
Noisy Student Training 77.29|87.84|83.55|76.86|91.90|82.53199.97 [99.86(99.96 |29.80|14.37|8.16

Noisy Student Curriculum 78.49190.62(84.26|78.76]91.58 |84.0899.97 [99.90(99.95 |23.62(6.06 |5.20
training

4.5 Conclusion

In this chapter, we proposed a novel multiscale and multiplanar architecture called CASPIANET++ for accurate
segmentation of brain tumors (81.08%, 91.20%, 87.60% respectively for ET, WT and TC), resulting in faster
convergence, smaller batch sizes and less GPU resources and marked improvement over the base
architecture [90]. This method is different from conventional attention which relies on stochastic methods.
Instead, we used the inherent symmetry of the brain to distinguish anomalous regions. With multiscale
information from their higher-level counterparts, the attention mechanism is provided with higher scale
resolution, which may be lost when the encoder converts spatial to contextual information. To account for tumor
non-homogeneity, multiplane information is included as spatial asymmetry from a single axis does not provide a
holistic picture of the tumor regions, particularly at boundary regions. The result is a lightweight attention block
which combines a-priori information with excitation to amplify strong regions of dissimilarity and suppresses non-
pertinent information.

ET regions have always registered the lowest Dice scores. In efforts to improve the Dice score in the ET region,
we used Noisy Student training. This method was first used in classification of everyday objects — but we ran
experiments to see how it would fare in a multiclass brain tumor segmentation problem in a low data regime. The
Noisy Student improved the ET scores at the expense of lower scores in the WT and TC regions. This suggests that
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bombarding the network with noise early in the self-training iterations destabilizes the network, preventing it
from generalizing. Also, the drop in the WT and TC scores in the first iteration may be symptomatic of catastrophic
forgetting. In the original Noisy student method [69], which led to better ImageNET classification, strong emphasis
was placed on using as much noise as possible from the first iteration of the student model. For brain tumor
segmentation tasks, the host of noising techniques applied at the onset may have led the student model to
“forget” the knowledge from the relatively noise-free teacher model. Hence, a new curriculum learning paradigm
was introduced to Noisy Student learning by incrementally adding noise to the training samples, leading to better
scores in the ET region (81.56%, 91.12%, 87.34% respectively for ET, WT and TC). This observation is reiterated
by the BraTS2020 validation performance. Our results from the Noisy Student Curriculum learning paradigm
suggest that incrementally introducing noise to iteratively train a segmentation network with scarce data may
lead to gains in accuracy for other tumor segmentation problems.

Our results therefore suggest the CASPIANET++ architecture and the Noisy Student Curriculum Learning can be
applied independently or combined to form a two-prong approach to segment tumor regions in medical images
in the presence of small annotated and unannotated datasets. As we have demonstrated, the CASPIAN++ layer
can be incorporated into any architecture to improve accuracy with minimal impact to computational
requirements. The results can be further enhanced by applying a Noisy Student Curriculum Learning to unlabeled
data. Here, the flexibility of the “curriculum” allows the method to be adapted to the problem. In our future work,
we plan to determine how different definitions of “curriculum” can be used to train the student model to further
improve accuracy.
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5 CAVEAT: Gradual Self Training via Confidence and Volume based Domain
Adaptation for Multi dataset Deep-Learning based Brain Metastases detection
using Non-Local Networks on MRI images

5.1 Key points

e Lung nodule detectors can be used to detect brain metastases, as they are quite similar in appearance

e Non-local blocks improve the deep learning model through the addition of information not captured by
a local convolutional operation

e The CAVEAT method gradually increases confidence scores and volume of brain lesions during training

5.2 Introduction

In the previous chapter, the focus was on the BRATS dataset which are primary gliomas. Morphological indicators
and training with pseudo labels by progressively increasing noise in self-training were shown to be effective in the
segmentation of primary gliomas. However, the SUNMET dataset consists of metastatic brain tumors. The tumors
are smaller in size and do not have clear blood brain barrier compared to gliomas. While the existing system was
trained primarily on gliomas, work needs to be done to adapt to the task of detecting metastatic tumors. It is
imperative that the system detects small tumor structures as they are difficult to annotate and for targeted
treatment via Gamma Knife Therapy.

Because majority of work on brain tumor segmentation are dominated by BRATS, only a handful of deep learning
methods are developed for brain metastases detection. By using the CASPIANET++ model on SUNMET data, the
system did not infer any brain lesions. We postulate that the large glioma structures cause more distortion in the
symmetry of the brain than metastases.

The scarcity of fully annotated medical images in SUNMET makes the task of tumor detection a good candidate
for self-training. However, self-training methods are primarily carried out on image classification of non-medical
datasets using ImageNET. For the SUNMET detection task, self-training methods are developed by incorporating
SUNMET with BRATS to result in a more universal tumor dataset.

In this section we aim to:

1. Detect BM using a 3D CNN based object detection method through efficient use of non-local networks
through a single channel network using data from various MRI sequences

2. Develop a method to leverage specific characteristics in data for domain adaptation via gradual self-training
to prevent catastrophic forgetting

3. Improve the performance (increase sensitivity and reduce FP) of the BM detection network by incorporating
a multi dataset strategy, and leveraging out-of-domain data from public datasets

5.3 Convolutional Neural Network (CNN) Details

5.3.1 NLMET: Non-Local BM Detection Network

The model was based on N-Net, a lung cancer detector for Computed Tomography (CT) images that won the Data
Science Bowl Lung Cancer Detection Competition [38]. Due to the parallels of size and multiplicity in lung nodules
and BM, our work used the competition winning lung nodule detector architecture as the basis for BM detection
[38]. The proposed model was implemented on Pytorch framework (v1.4.0, Meta Al, New York City, New York),
Python (v3.8.5, Python Software Foundation, Delaware, United States), on a standard PC with 2 NVIDIA GeForce
RTX 2080 Ti (Santa Clara, California).
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The backbone of N-Net contained a UNET-like structure with 4 down-sampling blocks and 2 up-sampling blocks.
The last 2 blocks (see

Figure 14(b)) were replaced by a Region Proposal Network (RPN), consisting of two CNN layers with 1x1x1 kernels,
which produced an output of 24x24x24x5x3. This output tensor represents every location in 24 x 24 x 24 with 3
anchors of sizes 10,15 and 20 and the 5 regression values, corresponding to the probability, coordinates in x,y,z
and the length of the bounding box. The probability is an objectness score provided by the RPN, which represents
the degree of certainty which the location contains a metastases. This objectness score will be used in pseudo-
labeling of the BrainMetShare dataset in our gradual domain adaptation method.

To increase depth in the UNET, residual units from [97] were introduced in the down-sampling path (see

Figure 14(c)). Each convolution layer was followed by batch normalization. The original N-Net architecture used
for lung nodule detection consisted of an input block with coordinate locations of the input crop in relation to the
position of the lung [38]. This location information is on the pretext that malignant lung nodules are typically
found at the edge of the lungs. In NLMET, this we omit the location block because brain metastases can be found
anywhere in the brain [98].

Due to GPU memory limitations, we reduced the crop size from 128 to 96 with a batch size of 4. However, smaller
crop sizes tend to demonstrate lower accuracy in various CNN architectures [99]. To overcome this limitation, we
integrated a non-local block at the skipped connection. In the UNET, these skipped connections compensated for
the loss of spatial information during deconvolution. However, skipped connections utilize feature maps in early
layers which do not have sufficient contextual information for differentiation of background and regions of
interest within the volume. Non-local blocks were retrofitted into the skipped connections to evaluate attention
in volumetric MRI data (see

Figure 14(a)). For computation efficacy, our method placed the non-local block only at the first skipped connection
to provide contextual information to the up-sampling path (see

Figure 14(b)). A subsampling trick was also applied on the non-local blocks via max-pooling layers to reduce
computational complexity. In

Figure 14(d), we have proposed another placement of the non-local block at the skipped connection to compare
the performance of the two configurations. Our model is called Non-Local BM Network, NLMET for short.
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(a) Non-local block b) Architecture of NLMET
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Figure 14 Architecture diagram of major components (a) Non-local Block, (b) NLMET, (c) Residual Units within a
Residual Block, of the NLMET BM Detection Network, (d) Placement of Non-local blocks in NLMET and
Configuration 1

5.3.2 Training details

The previously defined three datasets were used for training the network. Prior to training, all images were skull
stripped by applying the brain mask generated by the BrainMaGe package [100]. All non-zero intensities below
0.2% and above 99.8% quantiles were clipped. All images in the datasets were then normalized to a [0-1] range
via min-max normalization. To transform the BM segmentation datasets for use in BM detection, the coordinate
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of the centroid of the tumor is obtained through 3D connected component analysis of the ground truth mask (see
Figure 15). A lesion was described as a cube with length equivalent to the longest lesion size.

111,185

]

Figure 15 Representative axial slice of a brain MRI study (a) Original image from T1 spin-echo post-contrast
sequence (b) corresponding ground truth provided by BrainMetShare and (c) resulting bounding box with
coordinate locations of the tumor centroid generated by connected component analysis and considered as
ground truth for the detector network on the post-processed image

During training, patches of size 96x96x96 were sampled randomly within the centroids of the lesions. We omitted
sampling negative patches as the background area (negative samples) outnumber the lesions found in a training
patch. Additionally, negative hard mining was implemented to only select the top k negative samples to be
considered in the loss function. In our work, we used k = 2 * batch_size.

An adaptive learning rate was used with an initial rate of 0.001 for the first half of the epochs, reduced to a factor
0.1 of the initial rate till the 80™ percentile of epochs and finally to a factor 0.01 for the remaining epochs.

5.3.3 Loss function

Let the ground truth of a training input patch be defined as T = [ t,, ty, t,, tq | where there are N instances of
ground truth lesions. The output from NLMET describes a bounding box for an anchor, B = [ bp,bX,by, b,, bq ]
where Xx,y, z are coordinate locations and d is the bounding box length (or lesion diameter) and its corresponding
probability, by,.

The first part of the loss function Lysg is @ mean-squared error loss, only the lesions are considered. Lysg is the
L2-norm between the bounding box coordinates and the ground truth, where N is the number of ground truth
lesions, defined as:

L —1ZN:(t b,)?
MSE_Nl X X

The second loss, Lgcg is the binary cross entropy of by, and its ground truth g,. Note that g, € {0,1} where O is
background samples and 1 is for lesion candidates.
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Lgce = &p log(bp) + (1 — gp)log (bp)

The loss function Ly for each anchor box is the sum of both losses defined as:

Lyox = Lmsg + Lpce

5.3.4 Inference during testing

Due to GPU memory constraints, it was infeasible to obtain the output using a single pass of the network. Instead,
the image was split into 96x96x96 patches in a sliding window fashion —with a window of 32 pixels. This translates
to a maximum overlap size of 64x64x64. The output (%,y,z, 1, p) from all the patches will result in proposals. The
combined patches are processed with non-maximum suppression (NMS) to remove overlapping proposals.

5.3.5 Statistical Analysis

The model’s capacity to detect metastases was determined by measuring the detection sensitivity and FP rate
per patient (FP/patient). Free receiver operating characteristic (FROC) curves were generated at 7 predefined FP
rates per patient: 1/8, 1/4, 1/2, 1, 2, 4, and 8. To ensure consistency, scripts were adapted from those provided
to evaluate lung cancer detection in the LUNA Challenge [101]. This script was implemented on the Python
package (v3.8.5, Python Software Foundation, Delaware, United States), with Scikit-learn (v1.0.1), Matplotlib
(v3.5.1) libraries.

To determine the impact of the non-local block on the original model’s performance we compare the sensitivity
and FP/patient of NLMET with the original N-Net. To compare the sensitivities of both networks, we use a
FP/patient of approximately 4.

In this work, we are presented with datasets with limited sample size (the ground truth from the BrainMetShare
Validation dataset is not accessible), therefore we employ a 5-fold Cross Validation (CV) method to evaluate the
overall performance of NLMET. The data is partitioned into five equal folds; 4 folds are used to train the network
while the remaining fold is retained as the test set. Training is performed on four folds, until each fold has been
used once as the test set (in our case, training is repeated 5 times). The average sensitivity and FP rates are taken
from the 5 test folds. The train-test data split is generated using Scikit-learn (scikit-learn v 0.24.2) k-fold function
to eliminate bias.

The CAVEAT method is tested on the test fold with the median sensitivity and FP rates within the 5 test folds,
instead of re-running the experiments in a 5-fold method for every iteration due to time constraints.

Consider a candidate lesion 1in a 3D volume described by coordinates (x;,y;) at slice z; within a cube with length
d;. Consider an annotated metastasis from the ground truth g given by [xg, Ve Zg» dg] where (Xg,yg) are the
coordinates of the centroid location of bounding box with length d, at slice zg.A candidate lesion was a true
positive with respect to ground truth g when the condition in (1) was satisfied:

[xg — Xl]2 + [vg — y1]2 + [zg — zl]z < dZ - lisatrue positive (1)

To test for significance of the CAVEAT method and NLMET architecture, every sample from the
BrainMetShare and the local validation cohort (total of 44 samples) is compared using the Wilcoxon
Signed-Rank test at p<0.05 (one tail). A right-tailed test is used to ensure that there is increase in the
Sensitivity value using the methods we have implemented.
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5.3.6 CAVEAT: Gradual Self Training through Confidence and Volume Based Domain
Adaptation

Here, the methods used to co-train the datasets will be described. We present three datasets for training NLMET,
consisting of two BM datasets and an auxiliary dataset containing primary brain cancer patients. The first BM
dataset contains labeled data from the SUNMET. In the second BM dataset from BrainMetShare, we utilize
labelled data from the training set and also unlabeled data from its validation set. Lastly, we utilize a primary brain
cancer dataset containing labeled data from BraTsS.

In every batch, a 1:2:2 ratio of BraTS to BrainMetShare and Local samples were used. Amongst the three datasets,
BrainMetShare and the SUNMET contained BM that were closer in domain compared to BraTS. The latter dataset
consisted of primary gliomas, which are larger in volume than BM. Here, we assumed that lesion volumes of
primary gliomas correlated with the appearance of metastases. The lesion volumes are determined by the
counting the labels 1 and 2 (edema marked with label 4 was excluded) from the segmentation mask ground truth.
A total of 375 BraTS samples with lesions of comparable volumes to BrainMetShare and the SUNMET were
selected as auxiliary data to generate more datapoints for training NLMET. To train on the multiple datasets, we
employed a two-prong strategy, one aimed at generating higher confidence pseudo labels in the BrainMetShare
validation set and the other to partition the BraTS data through lesion volume to create mini datasets. For higher
confidence pseudo labels, we utilized the objectness score from the output of NLMET at successively higher
probabilities in every iteration. For BraTS data, we gradually increased the volume of the tumors in the training
set. We call this method CAVEAT (Confidence and Volume Based Domain Adaptation) (see Figure 16).
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5.4 Results

We presented a SUNMET dataset with 121 patients with brain metastases, where most patients had cancers of
unknown primary (CUP) as they are symptomatic patients who have secondary metastases discovered on their
first scan (Table VII). In both BrainMetShare and the SUNMET, we found that most of the patients had between 1
to 3 cancers.

Table VII Patient Demographics of BrainMetShare, SUNMET and BraTS dataset*

BrainMetShare dataset SUNMET BraTS dataset
Gender Male: 51 Male: 56 Male: N/A

Female: 105 Female: 65 Female: N/A

Total: 1251

Dataset type: BM BM Glioblastoma multiforme
Primary Lung:99 Breast:3 Glioblastoma
cancer: Breast:33 Pituitary:3 multiforme:1251

Skin/melanoma:7 Lung: 12

Genitourinary:7 Skin:1

Gastrointestinal:5 Spinal cord:2

Miscellaneous:5 Colon:1

Unknown:99

Number of | £3:64 (41%) <3:85 (71%) <3:1251 (100%)
lesions:

4-10: 47 (30%) 4-10: 27 (21%)

>10: 45 (29%) >10: 9 (8%)

*Numbers indicate the number of patients

Total training time for 150 epochs with batch size of 5 was around 29 hours on 2 NVIDIA RTX 2080 Ti (Santa Clara,
California) GPUs. The inference time for a full MRI volume was 850 ms. In Table VIII, by comparing the N-Net
model with NLMET and Configuration 1, we found that the addition of the non-local block improved sensitivity as
well as FP/patient for models trained independently on the BrainMetShare and SUNMET. We found that
placement of the non-local block at the output of the downsampling path yields better results than placing it at
the upsampling path. The sensitivity and FP evaluated on the 5 test folds of the 5-fold Cross Validation (CV)
method were used to determine overall performance of NLMET in our dataset (Table IX). It was found that
BrainMetShare on the 5™ test fold (CV5) and 3™ test fold (CV3) on SUNMET was the median sensitivity and FP
amongst the 5 test folds, and were selected as the folds to be used for training and testing the CAVEAT method.
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Table VIII Summary of the detection metrics for validation data on BrainMetShare and SUNMET for the base
model, Configuration 1 and NLMET

BrainMetShare SUNMET

Model description

TP* |FP* |FP/patient Sensitivity TP* |FP* |FP/ patient Sensitivity

N-Net (base) 145 86 |4.095 0.609 47 83 [3.609 0.610
Configuration 1 166 |83 |3.952 0.697 50 (78 [3.391 0.649
NLMET (Ours) 170 74 |3.523* 0.718 50 |76 [3.304 0.649

*TP-True Positives; FP-False Positives *Numbers in bold denote the better model performance, higher sensitivity
at lower FP/patient

Table IX Detection performance 5-fold CV on BrainMetShare and SUNMET on the NLMET model

BrainMetShare SUNMET

Cvl ([Cv2 |CV3 |CV4 |CV5 |Average Cvl |Cv2 |CV3 |CV4 |CV5 |Average
Sensitivity [0.737(0.688|0.525 |0.766 [0.727 |0.689 0.678]0.683|0.610]0.543 |0.585 |0.620
TP 182 (258 (202 (196 (173 (202.200 61 127 |47 44 110 |{77.800
Missed BM |65 117 |183 |60 |65  [98.000 29 |59 (30 |37 |78 |46.600
FP 93 (92 (93 |96 |97 |94.200 105 |107 |93 115 |107 |105.400
FP/patient |4.429 |4.381 |4.619|4.571 |4.429 |4.486 4.375|4.45814.42914.792 |4.458 |4.502

*BM: Brain Metastases, *TP-True Positives FP-False Positives CV: trained models from the 5-fold cross-validation
on the training set

Table X tabulates the results for the CAVEAT method of gradual domain adaptation incorporating all three
datasets. We obtained BraTS results from iteration 0 and 1 that was trained only on BrainMetShare and the
SUNMET, where the first iteration registered 0.638 at 2.200 FP/patient. In the second iteration, we found a drop
in sensitivity, but at a lower FP/patient. It can be observed that the method generalized well to BraTs, with a
sensitivity of 0.723 and a FP/patient of 2.240 at iteration 3 without any fine tuning. BrainMetShare performance
also benefited from the CAVEAT method — with marked improvements of ~ 17% in Sensitivity with improved
FP/patient as training progresses from iteration O to 3 (0.634 to 0.811). The CAVEAT iterations showed steady
improvement from the fully supervised baseline model to the next 3 iterations where more confident pseudo
labels and small volume BraTS data were introduced (see Figure 17 and Table XII).

Table X Brain metastasis detection performance of NLMET (Non-local Metastases Detection) when trained with
the CAVEAT method.
Iter | DATASETS BrainMetShare Validation |Local Validation BRATS validation

Local |BrainMetShare |BraTS* |TP [(FP [FP/p SENS |TP |FP |FP/p SENS (TP [FP |FP/p SENS

TR TR |PS
0o |v Vo= x 151 (97 |4.619 |0.634 |54 |115|5.000 |0.630 30 (55 (2.200 |0.638
1 |V v x 171|73 |3.476 |0.718 |60 (89 |3.870 |(0.779 27 |44 |(1.760 |0.574

2 |V v 350 183 |63 |3.000 |0.769 |57 |75 |3.261 |[0.740 32 |51 (2.040 |0.681
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3 |V v v 375 193 ({62 |2.952 |0.811 57 |72 [3.131 |0.740 34 (44 (1.760 |0.723

Baselines 170 ({74 |3.523 |0.718 50 (76 [3.304 |0.649 26 (69 (2.760 |0.553

Iter: Iteration of the CAVEAT method, *Indicates number of samples used for training, TP: True Positives, FP: False Positives,
TR: Training data, PS: Pseudo Labeled data, FP/p: False Positives per patient, SENS: Sensitivity, Baselines provide values when
trained on the training set of its corresponding dataset v': Dataset used in training %: Dataset not used in training, Numbers
in bold denotes the highest sensitivity and lowest FP/patient achieved by CAVEAT method

Table XI Wilcoxon paired test results for Sensitivities for selected experiments conducted at p<0.05.

Experiments p-value Significance at p<0.05
Comparing original N-Net to NLMET 0.021 Significant large difference
Comparing NLMET trained on BrainMetShare and Local dataset with Iteration 1 of | 0.005 Significant large difference
CAVEAT method

Comparing NLMET trained on BrainMetShare and Local dataset with Iteration 2 of | 0.012 Significant large difference
CAVEAT meth1450d

Comparing NLMET trained on BrainMetShare and Local dataset with final iteration | 0.001 Significant large difference
of CAVEAT method

Wilcoxon paired tests in Table XI shows that there is significant difference in the Sensitivities reported between
the original model and incorporating the non-local block in the architecture. The next 3 comparisons show that
each iteration shows significant improvement over its NLMET counterpart, trained with only ground truth data
from the BrainMetShare and local dataset.

FROC Curves for the CAVEAT iterative method

Sensitivity

. — BASE

ITERL
0.15 LEGEND:

FROC Free-response Receiver Operating Characteristics
ITER N N™ [teration
oos BASE Base network ITER3

ITERZ

0 02505075 1 12515175 2 23525275 3 32535375 4 43545475 5 52555575 6 625 65 675 7 72575 775 8 835 ES5
False Positive/Patient
Figure 17 FROC curves for the CAVEAT method at different iterations evaluated at 1/4, 1/2, 1,2,4,8 FP/patient
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Table Xl Sensitivities at different iterations at 1/4,1/2,1,2,4,8 FP/patient based on the FROC curve in Figure 18

FP/patient | % JA 1 2 4 8

BASE 0.218 | 0.332 | 0.499 | 0.569 | 0.631 | 0.671
ITER1 0.467 | 0.518 | 0.634 | 0.686 | 0.728 | 0.755
ITER2 0.478 | 0.571 | 0.663 | 0.757 | 0.796 | 0.846
ITER3 0.514 | 0.639 | 0.699 | 0.759 | 0.826 | 0.852

Correctly inferred lesions and false positives from the final iteration of CAVEAT can be found in Figure 18. These
lesion candidates showed that CAVEAT helped the model detect different sizes of lesions. The FPs found in the
representative subject of Figure 18c with motion artefacts were found to be blood vessels mistaken for
metastases. A qualitative review of MRlIs in the validation dataset found that similar FPs were also present in MRls
without motion artefacts (Figure 18d-e). Figure 18f is an example of the lateral ventricle mistaken as a FP. Missed
detections were found to be common in samples with multiple tumors in close proximity, which were
inadvertently removed by the NMS algorithm typically used in RPNs.



Figure 18 Detected lesions from the BrainMetShare dataset in six representative patients with lesions of varying
sizes (a) small metastasis 2mm in size, (b) large metastasis, measuring 9mm (c) two false positives (d) one false
positive (e) one false positive (f) one false positive




43

0.8
0.6
Legend: 0.4
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Figure 19 Depiction of the non-local response at 3 pre-determined locations using NLAM (a) Ground truth of
tumor in a representative patient with 240x240 resolution (b) Patch of 128x128 which denotes the query regions
of NLAM (c) NLAM near tumor region 1 (d) NLAM near non-tumor region 2 (e) NLAM near non-tumor region 3.
The color bar correlates the colors shown on the heatmap to their NLAM values.

Figure 19 depicted heatmaps of three arbitrary points, with the point labeled 1 located at the tumor site, while
points 2 and 3 are structures unrelated to the tumor. The purpose of the non-local attention maps (NLAM) was
to compare the different non-local responses within different structures in the test image. While every point
generated a volumetric NLAM, only a single slice was selected to be displayed. As observed from the NLAM in
(Figure 19c-e), the response of each point in the test volume was different, and in the proximity of the tumor area
(Figure 19c), regions of saliency are highlighted in red, whereas there is less response in areas that do not
correspond with any tumors (Figure 19d-e). Artifacts in the form of horizontal lines observed in NLAM is attributed
to the subsampling trick described in [52] to save computational resources. In our case, the subsampling reduced
the patch from 32x32x32 to 32x32x8 and hence reshaping the image to its original size of 128x128x128 may have
caused some distortions.



44

5.5 Discussion

In this study, we developed a deep learning method, NLMET, which detects BM reliably on different post contrast
MRI sequences (T1-MPRAGE Post-Contrast, T1-Gradient Echo Post-Contrast and T1-FLAIR datasets). The various
sequences demonstrate the potential of training with a mixed bag of MRI sequences, to simulate multi-center
scenarios.

Also, the appearance of tumors on the MRI are dependent on the origin of the primary malignancies [98]. Since
82% of the data in the SUNMET has unknown primary tumors, we are not able to ascertain which tumor
morphologies are under- or overrepresented in the dataset.

We utilized a lung nodule detection network as there are parallels between metastases in brain and lung nodules.
For instance, nodules are comparable in size to metastases, and often mistaken for vessels and other structures,
similar to how metastases are misrepresented as blood vessels in the brain. Additionally, using CAVEAT iterative
gradual self-training framework for co-training of the three datasets further improved the quality of the detection
network. Our findings were validated on held out data with samples of different sequences originating from three
separate datasets.

We found that the addition of a single non-local block improved the sensitivity and FP/patient with BrainMetShare
and SUNMETs by running ablation studies between the NLMET and N-Net on both datasets. While it would be
intuitive to increase the number of non-local blocks in the object detection network, diminishing returns upon
increasing the number of blocks have been found [52]. This result may be explained by the fact that BM cause
subtle morphological distortions and midline shifts within the brain structure, which may not be adequately
described by convolutional operations. These distortions serve as visual cues radiologists look out for in locating
BM. As the goal of any CAD system is to model intrinsic knowledge, we included a non-local block to evaluate
information which may not be within range of a convolutional operation. The NLAM suggests that the response
for different regions in an image is different and methods that generate single attention maps for the entire
volume [50], [102] may provide insufficient context to the network.

Prior work on BM was done on private datasets which does not allow comparison of the various neural networks
[12]-[14], [34], [37]. We utilized results from the publicly available BrainMetShare dataset to benchmark the
performance of our method with other methods that used the same dataset. With supervised learning on 3D
NLMET, we achieved an average of sensitivity of 0.69 at 4.5 FP per patient, compared to the original
BrainMetShare architecture using a modified 2.5D GoogleNet with 0.53 sensitivity at 8.3 FP/patient [14]. The
benefits of 3D NLMET was two-fold, it corroborated the effectiveness of non-local blocks over increased network
depth (of the GoogleNet) in capturing long range dependencies [52]. Secondly, it demonstrated the benefits of a
3D over 2.5D scheme — despite reduction in crop size and batch size. The results were obtained by 5-fold CV
because the ground truth was unavailable for the validation set of BrainMetShare.

While we have shown that a non-local block can provide more global context, the networks were trained on their
respective datasets in a fully supervised manner. This meant that each model had to be trained individually and
there was no knowledge shared between datasets. Since all three datasets represented a domain shift from each
other, training the model with all labeled data in one go may lead to model instability. It has been shown that
systematic training such as curriculum learning proposed in (26) makes the model impervious to label noise.
However, in our case there is no objective way to distinguish ‘easy’ cases from their more ‘difficult’ counterparts.
Therefore, it is more advantageous to narrow the domain gap between datasets. An incremental domain
adaptation approach was shown to yield higher accuracies at the target dataset compared to direct domain
adaptation (27). One challenge in our multi dataset system is in determining the intermediate domains to which
we would incrementally train the dataset.

To achieve a more generalized model and to leverage other datasets, we co-trained the datasets in a gradual self-
training paradigm known as CAVEAT, which is inspired by incremental learning and curriculum learning [70], [103].
With CAVEAT, the aim was to create small shifts in domain so that the network can adapt to the target domain.
Therefore, in the first iteration of CAVEAT we applied fully supervised learning on the local and BrainMetShare
dataset as it had the smallest shift in domain. Next, we applied pseudo labels from the unlabeled data in
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BrainMetShare. As the BraTS data was a primary glioma dataset, it had a larger domain shift, hence was only
present from the 2" iteration. In each batch, one BraTS sample was presented to two BrainMetShare and two
local samples to prevent catastrophic forgetting as we were dealing with three different datasets. We found that
a marginal increase in the amount of data in the next iteration was enough to illicit a better sensitivity at lower FP
per scan. Also, a sudden increase in BraTS sample size may cause an imbalance in the number of samples being
trained in an epoch, potentially causing overfitting.

In terms of stability of the CAVEAT approach, we evaluate this based on the performance of 3 datasets, where
the improvements are consistent across the board. Without training on BraTS data (iteration 0 and 1) we can
attain a relatively acceptable result on the BraTS dataset. We do find that after the 3rd iteration, there are
depreciating returns as we find that we no longer have enough small volume tumors to train from and the
confidence of the pseudo labels has reached its peak.

Empirical work on larger BraTS ratios (2:2:2) have been shown to be detrimental to the performance of
metastases detection. As the main goal of our detection was to identify the smallest metastases and the trickiest
to determine manually — we did not apply lesion size thresholds when evaluating the results. Validation of results
on CAVEAT was performed with a single fold on the datasets to save on computation time.

After 3 iterations on CAVEAT, we found that the BrainMetShare and SUNMET improved at least 10% sensitivity
and decreased in FP/patient down to 2.9. Another approach of synthesizing large numbers of lesions using GAN
(Generative Adversarial Networks) achieved similar increase of 4 to 7 FP per slice [104]. Simply put, a radiologist
must contend with 3 extra false lesions on each slice, whereby a single patient’s MRl would have 450 incorrectly
marked lesions (for an MRI with 150 slices). In the two-step methods we have reviewed, “CropNet” [36] gives 85%
sensitivity at 5.85 FP/patient and the Faster RCNN with RUSBoost [12] registers 96% sensitivity at 20 FP/patient.
In comparison with CAVEAT, the two-step methods achieved higher sensitivities, albeit at higher FPs. The reason
for lower sensitivities could be attributed to the data distribution of the datasets and MRI sequences selected for
use during training. In BrainMetShare, the authors contend that the diversity in data makes it a more challenging
dataset to work with [14]. Similarly, the SUNMET has a range of different BMs ranging from 2mm to 40mm, with
different distribution of primary cancers. One downside of higher FPs is that it creates additional overhead and is
the main reason for poor adoption of CAD in clinical settings [9].

The presence of motion artefacts in a representative subject from BrainMetShare is expected as motion artefacts
were not an exclusion criterion [14]. We have also ascertained that FPs were not only limited to MRIs with motion
artefacts, so we rule out the possibility that there is limited training data with motion artifacts. Another instance
of FPs are from high contrast structures in the MRI such as lateral ventricles. To reduce the prevalence of these
FPs, these FPs can be incorporated in the training set for further negative sample training.

The CAVEAT approach of introducing increasingly confident labels and out of domain samples in a controlled
manner provided regularization to prevent overconfidence in the network during self-training, evident by the 2.9
FP/patient result. However, no marked improvements were observed from the 2" to 3" iteration as the pseudo
labels were sufficiently confident after 3 iterations, and the number of small lesions BraTS data was insufficient
to perform further iterations. This is typical in iterative learning where improvements saturate after the 3™
iteration [69].

5.5.1 Limitations

Three imaging sequences were selected (T1-MPRAGE, T1-Gradient Echo and T1- FLAIR) for training with the aim
of demonstrating generalizability to various sequences. Further studies on other combinations of multi parametric
sequences to improve detection performance should be performed. Also, the SUNMET that we curated does not
have enough data points for a training and validation set as performed in BrainMetShare. Secondly, there is a
concern that the ground truth of the SUNMET was annotated by a single radiologist — we try to mitigate this by
introducing two datasets, BrainMetShare, which is publicly available and annotated by two specialists and BraTs,
which is annotated by four radiologists. The other limitation is that the two metastases’ datasets, may not be
similarly distributed as most of the primary cancers in the SUNMET are CUP — and therefore domain adaptation
methods and self-training with out of domain BraTS dataset were perused.
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5.6 Conclusion

In this chapter we have demonstrated the CAVEAT deep learning detection ecosystem to alleviate the scarcity of
training data in a single dataset with a small FP rate and improved sensitivity. The proposed method has the added
advantage of being MRI sequence-agnostic which is useful in clinical applications. The focus of our work is to
detect smaller lesion structures from 1-3mm as these provide opportunity for early treatment for better prognosis
of BM — by leveraging on an architecture developed for lung nodule detection purposes. The introduction of the
NL block provided additional context to the model allowing for higher sensitivities and lower FPs compared to the
architecture without the NL block — by evaluating the overall contribution of the feature maps with respect to a
single pixel.

The CAVEAT method was trained on the premise of curriculum learning based on volume of the lesions and
increasing the confidence level of pseudo labels. Overall, the method performed well, but we see a reduction in
performance gains at the 3™ iteration, presumably because the model has reached its optimal solution. As we
increase the ‘objectness’ score to reduce the noise in pseudo labels, we could inadvertently remove some true
positives, particularly at later iterations. Additionally, as we increase the number of samples with large lesions,
the out of domain training data may outnumber that of the primary training data — which could lead to
catastrophic forgetting.
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6 PHYSCISION: Improving Brain Metastases Detection in T1-MPRAGE scans
through modelling Short-Range Dependencies and Dataset fusion strategies

6.1 Key points

e Brain metastases detection methods suffer from false positives and data scarcity
e Short-range non-local blocks in the deep learning architecture reduce the propensity of false positives
e Dataset fusion strategy uses datasets from different domains to alleviate data scarcity

6.2 Introduction

In the previous chapter, NLMET, a deep learning-based brain metastases detection method was described. To
improve contextual information, non-local blocks were incorporated into the RPN. Three brain MRI datasets were
used in the CAVEAT paradigm to improve detection ability.

In this chapter, short-range information is added to improve the performance of the non-local blocks. There are
a few deficiencies in the CAVEAT model, namely uncertainties in pseudo labels and the poor efficiency from
repeatedly training the model. The new approach harnesses fully annotated public datasets together with a single
pass training method.

Data fusion based on similarities will mutually reinforce the training set and produce better outcomes [10].
However, there is no way to adequately compare the similarities between three datasets of different organs, MRI
sequences and their respective anomalies. By leveraging the physical attributes of each dataset instead of
quantifying the similarities between three unrelated datasets, this technique attempts to reduce the domain gap
between them.

This chapter will demonstrate that:

1. Detection performance of brain metastases improves via architectural improvements by introducing short
range dependencies for non-local blocks.

2. In medical applications where dataset size is limited, it is possible to incorporate publicly available datasets
during training for better performance demonstrated using two datasets.

3. Domain adaptation in primary organ MRI datasets of different pathologies can be achieved through data
fusion by synchronizing the data distribution.

4. Domain adaptation in different organ MRI datasets of different pathologies can be achieved through data
fusion using quantifiable physical attributes.

6.3 Material and Methods

6.3.1.1 Patient demographics

156 patients with metastatic brain cancers who had undergone Gamma Knife Therapy in Sunway Medical Centre
between May 2017 and August 2020 had participated in this study. Out of the 156 brain MRIs, 121 patients were
included in the dataset with at least one metastatic lesion. 35 patients were excluded due to one of the following
reasons 1) No metastatic lesions were found in the scans 2) Missing post-gadolinium Ti-MPRAGE sequences. A
total of 987 lesions were found on Post-gadolinium Ti-MPRAGE sequences interpreted by a clinical interventional
radiologist with 10 years of experience on a Carestream (Carestream Health) workstation. The Sunway Medical
Center Brain Metastases dataset will be collectively known as SUNMET (Sunway Medical Center Brain Metastases
dataset)
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6.3.1.2 MRI protocol

Examinations were conducted on a 3T scanner (Siemens MAGNETOM Skyra) in the HFS (head-first supine)
position. The acquisition parameters for post-gadolinium Ti-MPRAGE sequences were as follows: matrix =
256x256x192; slice thickness = 0.90mm; pixel spacing = 0.90-0.93mm; TE = 2.32-2.49ms; TR = 1900-2000ms; Tl =
900ms; flip angle = 8-9°.

6.3.1.3Additional public datasets for dataset fusion

To investigate the effect of joint training on out-of-domain datasets on brain metastases detection, we introduce
two publicly available MRI datasets, BraTs, a brain glioma segmentation dataset [105] and Duke Breast Cancer
MRI dataset [106]. For the BraTS dataset, 3D connected component labelling on ground truth segmentation masks
with labels 1 (necrotic core) and 4 (enhancing tumor) denoting the tumor core was performed on the ground
truth to obtain the (x,y,z,diameter) centroid of the lesions.

For the Duke Breast Cancer dataset, the ground truth was given by (row_start, row_end, column_start,
column_end, slice_start, slice_end) and additional preprocessing was performed to convert it to centroid
information. In terms of the MRI sequences, since the scans came from various centers, we randomly selected
the MRI modalities to introduce some variance in the training data. Also, it is important to note that some of the
image sequences were ordered differently based on the ImagePositionPatient DICOM tag. The images were
normalized so that the start_slice is always at the lowest height, and this was verified manually by visual inspection
of all the ground truths (see Figure 20). 12 samples were excluded from the onset as prescribed by [107], because
of missing pre/post contrast images.

Figure 20: (a) shows the ground truth with start_slice at the highest z slice (b) after realignment, notice the
ground truth is now situated within the lesion

6.3.1.4 Deep learning-based detection by modelling short-range dependencies.

The base of this model is a lung-nodule detector [38] which has achieved superior results in the Kaggle DSB
competition. This detector features a Region Proposal Network (RPN) with ResNet blocks (see Figure 21(a)). Since,
lung nodules and brain metastases share similarities in terms of appearance, we use this as our base model.
However, authors in [38] contend that the model is not primed for smaller structures as lesions below 7mm are
excluded from the training set. In our work, we do not exclude any lesions from the training set and introduce
architectural changes to improve the detection ability of these smaller structures.

To enhance the detection ability of lesions, a modified non-local block (NLB) is introduced to improve the spatial
information in the downsampling block. The original NLB calculates the dependency of each point relative to every
point in the feature map [108]. Because distant frames are highly correlated with respect to the reference frame;
the evaluation of long-range dependencies is crucial. When NLB is used in conjunction with convolutional blocks,
it provides the long-range attention to complement the kernel operations, which act on smaller scale. This works
well on video and temporal data, as video images are captured in multiple frames per second.
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For brain lesions in MRI data, an average-sized lesion appears across 3-5 slices with minimal correlation between
distant slices beyond 20 slices. Neuroradiologists typically rule out false positive blood vessels, by charting the
paths of the structures for more than 20 slices. This suggests that NLB range is overextended, returning areas of
saliency on blood vessels which contributes to false positives. By leveraging “soft knowledge” of experienced
professionals, we introduce Short-Range dependencies for non-local (STROLL) block, which sufficiently describes
metastatic lesions. Our experiments investigate 3 different placements of the STROLL block (see Figure 21(a)).

Training is done for 150 epochs, using an adaptive learning rate as follows:
Current epoch, e out of total number of epochs E,
Learning rate denoted by R, is defined as
Re = 0.001 where e < 0.5E
R. = 0.1 * R._; where 0.5E < e < 0.8E
Re = 0.01 * R,_; where e > 0.8E

The model is trained on 96x96x96 patches with a batch-size of 4 on two NVIDIA RTX 2080 Ti (NVIDIA
Corporation) GPUs. Given a 96x96x96 input patch will generate instances of ground truth:

Gi,j = [gp’ 8x 8yr 82 gd] | i=1...13842 (1)

corresponding to 13842 x 3 anchor sets j = jy, ], j3 Which describe centroid coordinates g, gy, g, and lesion
diameter g4 with the g, values:

8p=lesion = 1 8p=background — 0

Consider an anchor box Aa,]- = ap,ay,ay, a5, ag ] from anchor set j where a,, ay,a,, are centroid coordinates
and aq is the lesion diameter and its corresponding probability, a,

Consider Lysg, the L2-norm between the centroid coordinates and the ground truth,

Lysg = %le(ac—c)z where I = 1..13824 (2)

c=%Yy,12d

While Lgcg is the binary cross entropy of the probability of the a,, and its ground truth g,

Lgcg = gp log(ap) + (1 — gp)log (ap) ’ b (3)

= lesion, background

The loss function Lyx for each anchor box is the sum of both losses defined in (2) and (3):

Lyox = Lmsg + Lpcg (4)
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a) STROLLNet - Short Range Dependency for Non-Local Block Brain Metastases Detection Network
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Figure 21: STROLLNet model architecture component diagram

6.3.1.5 Dataset fusion strategies

From the best model evaluated in the previous section, we peruse that model to further boost the data volume
and their performance via training with dataset fusion strategies. We incorporate two out-of-domain datasets as
auxiliary data to boost the sensitivity and reduce the false positive counts of the brain metastases detection.
Because of the domain gaps in auxiliary datasets, we utilize quantifiable physical attributes and clinical factors to
filter appropriate data points to achieve better performance in brain metastases detection. This method is called
PHYSCISION (Physical attributes and clinical factors data fusion)

6.3.1.5.1 Dataset fusion of Same Organ, Different Pathology

BraTS primary glioma dataset presents an opportunity to investigate dataset fusion of another pathology within
the brain. Gliomas and metastases appear similar in conventional MRI, which is an advantage for training the
primary task [109]. Specifically for our dataset, Figure 22 depicts the tumor diameters for SUNMET and BraTS.
Two observations can be drawn, 1) BraTS has considerably more tumors than SUNMET 2) SUNMET tumors are
less than 64mm. To close the domain gap, we aim to create a mini dataset to mimic the distribution of the
SUNMET dataset. However, curating a dataset according to tumor diameter is not straightforward when there
are large and small tumors in proximity in a single patient. Therefore, the aim is to create a mini dataset which
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most closely resembles the data distribution of SUNMET. Two datasets, labeled D1 and D2 will be selected for use
in experiments, by matching the distributions of tumor diameters to the SUNMET dataset (see Figure 24).
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Figure 22: Distribution of tumour diameters in patient data from the BraTS and SUNMET dataset (note that y-
axis is in logarithmic scale)

6.3.1.5.2 Dataset fusion of Different organ, Different pathology

The DUKE Breast Cancer Dataset showcases dataset fusion using a different organ and pathology. Since the
dataset contains clinical factors as supplementary information, we examined Molecular type (MT) and Breast
Density (BD) to create a mini dataset, instead of using tumor diameters as we did for BraTS data. As prescribed
by curriculum learning [70], the groups are trained from one characteristic to another in an epoch. For BD
characteristics, the model is trained from fattiest to the least fatty. For MT, we train them on a group basis from
0 to 3 (0 = luminal-like, 1 = ER/PR pos, HER2 pos, 2 = her2, 3 = trip neg).

6.3.1.6 Statistical Analysis

For consistency, results were generated from scripts provided to evaluate lung cancer detection performance in
the LUNA Challenge [101]. This script was implemented on the Python package (v3.8.5, Python Software
Foundation), with Scikit-learn (v1.0.1), Matplotlib (v3.5.1) libraries. The validation set was generated randomly
via a 5-fold cross validation library to ensure randomness.

6.4 Results

6.4.1 Patient demographics

From a total of 170 patients, a total of 49 patients were excluded based on criteria in Figure 23. The final training
and validation set consisted of 121 scans from 121 patients (age not available as some personally-identifiable
information was redacted) who underwent Gamma Knife Surgery in Sunway Medical Center, Malaysia. Of this, 98
were used for training (643 lesions; size + standard deviation 11.39 + 10.31mm; range 2-83mm) and 23 for
validation (76 lesions; size + standard deviation 14.02 + 10.51mm; range 3-60mm)
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Figure 23: Flowchart of the data collection and selection procedure of the SUNMET dataset
6.4.2 Additional public datasets for training

To expand the SUNMET training set, we utilize two datasets from DUKE Breast Cancer Dataset and BraTS Glioma
dataset outlined in Table XIII. During training, we sample 300 data points from the 1251 BraTS patients and around
150 samples from DUKE dataset to prevent the model from overfitting to the other two datasets.

Table XIlI: Distribution of patients demographics in the BraTS, DUKE and SUNMET dataset (age information has
been redacted for patient confidentiality)

BraTS SUNMET DUKE
Variable Overall sample Overall sample Training set Test set Overall sample
Total number | 1251 121 98 23 910
of patients
Gender Male: N/A Male: 56 Male:42 Male:14 Female: 910
distribution Female: N/A Female: 65 Female:56 Female:9
Primary Glioblastoma Breast:3 Breast:3 Lung:1 Breast:910
cancer multiforme:1251 | Pituitary:3 Pituitary:2 Pituitary:1
Lung: 12 Lung: 11 CUP:21
Skin:1 Skin:1
Spinal cord:2 Spinal cord:2
Colon:1 Colon:1
Cancers of CUP:78
Unknown Primary
(CUP):99
Lesion sizes <7:541 (58%) <7:338 (3%) <7:313 (49%) | <7:25(33%) | <7:0(0%)
8-12: 44 (5%) 8-12: 150 (51%) 8-12: 144 8-12:6 (8%) 8-12: 24 (3%)
>12: 349 (37%) >12:231 (46%) (22%) >12: 45 >12:882 (97%)
>12:186 (29%) | (59%)
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6.4.3 Deep learning-based detection by modelling short-range dependencies

In Table XIV, STROLLNET configurations S1 and S2 register improvements in sensitivity and FP. Compared with the
original NLB, STROLLNET S2 logs an increase in sensitivity of 4.1%. Configuration S3, placed at the upsampling
path did little to improve the sensitivity and FPs. All STROLL blocks were found to give better FP compared to their
NLB counterpart. The best STROLLNET model, S2 was selected as the basis for all experiments on PHYSCISION.

Table XIV: Summary of the detection metrics for SUNMET validation data on various configurations of
STROLLNET trained on SUNMET training data

Configuration Performance metrics
TP* FP* FP/patient Sensitivity

Non-local block (N1) 43 70 3.043 0.558
STROLLNET1 (S1) 45 68 2.957 0.584
Non-local block (N2) 42 65 2.826 0.545
STROLLNET2 (S2) 45 61 2.652 0.584
Non-local block (N3) 44 71 3.087 0.571
STROLLNET3 (S3) 44 63 2.739 0.571

*TP-True Positives; FP-False Positives *Numbers in bold denote the better model performance, higher sensitivity at lower
FP/patient

6.4.4 PHYSCISION Dataset fusion strategies

Table XV is a comparison of the training performance of data fusion strategies. Experiment 1 demonstrates
training on only SUNMET data. Comparing Experiments 2 and 3, BraTS dataset D1 yielded the better performance.
Training with D1 increased sensitivity by 3.9% compared to training on the primary dataset. D1 yielded better
performance than D2 and was used for all experiments involving DUKE datasets. Figure 24 shows the distribution
of dataset D1 with fewer large lesions than D2, and through experimentation was shown to provide better results.

Table XV: Summary of detection metrics for SUNMET validation data on STROLLNET2 with data fusion strategies

Experiment SUNMET BraTS DUKE Performance metrics Training
N patients* N Dataset N Attribute! Categorie TP* FP* | FP/patient | Sensitivity | time
patients | Name patients s (hours)
1 98 N/A N/A N/A N/A N/A 45 61 | 2.652 0.584 6.50
2 98 300 D1 N/A N/A N/A 48 58 | 2.566 0.623 16.50
3 98 300 D2 N/A N/A N/A 44 63 | 2.739 0.571 16.50
4 98 300 D1 910 N/A N/A 46 56 | 2.435 0.597 67.50
5 98 300 D1 910 MT 0,1,2,32 48 49 | 2.130 0.623 67.50
6 98 300 D1 910 BD 5,4,3,1,0 | 51 51 | 2.217 0.662 67.50
NC3
7 98 300 D1 37 BD 5,4,33 53 51 | 2.217 0.688 17.00
8 98 300 D1 156 BD 5,4,3,1,0 | 45 52 | 2.261 0.584 19.50
3
9 98 300 D1 83 BD 5,4,3,13 55 49 | 2.130 0.714 18.75

*N patients — Number of patients

LMT — Mol Type, BD - Breast Density, N/A — Not applicable

2 Mol Type (MT) Categories: O = luminal-like, 1 = ER/PR pos, HER2 pos, 2 = her2, 3 = trip neg

3 Breast Density (BD) Categories: O=heterogeneous, 1=scattered, 2=minimal, 3=moderate, 4=extremely, 5=predominantly
fatty, NC=Not categorized
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Figure 24: Tumor diameter distribution between two dataset BraTS mini datasets D1 and D2 and SUNMET.
Datapoints in D1 and D2 are selected based on the lesion diameters and plotted in the graph to get a
distribution as close to the primary SUNMET dataset. (Note that y-axis is scaled logarithmically)

Without any data fusion strategy, the best results came from combining the three datasets (see Experiment 4).
Training of all 910 datapoints on MT versus BD characteristics, BD fared marginally better. The last 3 rows describe
experiments performed on data with Breast Density categorized. When training on PHYSCISION, the dataset
trained with 3 datasets on PHYSCISION, with only 83 datapoints from DUKE produced the best results (71.4%
Sensitivity, 2.13 FP/patient).

Table XVI Wilcoxon paired test results for Sensitivities for PHYSCISION experiments from Table XV conducted at

p<0.05.
Experiments p-value Significance at p<0.05
Comparing Experiment 1 and Experiment 9 0.004 Significant large difference
Comparing Experiment 1 and Experiment 2 0.198 Non-significant medium difference
Comparing Experiment 6 and Experiment 9 0.013 Significant large difference

From Table XVI, Wilcoxon paired tests were conducted to determine the significance of selected experiments.
Interestingly, experiments with only SUNMED data and dataset D1 did not exhibit statistically significant results.
This shows that using BraTS data alone does not suffice to generate a better performance for the model.
Conversely, Experiment 1 and 9 shows that a good selection of out-of-domain data can bring about a positive
increase in sensitivities. However, when comparing Experiment 6 (1308 patients) and Experiment 9 (481 patients),
the Wilcoxon test found a significant difference, showing that a larger cohort of data does not necessarily
guarantee better results. These results show that out-of-domain data must be curated carefully, as Experiment 6
contains multiple (i.e., 754 out of 910) cases that have the Not Categorized (NC) Breast Density category.



55

Therefore, for out-of-domain data to be useful, an appropriate selection of the breast density categories must be
performed, as done in Experiment 9, which produces the best results.

6.5 Discussion

Our results indicate that short-range global information provides more contextual information to the network
over its NLB counterpart for any configuration for the task of detecting metastases. The consistent improvements
in FP rates indicate that the STROLL blocks provide “right-sized” self-attention to the network. While STROLL block
demonstrates improvements in every configuration, placement at the earlier downsampling path is more
advantageous as it allows more contextual information to be cascaded through the entire network. Additionally,
STROLL blocks evaluate feature maps with reduced range, leading to lesser computational requirements, allowing
the STROLL blocks to be placed at higher spatial resolutions compared to the NLB variant. We have also
demonstrated that naive data fusion has positive effects on low volume datasets, despite the domain gap. The
introduction of PHYSCISION data fusion strategy shows that supplementary data can provide important insights
that lead to better curated datasets, which leads to leaner datasets and shorter training times. We observe that
the D1 distribution, while giving us better sensitivity and FP, it does not constitute a perfect match to the SUNMET
distributions, due to the morphology of primary gliomas which consists of larger volumes than brain metastases.
However, cherry picking tumor diameters in BraTS is not possible, as a single 96x96x96 training patch contains
multiple lesion sites, large and small. Reducing training patches to only capture a single lesion, results in smaller
spatial views, which will be detrimental to training accuracy [99]. For the DUKE dataset, we found significant gains
using BD over MT characteristics, as lesions in fatty breasts are easier to determine than dense ones [110]. In
accordance with curriculum learning principles, our method also queues BD data points from most fatty to least
fatty, so that samples increase in difficulty. MT did not fare as well, as it is a biological characteristic which has
lesser influence on lesion appearance in MRl scans [111].

Similar work on brain metastases achieved 53% sensitivity at 8.3 FP/patient on a dataset with 121 scans trained
on a multi-channel 2.5D GoogleNet architecture [14]. Comparatively, STROLLNET a 3D scheme trained on single
channel data achieves similar sensitivity at a lower FP rate of 2.56 FP/patient; we attribute this to the STROLL
block which better discriminates smaller structures. A two-stage model trained on a significantly larger dataset
with 3 MRI sequences obtained 90% sensitivity at 4.57 FP/patient [15]. To achieve comparable data volumes, the
present study utilized a mono-channel single shot model to facilitate the input of different MRl modalities from
different datasets. We favor single shot models over two-stage ones for simplicity of training and reduced
computational complexity. Self-training schemes using brain MRI datasets achieved 74% sensitivity at 3.13
FP/patient after 3 iterations [112]. In contrast, PHYSCISION is trained once and achieves 2.13 FP/patient at a
slightly reduced sensitivity, an acceptable tradeoff as the training time is reduced by a third.

A limitation of our study is the inability to harness the power of multi-channel deep learning as seen in [13], as a
single channel implementation is more flexible in a multi-dataset application. Another limitation is the limited
Breast Density information available in the DUKE dataset, which allowed only 17% of the data to be utilized. Future
work would be explored should Breast Density information be available for more patients in this dataset.

6.6 Conclusion

To conclude, we have shown that modelling short range information is more beneficial than NLB in detecting
brain metastases. In the opening statement, we highlighted the need for large volumes of data for deep learning.
While this may be true for datasets with close domain gaps, it appears that for out-of-domain datasets, less is
indeed more. Our work shows that curating the right data from disparate domains is crucial for efficient training
of deep learning models, achieving performances comparable to that of iterative training on similar domain
datasets.
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7 Main Conclusion

The intricacies of lesion structures as well as the morphological differences between primary gliomas and
secondary brain metastases necessitate the development of different strategies for the segmentation and
detection of each lesion type. All three architectures investigated in this thesis share a commonality, the need for
attention mechanisms to improve the performance of the task at hand. As much as possible, the attention blocks
were designed to incorporate experts’ soft knowledge to detect salient regions.

Also, the difficulty in obtaining fully annotated medical images hinders the curation of large pathological datasets
to adequately train the model, particularly in single center studies. Therefore, every architecture presented in this
thesis is developed together with a training paradigm to alleviate data scarcity. Auxiliary datasets from public
medical image datasets were employed for this purpose. These datasets present varying domain gaps arising from
different modalities, physiologies, organs, and even cancer primaries — providing an opportunity to explore
domain adaptation techniques.

The CASPIAN block was derived from a-priori knowledge from the left-right asymmetry present in patients with
primary gliomas. As lesions are irregularly shaped, asymmetry can be more pronounced in one or more reference
planes. Multiplanar features were added to capture asymmetry on the 3 planes (coronal, axial, sagittal) in the
CASPIANET++ model. This model improves segmentation of brain tumors over the winning BraTS 2018 model in
WT and TC classes (81.08%, 91.20%, 87.60%, respectively for ET, WT and TC). The BraTS multiclass segmentation
task is not immune to the issue of data imbalance and scarcity, particularly in the ET region. The Noisy Student
Curriculum Learning (NSCL) was proposed to utilize the regularization effect of controlled data augmentation for
training to further improve the model in the ET class (81.56%).

As CASPIANET++ model with NSCL was adept at brain segmentation to detect primary gliomas, we expanded the
CASPIANET++ model to the SUNMET dataset. The SUNMET dataset consists of 121 patients containing secondary
brain metastases (BM), with majority of cancers being of unknown primaries. This dataset is differentiated from
others because it contains patients with metastatic brain tumors from a Malaysian demographic. The SUNMET
brain MRIs are of a single MRI sequence compared to public datasets which are often multi-sequence. As there
are differences in machine settings and requirements in medical practice, there always exists differences in MRl
modalities used in each medical facility. Having a multi-channel deep learning architecture yields better results,
but can be problematic when training multi-center, multi-organ and multi-pathology datasets. A single channel
brain metastases detection method was favored for ease of transitioning to other datasets, which may not contain
multimodal data. This tradeoff provides a more generalizable model, which potentially can be deployed to other
medical centers.

Unfortunately, applying CASPIANET++ on SUNMET dataset yielded no tumor predictions. It was clear that a
different architecture was required to detect secondary BM as it is too small to cause asymmetry in the brain.
While the presence of primary gliomas can be described by a measure of symmetry in the brain, the same cannot
be said about BM, the smallest being 2mm in size.

This led us to develop NLMET, which is based on N-Net, a detection architecture initially used for lung nodule
detection. The original N-Net contains a location block that contains information of the lesion location as lung
nodules are only found at the edge of the lungs. This pattern appears to be specific to lung nodules and not BMs;
therefore non-local blocks were introduced to add more context to the model, to compensate for the redundant
location block. Adding non-local blocks corresponded to the notion that BMs were present across a few slices in
volumetric MRIs, which is out of scope of a local convolutional operation. The resulting architecture, NLMET
registers better Sensitivity and FP/patient results over its N-Net counterpart (NLMET 64.9% Sensitivity at 3.304
FP/patient | N-Net 61.0% Sensitivity at 3.609 FP/patient). As FPs are a major stumbling block in the general
adoption of CAD in the medical society, further improvements were achieved by incorporating gradual domain
adaptation methods and through use of two volumetric brain MRI datasets. CAVEAT utilizes the BrainMetShare
and BraTS datasets in a gradual self-training approach, which increases confidence scores in pseudo labels and
increases the total volume of lesions seen by the model in every cycle of training, achieving a final Sensitivity of
74.0 at 3.131 FP/patient.
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The non-local blocks in NLMET carrying information over larger ranges may inadvertently capture high inter
Simensity regions such as blood vessels. Thus, STROLL blocks were introduced to evaluate non-local blocks at
smaller ranges to capture salient regions more suited to smaller BM structures. The STROLLNET implementation
achieves lower FP/patient than its non-local equivalent and in most configurations, gives at least 3% increase in
sensitivity. While the NSCL and CAVEAT methods described previously require repetitive cycles - sometimes with
unpredictable outcomes - a single pass data fusion method only requires one cycle and eliminates the uncertainty
brought about by pseudo labels. PHYSCISION data fusion leverages on Big Data ideas, to pre-select quality
datapoints through additional BiRADs breast cancer information and lesion diameter information in a single cycle
of training to achieve 71.4 % Sensitivity at 2.130 FP/patient.

The three architectures presented in this thesis support the development of model agnostic blocks which can be
implemented in other deep learning architectures, particularly in lesion segmentation and detection. The
CASPIAN++ blocks are particularly suited for anatomical structures where symmetry is present. STROLL blocks are
designed for detection of fine lesions in the brain and can be applied to detection of minute structures. It is also
shown that medical data from various sources can be incorporated to boost the ability of deep learning systems.
The NSCL and CAVEAT learning paradigms suggest that unlabeled medical data can be transformed into pseudo
labels to further improve and generalize the model. The NSCL method is suited for datasets with vast amounts of
unlabeled data, while CAVEAT utilizes a combination of 2 datasets with some domain gaps. While the former are
iterative methods that require 4 cycles of training to obtain results, the PHYSCISION method incorporates ground
truth data from disparate domains in a single pass data fusion approach. This is aided by metadata on attributes,
which describe physical characteristics of the patient or its pathological structures.

7.1  Future Work

The work in this thesis can diverge into a few paths, across three major themes:

7.1.1 Architectural Improvements

CASPIANET++ describes a multi-channel deep learning architecture which uses four modalities on a single dataset.
However, in the work proceeding it, we find that the multi sequence MRI information from different datasets
cannot be reconciled for use in a multi-channel architecture as they may not contain the exact MRl modalities
which are required. This resulted in the multi-modality MRI data being discarded and replaced with a single-
channel deep learning architecture. The tradeoff for modality agnostic single-channel architectures is that they
have better clinical applicability, but the information loss from multi-sequence MRI is apparent. Our attempts to
utilize the random mix of modalities, to provide regularization to the model resulted in lower performance than
using only the post-contrast MRI sequence, which fortunately can be found in each dataset. Previous work on
missing modalities have been handled via dropouts [113] while in [100], single modalities were trained
sequentially to achieve modality independent deep learning systems. Future work should extend into the
development of adaptive channel architectures or utilizing skipped connections to cater for missing modalities.
Another potential area is the development of GANs which can artificially enhance and normalize the missing
inputs, this concept has been applied for data augmentation on scarcely annotated data [104].

7.1.2 Big Data Strategies, PyRadiomics and Morphological indicators

Our work on PHYSCISION explores the use of BIRADS data on the Duke Breast Cancer dataset to pre-select samples
which will be beneficial to our training process. The next step would be to use full-fledged Big Data strategies, by
incorporating more auxiliary metadata from patient records, especially when there are healthy/cancer patients
in the dataset through unsupervised learning methods. While radiomics has traditionally been used for disease
detection, the combination of radiomics and deep learning has been used with much success [114]. With the
capability of an FCN to process large quantities of data as well as the availability of radiomics libraries such as
PyRadiomics (https://www.radiomics.io/pyradiomics.html), this makes for an interesting area of study. The
foundation of the CASPIANET++ block are concepts borrowed from classical CAD methods such as bilateral
asymmetry. There are potentially more quantitative morphological indicators that can be obtained from the MRI
scan to be used to develop architectural blocks.
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7.1.3 Catastrophic Forgetting

Another open question of this study is to ascertain if there is an upper limit to the number of datasets that can
be utilized before catastrophic forgetting occurs, or if the law of diminishing returns applies. Further domain
adaptation work can be performed on previously identified (same organ, different pathology) ischemic stroke
lesion (ISLES) and (different organ, different pathology) lung nodule (LUNA) datasets. Our work in NSCL and
CAVEAT are semi-supervised learning methods and always feature brain MRI datasets in which data scarcity has
always been an issue. Through transfer learning techniques, large medical datasets of different organs and
pathologies can be used to learn high level representations while a second refinement stage is implemented
specifically for brain MRI datasets. Work in [61] explores this extensively for various datasets, and produces
exceptional results on lung nodule detection, but did not fare as well for the brain tumor datasets.
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