
Computational science-enabled  

radiological pathology for the non-invasive 

mapping of tumour heterogeneity  

in childhood neuroblastoma  

 
 

 
Konstantinos Zormpas-Petridis 

 
 

 
A thesis submitted for the degree of 

Doctor of Philosophy 

of the 

University of London 

 
 
 

 
 
 

 
September 2020 

 Institute of Cancer Research, London  

University of London   



 2 

Declaration 

 
I hereby declare that this thesis reports on my own original work. Any contribution 

made to this research by others whom I have worked with is explicitly 

acknowledged in the thesis.  

 
 

Konstantinos Zormpas-Petridis 
 
  



 3 

Abstract 

Neuroblastoma is a common childhood solid tumour that accounts for 15% of all 

cancer paediatric deaths. This thesis addresses key deficiencies in our ability to 

define, monitor and predict neuroblastoma heterogeneity for precision medicine. 

I used computational science to integrate the spatially-encoded phenotypic 

information provided by multi-parametric magnetic resonance imaging (MRI) with 

digital histopathology, demonstrating that MRI can provide non-invasive 

pathology to characterise neuroblastoma heterogeneity and provide biomarkers 

of response in clinically-relevant transgenic mouse models of high-risk disease. I 

first developed and demonstrated the application of novel computational 

pathology methodologies to enhance the quantitative assessment of tumour 

components from H&E-stained whole-slide images (WSI). These included two 

frameworks: SuperCRF, which fuses traditional machine learning with deep 

learning to model the way pathologists incorporate large-scale tissue architecture 

and context across spatial scales to significantly improve single-cell classification 

and, SuperHistopath, which combines the application of the SLIC superpixels 

algorithm on low-magnification WSIs (5x) with a convolutional neural network 

(CNN) for superpixels classification to accurately map tumour heterogeneity from 

low-resolution histology. I then developed an MRI-histopathology cross-validation 

pipeline which provides the rigorous validation needed to support the deployment 

of novel MRI scans in the neuroblastoma clinic. Using this platform, I 

demonstrated the sensitivity of susceptibility-, T1-Mapping- and diffusion-

weighted- MRI to the cellular and microenvironmental hallmarks of high-risk 

neuroblastoma and their modulation by either vascular- or MYCN- targeted 

therapies. Finally, I used supervised machine learning classification- and 

regression-based approaches to show proof-of-concept that habitat imaging 

derived from these three scans can non-invasively provide quantitative data 

typically acquired from histological analysis, such as densities of specific cell 

populations. This thesis demonstrates the potential of multi-parametric MRI to 

deliver non-invasive “virtual” biopsies to enhance diagnostic and treatment 

monitoring for children with neuroblastoma and pave new ways in studying 

tumour as an evolving ecosystem.   
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some neuroblastic cells that have still not reached full maturation to ganglion cells. Those 
neuroblastic and ganglion cells are individually scattered and have not formed nests. D. 
Ganglioneuroma (Schwannian stroma-dominant), mature subtype (original magnification 
x200). Fully mature ganglion cells (arrows) with satellite cells are individually embedded 
in Schwannian stroma. [Adapted from Shimada et al (80)]. .........................................49 

Figure 1.9 Childhood neuroblastoma. Anatomical A. transverse and B. coronal T2-
weighted MRI image from children with abdominal neuroblastoma. C. Sagittal T2-
weighted MRI showing a case of thoracic neuroblastoma growing around the spine with 
local invasion. D, E, F show corresponding representative images of tumours arising in 
the Th-MYCN mouse. Tumours cause displacement of major abdominal organs such as 
the kidneys (k), small-bowel (s.b.) and the displacement of the abdominal aorta away 
from the spine (s) [Clinical images adapted from Elsayes et al (96), Goo et al (73), and  
Nour-Eldin et al (97)]. ..................................................................................................52 

Figure 1.10 Histological Profile of Tumours from MYCN Transgenic Mice. 
Haematoxylin and eosin (H&E) staining of tumour arising from the Th-MYCN genetically 
engineered model of neuroblastoma. Overall, tumours resembled high-risk childhood 
neuroblastoma A. Islands of undifferentiated neuroblastoma cancer cells separated by 
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fibrous septa B. Apoptotic cells distinguishable by the fragmentation of nuclear material 
and condensation of chromatin within them. C. Islands of larger differentiated 
neuroblastoma cells D. Neuropil (arrowed) among undifferentiated tumour E. Tingible 
body macrophages (arrows) F. Region of high haemorrhage in Th-MYCN GEM model
 ....................................................................................................................................53 

Figure 1.11 Developing radiologic pathology for the non-invasive characterisation of 
tumour heterogeneity: overview of the methodology. A. The primary abdominal tumours 
in the GEM model of neuroblastoma present with numerous anatomical landmarks 
(arrows, k, kidney) that are detectable by conventional anatomical MRI, which can be 
used to ensure precise registration between the MRI-derived parametric maps (example: 
R2*, sensitive to deoxyhaemoglobin concentration and thus a proxy for haemodynamic 
vasculature) and the histopathology slices, which is crucial for validation and calibration 
of the methodology. Imaging analysis and spatial statistics tools will be developed to B. 
evaluate the spatial correlation between the parametric maps of each selected MRI 
biomarker and the associated histopathological features and C. to integrate the different 
MRI biomarker maps into a spatial map of sub-regions (habitats) and evaluate their 
spatial correlation with the distribution of sub-regions defined by histopathology. ........57 

Figure 2.1 Digitisation of a whole-slide image. The glass-slide is scanned by a digital 
slide scanner and the images are stored in a pyramid-like structure containing different 
magnification levels. At the “cell-level” (40x-20x) information about cell distribution and 
morphology are derived, while at the “tissue-level” (10x-1.25x) the different tissue 
structures are visible. ..................................................................................................61 

Figure 2.2 A deep convolutional neural network (CNN) trained for face recognition. 
Visualisation of the first hidden layer reveals the detected edge features. In the next 
hidden layer where the context is larger, the network captures shapes and face parts. 
The next hidden layer where the context is even larger, the network captures bigger part 
of the faces. The output layer predicts (classifies) the probability the input image belongs 
into a pre-defined set of categories (classes) (120). Adapted from Artificial Intelligence 
in Medical Imaging: Opportunities, Applications and Risks, page 28, figure 3.4. ..........66 

Figure 2.3 The cell segmentation and subsequent feature extraction process from H&E 
images using the CRImage pipeline. ...........................................................................71 

Figure 2.4 Computational analysis of a digitized whole-slide histological image of a Th-
MYCN neuroblastoma. Cells were segmented and classified into 5 categories with an 
overall accuracy of 94.3%: undifferentiated neuroblasts (98.61% accuracy, green), 
differentiating neuroblasts (96.79%, purple), apoptotic cells (95.41%, yellow), 
lymphocytes (96.15%, blue), stromal cells (84.54%, red). ...........................................72 

Figure 2.5 Representative results of the computational analysis of a digitized whole-slide 
histological image of a Th-MYCN neuroblastoma; Cell outlines: green – undifferentiated 
neuroblasts, blue – lymphocytes, red – stromal cells, yellow – apoptotic/dying cells, 
purple – differentiated neuroblasts. .............................................................................73 

Figure 2.6  The complex nature of melanoma architecture. A. Heterogeneous tumour 
stroma makes accurate cell classification a difficult task. B. Superpixels captures tumour 
global architecture by delineating the boundaries among heterogeneous tumour 
components, including haemorrhage area, fatty tissues, stromal regions, epidermis and 
cancer nests. C. Current classification scheme assigned these components accurately 
to their respective superpixel classes. Top: example images; Bottom: segmentation and 
classification using SLIC superpixels. ..........................................................................76 
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Figure 2.7 Proposed hierarchical framework to project tumour global context onto single 
cell classification by integrating superpixel segmentation and classification. ...............79 

Figure 2.8 Superpixels provide global context for single cell classification. A. 
Representative superpixel classification of tumour regions overlaid with ground-truth cell 
annotations. B. ROC curves (cancer vs. all) illustrate the improvement in classification 
accuracy by adding superpixel context as additional features. C. Representative images 
comparing ground truth annotation and single cell classifiers with and without 
superpixels. .................................................................................................................81 

Figure 2.9 Overview of the SuperCRF framework for analysing H&E-stained 
pathological images of melanoma. A. Major histological features of melanoma 
architecture. B. Projection of regional classification results using superpixels from 
various scales to the 20x magnification for the improvement of single-cell classification. 
C. Graphical representation of node dependencies (cells and superpixels) across 
different scales. D. Region classification scheme using a superpixel based machine-
learning method in whole-slide images (5x and 1.25x magnification). E. Single-cell 
classification using a state-of-the-art spatially constrained-convolution neural network 
(SC-CNN) classifier F. representative results of the SC-CNN cell classifier alone and 
combined with our SuperCRF system. Note the misclassification of various stromal cells 
by the SC-CNN, which are corrected by our model. ....................................................90 

Figure 2.10 Representative examples of both superpixel and single-cell classification 
with or without SuperCRF. A. Superpixels-based regional classification on 
representative whole slide images (5x magnification) of melanoma. Green: tumour area, 
Red: stroma area, Blue: normal epidermis, Yellow: lymphocyte cluster. B. 
Representative images showing cell classification using a state-of-the-art spatially 
constrained-convolution neural network (SC-CNN) and four conditional random fields 
(CRF) models. Note the mislabelling of many cancer and stromal cells as epidermis cells 
when using the SC-CNN and the gradual increase in classification accuracy with the best 
accuracy achieved with the SuperCRF. Green, cancer cells; Red, stromal cells; Blue, 
lymphocytes; Yellow, epidermis cells...........................................................................96 

Figure 2.11 Associations between survival outcomes and SuperCRF-define risk groups 
in the Cancer Genome Atlas (TCGA) cohorts of patients with melanoma. A. Kaplan-
Meier Survival curves for patients in the high-risk group (blue) and low risk group 
classified by stromal cells ratio derived from SuperCRF (left) and using only the SC-CNN 
classifier. Note the difference in the p-value using the two methods. B. Kaplan-Meier 
Survival curves for patients in the high-risk group (blue) and low risk group classified by 
immune phenotype based on spatial distribution of lymphocytes in different tumour 
compartments derived from SuperCRF. ......................................................................98 

Figure 2.12 Representative examples of the SLIC superpixels segmentation and 
ground-truth annotations in TCGA melanoma samples A. Whole-slide image 
segmentation using the SLIC superpixels algorithm. Note how the superpixels adhere to 
the boundaries of the different components of the tumour with each superpixel containing 
a single type of tissue B. Ground-truth annotations are provided by the pathologists by 
marking samples of the region components (the different colors represent different 
regions) without the need for delineating the boundaries of the tumour components. 108 

Figure 2.13 Architecture of our custom-designed convolutional neural network for the 
classification of superpixels into different tissue-level categories. .............................. 111 

Figure 2.14 A-F. Representative examples of the results obtained from the application 
of the SuperHistopath pipeline in whole-slide images of tumours (5x) of the Cancer 
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Genome Atlas (TCGA) melanoma dataset (G. Magnified regions of interest). Note the 
important clinically-relevant phenotypes characterized by clusters of lymphocytes 
infiltrating the tumour in samples B and D or the majority of clusters of lymphocytes 
residing just outside the tumour area (left and central part) with only a few clusters 
infiltrating the tumour (right part) in sample C. ........................................................... 116 

Figure 2.15 A-F. Representative examples of the results obtained from the application 
of the SuperHistopath pipeline in whole-slide images of tumours (5x) of the triple-
negative breast cancer (G. Magnified region of interest). Note the important clinically-
relevant features, such as the amount of tumour necrosis inside tumours A and B, 
lymphocytes which, are infiltrating the tumour in large number in samples C and D, but 
are surrounding the stroma barrier without infiltrating the tumour in samples A, B, E, F.
 .................................................................................................................................. 118 

Figure 2.16 Representative examples of the results obtained from the application of the 
SuperHistopath pipeline in whole-slide images of tumours (5x) arising in genetically-
engineered mouse models of high-risk neuroblastoma (B. Magnified region of interest).
 .................................................................................................................................. 121 

Figure 2.17 Associations between survival outcomes and SuperHistopath-defined risk 
groups in the Cancer Genome Atlas (TCGA) cohorts of patients with melanoma. A. 
Kaplan-Meier Survival curves for patients in the high-risk group (blue) and low risk group 
(red) classified by stromal cells ratio derived from SuperHistopath and B. Kaplan-Meier 
Survival curves for patients in the high-risk group (blue) and low risk group (red) 
classified by immune infiltrate based on lymphocytes cluster ratio derived from 
SuperHistopath. ........................................................................................................ 123 

Figure 2.18 SuperHistopath-based quantification of tumour phenotype in genetically-
engineered mouse model of high-risk neuroblastoma. A. Representative 
SuperHistopath-segmented whole-slide images (5x) and pie chart showing the 
SuperHistopath quantified mean composition of the tumours arising in Th-MYCN (n=6) 
and Th-ALKF1174L/MYCN (n=7) mouse models of high-risk neuroblastoma. Note the 
marked difference of phenotype induced by the expression of the ALKF1174L mutation 
characterized by B. a significantly increased neuroblastoma differentiation neuroblasts 
and the total abrogation of the characteristic haemorrhagic phenotype of Th-MYCN 
tumours. .................................................................................................................... 125 

Figure 3.1 Representative T2-weighted images through the abdomen of two 
neuroblastoma-bearing Th-MYCN mice showing the numerous anatomical landmarks 
detected by conventional anatomical T2-weighted MRI (abdominal aorta: a, renal artery: 
r, lymph node: ly, kidney: k) which can be used in addition to tumour shape for the precise 
alignment of MRI with H&E- stained whole-slide high-resolution histology. ............... 133 

Figure 3.2 Representative examples of satisfactory correspondence between T2-
weighted MRIs with their corresponding histopathological slices from tumours arising in 
Th-MYCN and Th-ALKF1174L/ Th-MYCN transgenic mouse models. Some of the intra-
tumoural features under investigation (e.g. the artery, haemorrhage, lymph nodes, 
necrotic areas) are marked (yellow arrowheads). ...................................................... 134 

Figure 3.3 Automatic extraction of red blood cells (RBC) from H&E images in Th-MYCN 
tumours. Whole-slide images of RBC were converted into binary and processed to match 
MRI resolution (234x234μm), with the fraction of pixels occupied by RBC within 518x518 
pixel-regions representing a single pixel in the final RBC map................................... 136 
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Figure 3.4 Representative example of the application of the coherent point drift (CPD) 
algorithm. Firstly, derived-from-histology density maps of all the segmented cells 
(“Cellularity”) were non-rigidly registered to the MRI T1 images based on features 
extracted by a Canny edge detector. The same transformation is subsequently applied 
to the density maps of each classified cell category. ................................................. 137 

Figure 4.1 Susceptibility-contrast MRI-derived fBV predicts response to VEGFR 
(panVEGFR) inhibitor cediranib in the Th-MYCN model of neuroblastoma. A. 
Representative tumour parametric fBV maps in the Th-MYCN mice prior to (day 0) and 
24 hours (day 2) after treatment with 6 mg/kg cediranib or vehicle. B and C. Changes 
(B) and relative changes (C) in tumour median fBV prior to (day 0) and 24 hours (day 2) 
after treatment with 6 mg/kg cediranib or vehicle. D. Representative T2-weighted 
anatomical MRI taken through the abdomen of tumour-bearing Th-MYCN mice prior to 
(day 0) and 24 hours (day 2) after treatment with 6 mg/kg cediranib or vehicle. E and F. 
Changes (E) and relative changes (F) in tumour volume prior to (day 0) and 24 hours 
(day 2) after treatment with 6 mg/kg cediranib or vehicle. Data are the individual median 
value for each tumour and the cohort mean ± 1 s.e.m. (*** , P < 0.005, two-tailed paired 
Student t test; ** , P < 0.01; *** P < 0.005, two-tailed unpaired Student t test, 5% level of 
significance). G. Representative T2-weighted anatomical MRI and tumour fBV parametric 
map of a Th-MYCN mouse prior, 24 hours, and 7 days after daily treatment with 6 mg/kg 
cediranib. H and I. Changes in tumour fBV (H) and tumour volume (I) in Th-MYCN mice 
prior, 24 hours, and 7 days after daily treatment with 6 mg/kg cediranib. J. Average 
tumour median fBV correlated with change in fBV over the 7 days of the trial (r = -0.83; 
P = 0.0008). K. Tumour median fBV correlated with change in tumour volume over the 
7 days of the trial (r = -0.65; P = 0.02). ...................................................................... 147 

Figure 4.2 Intrinsic susceptibility MRI-derived transverse relaxation rate R2* predicts 
response to VEGFR (panVEGFR) inhibitor cediranib in the Th-MYCN model of 
neuroblastoma. A. Waterfall plot documenting relative changes in tumour volume in the 
Th-MYCN mouse model of neuroblastoma following 7-day treatment with daily dose of 
6 mg/kg cediranib or vehicle (DVolumecediranib_D0-D7 = -16 ± 5% vs. DVolumevehicle_D0-D7 = 
142 ± 11%; P < 0.0001, two- tailed unpaired Student t test with a 5% level of 
significance). B. Baseline R2* value (day 0) of responsive and nonresponsive tumours. 
Data are the individual median value for each tumour and the cohort mean ± 1 SEM (P 
< 0.0001, two-tailed unpaired Student t test with a 5% level of significance). C. 
Representative baseline native R2* maps for responsive and progressive tumours in Th-
MYCN transgenic mice (assessed by anatomical MRI) following daily treatment with 6 
mg/kg cediranib for 7 days. D. Native tumour median R2* (day 0) correlated with relative 
change in tumour volume following daily treatment with 6 mg/kg cediranib for 7 days (r 
= - 0.72, P < 0.001). .................................................................................................. 149 

Figure 4.3 Pipeline for the generation of computed maps of RBC and endomucin staining 
from histopathologic images in Th-MYCN tumours. A. RBCs were automatically 
extracted from H&E-stained whole section slides, with an accuracy of 99.74%. B. 
Endomucin staining was extracted from chromogenic immunohistochemistry whole 
section slides, with an accuracy of 97%. Note that the contrast of the whole slide 
extracted endomucin was enhanced, solely for printing visibility. Whole-section images 
were subsequently processed to match the MRI resolution, with the fraction of pixels 
occupied by RBCs (A) and endomucin (B) within 518x518 pixels of the original images, 
representing a single pixel in the final maps. ............................................................. 151 

Figure 4.4 Susceptibility-contrast MRI-derived fBV correlates with endothelial cell 
marker endomucin fraction in tumours of the Th-MYCN model of neuroblastoma. A. 
Representative T2-weighted anatomical MRI images and their corresponding H&E-
stained histology, parametric fBV maps, and computed areas of vascular endothelial cell 
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marker endomucin staining, KDE hotspot maps of high values (above the 85th percentile 
of each tumour sample) of fBV and endomucin fraction in the Th-MYCN model of 
neuroblastoma, 24 hours and 7 days after daily treatment with cediranib or vehicle (24 
hours). Note the different scale for fBV and endomucin maps across the groups to better 
capture the intra-tumoural heterogeneity. B and C. Median tumour fBV (B) and median 
tumour endomucin fraction area (C) in the Th-MYCN GEM model 24 hours and 7 days 
after treatment with cediranib or vehicle (*** , P < 0.001, two-tailed unpaired Student t 
test). D. Tumour median fBV correlated with endomucin fraction area (r = 0.85, P < 
0.0001). ..................................................................................................................... 152 

Figure 4.5 Intrinsic susceptibility MRI-derived transverse relaxation rate R2* correlates 
with tumour RBC content. A. Representative T2-weighted MRI images and their 
corresponding H&E histology, maps of the transverse relaxation rate R2* and computed 
area of RBC detected from H&E-stained images, KDE hotspot maps of high values 
(above the 85th percentile of each tumour sample) of R2*, and RBC fraction in tumours 
arising in control Th-MYCN transgenic mouse. B. Tumour median R2* positively 
correlated with the mean value of RBC fraction detected from H&E-stained tumours 
arising in the Th-MYCN transgenic mouse model (r = 0.87; P = 0.0003). R2* values (C) 
and mean value of RBC fraction (D) also correlated with endomucin staining (r = 0.53, P 
= 0.08 and r = 0.64, P = 0.02).................................................................................... 155 

Figure 4.6 Calibration of intrinsic susceptibility MRI-derived tumour R2* phenotype with 
histopathologic phenotype in the Th-MYCN genetically engineered murine model of 
neuroblastoma. A–F. Susceptibility-weighted MRI-derived maps of the tumour 
transverse relaxation R2*and their corresponding H&E-stained whole-section slides (k., 
kidney), arranged by increasing median tumour R2* value. Tumours with very low median 
value of R2* (< 60 second-1; A) present with a differentiating phenotype characterized by 
large areas of differentiating neuroblasts (G), with enlarged cytoplasm and more 
prominent nucleoli, surrounded by large amounts of neuropil (1.), alongside dense 
regions of undifferentiated neuroblasts (2.). Note that haemorrhage is absent from these 
tumours and the vasculature is characterized by sparse capillaries-like blood vessels as 
revealed by IHC staining for the vascular endothelial cells marker endomucin. For a 
median value of R2* of ~70 second-1 and above, tumours present with dense area of 
poorly differentiated neuroblasts presenting with numerous mitotic features (H), yet 
tumour median R2* is determined by the increasing ratio of region with large area of 
haemorrhage and high vascular density (4., ---, w) over region with lower density of 
capillary like vessel (3., ---, u). Note that the extravasated RBC appear intact. 
Additionally, tumours with median R2* over 110 second-1 show vast area of cellular 
damage (necrosis) filled with intact and damaged RBCs (I; ---, 5.). Necrotic area with low 
RBC content (---, 6.) only present with small regional increase in R2* (as seen in A). 158 

Figure 4.7 Haemorrhage in MYCN-amplified childhood neuroblastoma MRI and initial 
experience with SW-MRI in the neuroblastoma clinic. A-C. show abdominal axial fat-
suppressed STIR T2-weighted-MRI images, fat-suppressed SPAIR T1-weighted MRI 
images, before and after administration of gadolinium (Gd)-based contrast agent, and 
diffusion-weighted MRI-derived ADC maps of children with neuroblastoma at the time of 
diagnosis. A–C. MYCN-amplified high-risk neuroblastoma in a 10-month old boy (A), a 
2-year old boy (B), a 8-month-old boy (C), D. Comparison between a GNB in a 4-year-
old female patient and GNB in a 5-year-old male patient. Note the presence of the 
neuroblastic nodule in the GNBn easily identified on ADC maps (arrowhead). E. 
Proportion of patients with MYCN-amplified neuroblastoma (n = 19) presenting with a 
MRI phenotype, suggestive of the presence or absence of a hemorrhagic phenotype, 
based on the well-established knowledge of the appearance of aging blood in hematoma 
on conventional MRI (242), as illustrated in F. G. Abdominal T2-weighted and T1-
weighted images (not fat-suppressed), ADC maps, intrinsic susceptibility MRI-derived 
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transverse relaxation R2* map of tumours, and post Gd contrast-enhanced T1-weighted 
MRI images in children with refractory/relapsing neuroblastoma. (Patient 1, 7-year-old 
male; Patient 2, 5-year-old male; Patient 3, 6-year-old female). H. Tumour median R2* 
values for each individual tumour shown in G (±SD). Note that R2* values increased 
monotonically and approximatively linearly with magnetic field strength-dependent and, 
as such, clinical R2* value at 1.5T was estimated to be four times lower than if they were 
measured at 7T (243). ............................................................................................... 162 

Figure 5.1 Representative T2-weighted anatomical MR images of tumour-bearing Th-
MYCN mice and associated parametric maps of the tumour spin-lattice relaxation time 
T1, transverse relaxation rate R2*, spin-spin relaxation rate R2 (=1/T2), apparent diffusion 
coefficient (ADC) and magnetization transfer ratio (MTR), prior to and 24 hours following 
treatment with 25mg/kg vistusertib, 30mg/kg alisertib or vehicle................................ 177 

Figure 5.2 Summary of the tumour volumes quantified using T2-weighted MRI at the time 
of enrolment (D0). There was no significant difference in tumour volume at D0 between 
the different treatment cohorts (P > 0.01, one-way ANOVA with a 5% level of 
significance). ............................................................................................................. 177 

Figure 5.3 Waterfall plots documenting relative changes in tumour volume in the Th-
MYCN mouse model of neuroblastoma 24 hours following treatment with A. 25mg/kg 
vistusertib, B. 30mg/kg alisertib, or their respective vehicle. ...................................... 178 

Figure 5.4 A. Scatter graph of the native spin lattice relaxation time T1 against native 
transverse relaxation rate R2* from 71 untreated tumours arising in genetically-
engineered murine models of neuroblastoma. Linear regression analysis and associated 
95% confidence and prediction intervals are shown. A highly significant negative 
correlation was obtained (r = -0.59, P < 0.0001 with Bonferroni correction [n=5]). B. Box-
and-whisker plot showing the difference in native T1 in sub-regions categorized by low 
(< 70s-1), intermediate (70s-1 < R2* < 250s-1) and high (> 250s-1) values of R2* measured 
in Th-MYCN tumours treated with vehicle (n= 13). Data are medians and interquartile 
range. C. Scatter graph of relative changes in native tumour R2* (DR2*) and relative 
changes in native T1 (DT1) 24 hours following treatment with either alisertib or vistusertib. 
Bold lines represent linear regression with crossed dots indicating outliers determined 
using the robust regression and outlier removal approach. Grey shaded area indicates 
the 95% confidence intervals while dashed lines indicate 95% prediction confidence. A 
significant negative correlation was obtained (r = -0.78, P = 0.002 with Bonferroni 
correction [n=5]). ....................................................................................................... 179 

Figure 5.5 Representative MRI-derived parametric maps of the tumour spin-lattice 
relaxation time T1 and transverse relaxation rate R2*, and registered histopathology-
derived parametric maps of cell density including undifferentiated and apoptotic 
neuroblasts in the Th-MYCN model of neuroblastoma, 24 hours following treatment with 
either vehicle control, 25mg/kg vistusertib or 30mg/kg alisertib. ................................ 180 

Figure 5.6 A. Box-and-whisker plot showing the difference in native T1 values in sub-
regions categorized by low and high density of undifferentiated neuroblasts. 
Dichotomization was achieved using either median, Otsu or 85th percentile thresholds on 
registered histopathology-derived parametric maps of segmented and classified 
undifferentiated neuroblasts in vehicle control Th-MYCN tumours (n=13). B. Box-and-
whisker plot showing the difference in undifferentiated neuroblast density in sub-regions 
categorized by low and high native T1 values, defined using either median, Otsu or 
T1>1900ms thresholds in vehicle control Th-MYCN tumours. Data are medians and 
interquartile range. (P, Wilcoxon signed rank test with a 5% level of significance) C. 
Proportion of undifferentiated and apoptotic neuroblasts relative to all cells derived from 
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cell segmentation and classification from haematoxylin and eosin (H&E) stained 
histopathology from Th-MYCN tumours 24 hours following treatment with either vehicle 
control, 25mg/kg vistusertib or 30mg/kg alisertib. D. Scatter graph showing that the 
reduction in native tumour T1 over 24h treatment with either alisertib or vistusertib 
correlated with an increased proportion of apoptotic cells present in the tumour at the 
time of excision (r= 0.55, P=0.04). E,F. Scatter graphs showing that median tumour 
native T1 in the treated and vehicle control cohorts positively correlated with the 
proportion of undifferentiated neuroblasts (r= 0.70, P < 0.0001), and negatively 
correlated with the proportion of apoptotic neuroblasts (r= -0.63, P = 0.006). Grey shaded 
area indicates 95% confidence intervals while dashed lines indicate 95% prediction 
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Figure 5.7 Quantification of cleaved caspase-3 staining in tumours arising in the Th-
MYCN mouse model of neuroblastoma 24h after treatment with 30mg/kg alisertib or 
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Figure 5.8 A. Scatter graph showing that the proportion of apoptotic cells in tumours 
arising in the Th-MYCN mouse model of neuroblastoma 24h after treatment with 
30mg/kg alisertib or vehicle and quantified using the cell classification algorithm 
significantly correlated (r = 0.88, P < 0.0001) with the proportion of cells staining 
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the 95% confidence intervals while the dashed lines indicate 95% prediction confidence 
B. Histopathology-derived parametric maps showing apoptotic cells density determined 
using the cell classification algorithm and the density of cells staining positively for 
cleaved caspase 3 in Th-MYCN tumours 24 hours following treatment with 30mg/kg 
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Figure 5.9 Three cases of differentiating tumours in the Th-MYCN model of 
neuroblastoma. A. Representative MRI-derived parametric maps of the tumour spin-
lattice relaxation time T1 and transverse relaxation rate R2*, and registered 
representative pathology-derived parametric maps of tumour cell density including 
undifferentiated, apoptotic and differentiating neuroblasts. ........................................ 185 

Figure 6.1 Representative maps of tumour ADC values and ADC compartments derived 
from Gaussian mixture models with registered histopathology-derived maps of cell 
density including undifferentiated and apoptotic neuroblasts in the Th-MYCN model of 
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MYCN model of neuroblastoma 24h following treatment with vehicle control or 
vistusertib. Note that there was not significant change in tumour median ADC over 
treatment. Interestingly there was significant difference in tumour median ADC between 
treated and vehicle control tumours at the study endpoint (24h). B. Difference in tumour 
median cell density, the ratio of undifferentiated neuroblasts and apoptotic cells to all 
cells in tumours 24h after treatment with vehicle control or vistusertib. ...................... 199 
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Figure 6.9 Sub-regional analysis defining the cell density, the fraction of undifferentiated 
neuroblasts and apoptotic cells, and native T1 value associated with the ADC 
compartment   *P<0.05, **P<0.01, ***P<0.005, Wilcoxon signed rank test. ............... 207 

Figure 6.10 Relationships between ADC compartments derived from Gaussian mixture 
models and the fraction of undifferentiated and apoptotic neuroblasts in tumours of the 
Th-MYCN model of neuroblastoma 24h after treatment with vistusertib or vehicle control.
 .................................................................................................................................. 208 

Figure 6.11 ADCh compartment derived from Gaussian mixture modelling spatially 
associates with area dense in differentiating neuroblasts in 3 cases of differentiating 
tumours arising in the Th-MYCN model of neuroblastoma......................................... 210 
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Chapter 1 : Introduction 
 

1.1 Understanding tumour heterogeneous evolving ecosystem to deliver 
precision medicine.  
 

1.1.1 Tumour heterogeneity and evolution are major obstacles to the delivery of 
precision medicine.  
 

Tumours are intrinsically heterogeneous, dynamic and open systems across 

multiple scales (1). They consist of many interacting components, which can 

change over time, while simultaneously interacting to their surroundings including 

distant host tissue. Intra-tumoural heterogeneity is a major cause of resistance to 

therapy, has severe implications for the development of both novel therapeutics 

and biomarkers, and represents a major obstacle to the delivery of precision 

medicine (1) (Figure 1.1). 

 

Molecular pathology has unravelled the genetic complexity of malignant tumours, 

with increasing evidence for the presence of enclaves of cells with distinct genetic 

signatures within the same tumour, which, in accordance with the Darwinian 

theory of evolution, are the result of selective microenvironmental pressures 

within intra-tumoural microhabitats. It is the interactions between 

microenvironmental selective pressures and the cells, i.e. the phenotype not 

genotype, that dictate cancer cell evolution (2, 3).  
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Figure 1.1 Tumour heterogeneity and its role in clinical progression. A. Sequential 
accumulation of somatic events by the malignant clone, drives disease progression and 
metastasis. B. The presence of genetically heterogeneous sub-clones with inherent 
differences in drug sensitivity can also affect response to treatment and cause clinical 
resistance. Further evolution of the dominant clone in response to chemotherapy, may 
lead to relapse after initial treatment response. C. The tumour microenvironment, apart 
from harbouring carcinoma cells, consists of various components that have a major role 
in influencing the outcome of the malignancy [Adapted from Kleppe et al (4) and 
Pattabiraman et al (5)]. 

 

1.1.2 The tumour as an ecosystem  
 

Cancer can also be considered as an ecological process (6). Each tumour can 

be viewed as a unique evolving ecosystem where distinct tumour regions 

(“habitats”) are interacting with each other and different cell populations are 

adapting under different selective pressures (including the immune system, 

access to nutrients, therapy) to gain evolutionary fitness advantages.  
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Understanding the ecologic mechanisms, especially the role of extracellular pH 

in the progression of prostate cancer allowed Gatenby and colleagues to control 

the proliferation of a more aggressive cell population in vivo and steer the tumour 

to a less invasive pathway by inducing small increase in the intraprostatic pH (7). 

 

From an ecological perspective, the task of studying such a system would require 

both microscopic and macroscopic approaches. Landscape ecology methods 

can be exploited on digitized histopathological slides to investigate the tumour 

microenvironment (TME) and uncover the link between different spatial scales 

i.e. the tissue-, cellular- and molecular-level dynamics.  

 
1.1.3 Understanding and quantifying tumour ecology  

 
 
1.1.3.1 Computational pathology-enabled spatial analysis 
 
From the perspective of the cancer cell, its ecology can be generally described 

by hazards, which are defined as everything that can kill the cell, and resources 

(8-11). The spatial heterogeneity of hazards and resources can dictate how a cell 

population will evolve with important impact to the patient prognosis.  

 

Apart from the therapy itself, one of the main hazards a cancer cell faces is the 

immune system. Tumour immune infiltration has been associated with favourable 

patient prognosis in many studies (6, 12-21). The spatial distribution of 

lymphocytes, including their co-localisation with cancer cells have also been 

shown to have independent prognostic value (22, 23).  

 

Some of the resources, such as nutrients and growth and survival signals, may 

be provided by the stroma after cancer cells have invaded the basement 

membrane (24-29). Cancer-associated fibroblasts are associated with poor 

prognosis (30) as they promote tumour progression, immune evasion and 

resistance to treatment (31-33). As with immune infiltration, ecological theory 

predicts that spatial heterogeneity of resources may be important and should 

promote invasion and metastasis, as cells tend to attempt to escape regions of 

sparse resources for more rich ones. 
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In the era of digital pathology, computer vision techniques allow the automatic 

detection and classification of every cell component. Yuan and colleagues have 

successfully applied the hazard-resources ecological concept in high-grade 

serous ovarian carcinoma by demonstrating that the quantification of the local 

ecological microenvironment (“local EcoScore”) was independently prognostic of 

overall survival (34). Furthermore, a study in the multi-region TRAcking Cancer 

Evolution through Therapy (Rx) (TRACERx) cohort of 100 patients (35) 

demonstrated that “immune-cold” regions and regions with extensive and 

irregular cancer-stroma cell interface in lung adenocarcinoma tumours are 

strongly associated with poor prognosis (36).  

 
1.1.3.2  Limitations of the approach: a role for functional imaging?  
 
 

Diagnostic molecular pathology relies on surgical biopsies to obtain information 

about the histological, molecular and genetic properties of the tumour. However, 

biopsy samples represent only a “snapshot” of the tumour at a given time or 

location. Monitoring tumour evolution would require multiple repeated biopsies, 

which is limited by potential complications and is often not feasible, especially in 

the paediatric population. Furthermore, the highly heterogeneous nature of many 

tumour types, results in the biopsy sample not being representative of the entire 

tumour. This was further demonstrated in the multi-region TRACERx cohort, 

where the existence of “immune-cold” regions was independently prognostic for 

survival despite other regions of the tumour being “immune-hot” (36).  

 

The non-invasive nature of anatomical and functional imaging allows the 

longitudinal interrogation and characterisation of the tumour microenvironment. 

Although the length scales of these methodologies do not allow the imaging of 

single cells, they can characterise the regions in which they reside, potentially 

revealing the spatial variations in the density of different cell populations and 

inform on tumour resources via metrics sensitive to oxygen consumption, tumour 

metabolism and blood flow.  
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A useful example of how this can be achieved comes from ecology. 

Hypothetically, after ground inspection, landscape ecologists have identified that 

among other species, an area is inhabited by grey and fox squirrels. Grey 

squirrels are efficient in foraging for the necessary nutrients, but are not equally 

competent in avoiding predators. Thus, they predominantly live in densely 

wooded areas. On the contrary, fox squirrels can effectively defend themselves 

against predators, but are less potent in finding nutrients. As a result, they inhabit 

sparsely wooded areas on the outskirts of cities. Therefore, by defining the habitat 

characteristics from a satellite image, ecologists can reliably estimate the spatial 

distribution of these two species (3). In an analogous way, by identifying and 

validating the distinct habitats visible on MRI, their molecular properties and 

dominant cell populations observable on pathology can be reliably predicted.  

 
As a result, functional imaging has a potential role to play in informing on the 

temporal changes in tumour phenotype both at a regional and global level (3D) 

and complement the high-resolution “snapshot” provided by computational 

pathology analysis of surgical biopsies.  

 
1.2 Functional imaging biomarkers, radiomics and habitat imaging for the 
delivery of precision medicine.  
 
 
1.2.1 MRI imaging biomarkers to characterise the tumour microenvironment 
 

Advanced anatomical, structural, functional and molecular MRI strategies not 

only provide information about tumour shape and boundaries, but also non-

invasive metrics that inform on both spatial and temporal changes in key 

hallmarks of cancer, such as tumour metabolism, vascularisation, inflammation, 

cellular and stromal integrity, as well as tumour chemical and mechanical 

properties (pH, interstitial fluid pressure, local stiffness) (37) (Table 1.1). MRI, 

thus, represents an attractive choice to non-invasively and pathologically 

characterise the tumour phenotype and its evolution (38) (Figure 1.2). 
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Methodology Contrast Parameters Sensitive to / Measure Biomarker of 
T1 Relaxometry Endogenous T1(s) Ratio bound/free water, 

Paramagnetic ions 
(haemoglobin breakdown) 

Cell death 
Vascular injury 

DCE MRI Exogenous 
contrast agent 

(Gd-based) 

Ktrans(min-1) 
IAUGC60(mM 

Gd.min) 
EF(%) 

Delivery of gadolinium 
contrast agent 

Perfusion/perm
eability 

MT-MRI Endogenous MTR Ratio bound/free water Cell death 
Fibrosis 

IS-MRI Endogenous R2* (s-1) Deoxyhaemoglobin in 
erythrocytes 

Haemodynamic 
function 

BOLD-MRI Gas challenge 
with >30% O2 

ΔR2*(s-1) = 
R2*O2-R2*air 

fBV 

Re-oxygenation of 
deoxyhaemoglobin in 

erythrocytes during gas 
challenge 

Vascular 
perfusion 
Hypoxia 

SC-MRI Exogenous 
contrast agent 

(USPIO) 

fBV (%) Fractional Blood Volume Perfusion 

OE T1w MRI Gas challenge 
with >30% O2 

ΔT1*(s) = 
T1*O2-T1*air 

Oxy-R fraction 

Delivery of oxygen to tissue 
during gas challenge 

Fraction of tumour tissue 
refractory to gas challenge 

Perfusion, 
Hypoxia 

DW imaging Endogenous ADC (mm2.s-1) Diffusion of water molecules Cell death 
IVIM imaging Endogenous D*(mm2.s-1) 

F(%) 
Water flowing in randomly 

oriented capillaries 
Perfusion 

ASL-MRI Endogenous Blood flow (mL. 
100 g-1.min-1) 

Diffusion of arterial blood 
water 

Perfusion 

MR 
Elastography 

Endogenous Gd (kPa) 
Gl (kPa) 

The viscoelastic properties of 
tissues via the visualisation of 

the propagation of 
exogenously applied 
mechanical waves 

Tissue integrity 
Cell death 
Fibrosis 

Microvessel 
density 

 

Table 1.1 Non-invasive and clinically available functional MRI biomarkers of the tumour 
microenvironment 
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Figure 1.2 Non-invasive MR biomarkers A. Tumour Perfused OxyR: a spatial 
biomarker of hypoxia. Representative maps showing oxygen-enhancing (OxyE) and 
non-enhancing (OxyR) voxel and perfused and non-perfused voxels following oxygen 
breathing (OE-T1-weighted MRI and Dynamic contrast enhanced MRI respectively). 
Combined maps show that perfused OxyR spatially correlate with pimonidazole adduct 
formation, the gold-standard for the immunohistopathological detection of hypoxia. B. 
Tumour apparent diffusion coefficient (ADC): a biomarker of disease progression 
in the TRAMP GEM model of prostate cancer. Parametric maps of ADC allow, in the 
prostate of the TRAMP GEM model, the detection of malignant tissue from well-
differentiated, due to increase cellularity, which restricts water diffusion. More aggressive 
undifferentiated disease, shows a marked lower ADC compared to well-differentiated 
disease. C. Native tumour spin-lattice relaxation time T1: A biomarker of response 
to therapy in GEM model of Neuroblastoma. Treatment of the Th-MYCN model of 
neuroblastoma with cyclophosphamide, leads to a reduction in native T1. D. The 
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absolute value of the complex shear modulus |G*| measured by MR elastography: 
a biomarker of tissue integrity. Parametric maps show a decrease in |G*|, 24h 
following treatment, of a SW620 colon carcinoma tumour xenograft with the vascular-
disrupting agent ZD6126, which caused massive central necrosis. E. Identification of 
tumours harbouring the ALKF1174L mutation in MYCN-driven transgenic mice with 
Intrinsic Susceptibility (IS)–MRI. Native R2* maps and ΔR2* oxygen-air maps obtained 
following continuous inhalation of 100% oxygen, were able to discriminate between 
tumours arising in the Th-ALKF1174L /Th-MYCN mouse from tumours arising in the Th-
MYCN mouse, due to a differential vascular phenotype characterised by the absence or 
presence of haemorrhage respectively. [Figure adapted from A. O’Connor et al (39), B. 
Hill et al (40), C. Jamin et al (41), D. Li et al (42) E. Jamin et al (43)]. 

 

1.2.2 Radiomics 
 

Radiomics refers to the comprehensive quantification of tumour phenotypes by 

applying a large number of quantitative image features to allow real time data 

analyses and association of features with prognostic, diagnostic and predictive 

models (44-48). Image features can also be complemented with other types of 

data, such as clinical data or genomic information acquired from biopsy samples 

(“Radiogenomics”) (49-51). Feature extraction from the images can be achieved 

by using i) the so-called “hand-crafted” features, such as first- and second-order 

statistics and fractal analysis, ii) deep learning-based radiomics, where trained 

deep neural networks automatically extract features and iii) hybrid solutions 

which attempt to exploit the advantages of both approaches (52) (Figure 1.3, 

Figure 1.4). Radiomics has been shown to be successful in a variety of tasks, 

such as diagnosis, tumour detection/segmentation/classification, disease 

staging, survival and recurrence prediction.  

 

However, radiomic features from anatomical images are often abstract and not 

easily interpretable. Also, deep learning approaches are usually considered as a 

“black box” which is a major drawback in a clinical setting [although attempts to 

decipher how neural networks work are being made (53)]. Furthermore, these 

methods typically fail to satisfactorily generalise and produce the same high-

quality results in new independent datasets, especially in data from different 

centres and scanners. Therefore, all steps of the approach must be easily 

reproducible, shareable and follow specific standards (44). Finally, the radiology-

defined sub-regions (habitats) derived from radiomics are seldom validated with 
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histopathology, as radiomic techniques typically produce metrics which are not 

spatially explicit. 

 

 

 
 

Figure 1.3 A radiomics process pipeline A. Acquisition of multi-parametric MR images 
from standard exams, in this case prostate: T2-weighted MRI, diffusion weighted imaging 
(DWI) and the calculated apparent diffusion coefficient (ADC) maps, dynamic contrast 
enhanced (DCE)–MRI; B. manual or preferably semi-automatic/automatic segmentation 
of regions of volumes of interest. For the prostate, these volumes are: prostate, 
peripheral zone (PZ) [and subsequently transition zone (TZ)], urethra, normal appearing 
tissues in PZ and TZ and tumour regions of interest (ROI); C. Extraction and 
quantification of imaging features, such as intensity volume histogram (first order 
features), features related to volume/shape, texture features (second order features) and 
transform analysis features; D. radiomic data could then be integrated with clinical, 
genomic, proteomic and metabolomics data; E. the final integrated dataset is mined to 
develop diagnostic, predictive and prognostic models [Adapted from Stoyanova et al 
(49)].  
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Figure 1.4 Workflow for radiomics analysis with “classical” machine learning (left, “hand-
crafted features) and deep learning approaches (right) [Adapted from Avanzo et al (54)]. 

 

1.2.3 Habitat imaging 
 

Habitat imaging approaches typically require the use of computational methods 

to identify the optimal combination of multiple imaging parameters, all of which 

are sensitive to different tumour properties, to spatially characterise distinct 

tumour regions. Subsequently, the habitats are studied to reveal their underlying 

biology, unique phenotype and genotype and, ultimately, to correlate them with 

clinical data. Thus, quantitative “habitat” imaging can link the macroscopic spatial 

heterogeneity with the molecular properties of the tumour and provide new tools 

for studying the tumour’s ecosystem and inform on clinical decision making, 

monitor tumour evolution and guide surgical biopsies (2). Examples of various 

habitat imaging applications are presented in Table 1.2. 

obtained, various machine learning algorithms can be applied
based on them. Fourteen feature selection and 12 classifica-
tion methods were evaluated in terms of their predictive per-
formance on two independent lung cancer cohorts.72

Sometimes, the feature selection and model construction can
be implemented together, called the embedded method, such
as least absolute shrinkage and selection operator
(LASSO).73 In contrast, wrapper methods select the features
based on the models’ performance for different subsets of fea-
tures, for which we need to rebuild the model again after fea-
tures are selected, for instance, recursive feature elimination
support vector machines (SVM-RFE). Filter method also sep-
arates the feature selection and model construction processes,
whose uniqueness of it is its independence of the classifier

being used for the subsequent model building, such as Pear-
son correlation-based feature ranking. In any feature selection
method, it is essential to ensure that there is no “double dip-
ping” into the training data for both feature selection, hyper-
parameter optimization, and model selection. Rather the
methods of “nested cross validation” should be used in order
to prevent overfitting or incorrect estimates of generalization.
According to whether or not the labels (ground truths) are
used, feature selection and extraction can be divided into
supervised, unsupervised and semisupervised ways. The
three feature selection methods discussed above are mostly
supervised. Examples of unsupervised methods are principle
component analysis (PCA),74 clustering and t-distributed
stochastic neighbor embedding (t-SNE).75 PCA uses an

FIG. 1. Workflow for radiomics analysis with feature-based (conventional machine learning) and featureless (deep learning) approaches.
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Study Cancer type Parameters Habitats Methods and main findings 

Zhou et al (55) Glioblastoma MRI: CE-T1, T2-

weighted, FLAIR 

Number of habitats: 4 

Combinations of “high” and “low” regions  

Interpretation: 

Tumour tissue (High CE-T1, low FLAIR) 

Necrosis (Low CE-T1, high FLAIR) 

High cellularity (Low CE-T1, low FLAIR)  

• Each MRI parameter is split into high and low using Otsu thresholding 

• Radiomic features from the habitats predict patient survival 

Stringfield et al 

(56) 

Glioblastoma multiforme MRI: CE-T1, FLAIR Number of habitats: 6 

Combinations of “high” and “low” regions 

• CE-T1 into low, mid, high (Otsu-thresholding), FLAIR higher or lower than 

white matter (empirical) 

• Fraction of tumour volume of “habitat 6” (high signal in both CE-T1 and 

FLAIR) predictive of survival 

Farhidzadeh et al  

(57, 58) 

Soft-tissue sarcoma MRI: CE-T1, T2 Number of habitats: 4 

Combinations of “high” and “low” regions  

• Each MRI parameter is split into high and low using Otsu thresholding 

• Fraction of tumour volume of one habitat (high CE-T1, low T2) 

independently predictive of overall and progression-free survival 

Observation of evolution during treatment 

• Habitats could predict the existence of occult metastases 

Carano et al (59) Human colorectal tumour 

xenograft mouse model 

MRI: ADC, T2, Proton 

density (M0) 

Number of habitats: 4 

Viable tumour,  

2 types of necrosis and subcutaneous 

adipose tissue 

• K-means clustering with fixed cluster number based on visual histology 

inspection 

• Visual histological validation using landmarks. 

• Observation of evolution during treatment 

Chang et al (60) Prostate and brain (mouse 

pre-clinical models), 

sarcoma and prostate 

(clinical) 

 

MRI: DCE-MRI  

 

Number of habitats: 3 

Well-perfused, hypoxic  

and non-perfused 

 

• Use of simulated data 

• Statistical learning based on PCA to determine the number of habitats 

• Spatial deconvolution of habitats from signal vs time curves 

• Visual histological validation 

Lam et al (61) human prostate 

adenocarcinoma tumour 

xenografts 

Saturation transfer 

MRI, T1, T2 

Number of habitats: 5 

Tumour, necrosis/apoptosis, muscle, 

muscle/connective tissue,  

blood/oedema 

• Combination of ICA and GMM to determine the habitats 

• Visual histological validation 

• Fraction of necrotic voxels matched scoring from histopathological arrays 

Weigelt et al  (62) One patient of high-grade 

serous ovarian cancer 

MRI: Diffusion 

coefficient (D), 

perfusion coefficient 

(f), DCE-MRI (k-

trans) 

+ 

FDG-PET (SUV) 

Number of habitats: 3 (59) • K-means clustering with fixed cluster number 

• Use of 3D personalised moulds and multi-modal imaging 

• Identification of distinct regional genomic signatures (growth patterns, 

hypoxia-related markers, genetic alterations) 

• Visual histological validation by pathologists (H&E and IHC) 
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Wu et al (63) Breast DCE-MRI Number of habitats: 4 

3 tumour regions (interpreted as poorly, 

moderately and highly-perfused)  

and parenchyma 

• Spectral clustering 

• Features from habitats prognostic to recurrence free survival (same 

features from whole tumour not predictive) 

• Evidence of hypoxia presence by the interaction of poorly-perfused 

subregions and parenchyma 

Parra et al (64)  Prostate DCE-MRI Number of habitats: 7 

Perfusion habitats 

• Extracting features from the DCE time-activity curves. 

• Features related to clinical significance disease 

Jardim-Perassi et 

al (65)  

Breast cancer mouse model MRI: T2, T2*, ADC, 

DCE-MRI 

Number of habitats: 4 

viable-normoxic, viable-hypoxic, 

nonviable hypoxic, nonviable-normoxic 

• GMM clustering 

• Quantitative validation from co-registered histology (H&E and IHC) 

O’Connor et al 

(66, 67) 

pre-clinical cancer models, 

xenografts, and non-small 

lung cancer patients 

 

MRI: OE-MRI, DCE-

MRI 

 

Number of habitats: 3 

perfused oxygen-enhanced,  

perfused-oxygen refractory (hypoxia), 

non-perfused (necrosis) 

• Changes in R1 after oxygen-challenge to directly measure hypoxia 

Panagiotaki et al 

(68) 

Prostate (primarily) 

+ 

colorectal, breast, brain 

VERDICT-MRI 3 compartment model: Characterises 

water diffusion in the vascular, 

extracellular-extravascular space (EES) 

and intracellular (IC) tumour 

compartments  

• VERDICT couples DW-MRI to a mathematical model of tumour tissue to 

access features such as cell size, vascular volume fraction, intra- and 

extracellular volume fractions, and pseudo-diffusivity associated with blood 

flow 

• Histological validation using 3D personalised moulds 

Blackledge et al 

(69) 

Soft-tissue sarcoma MRI: ADC, Dixon 

(fat-fraction), pre- 

and post Gd T1w 

Number of habitats: 4 

fatty tissue,  

necrotic tissue, cellular vascularised 

tumour,  

poorly vascularised tissue,  

(class 5: none of this) 

• Machine learning supervised classification of habitats 

• Training data provided by radiologists by drawing ROIs on the images 

• Monitor changes over radiotherapy treatment 

 

Table 1.2 Applications of habitat imaging 
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1.3 Functional imaging-guided delivery of precision medicine for children 
with neuroblastoma.  
 

1.3.1 Neuroblastoma  
 

Peripheral neuroblastic tumours are the most common extracranial solid tumours 

in childhood and the most diagnosed malignancy during infancy (< 1 year old). 

These tumours arise from anomalies in the embryonic sympatho-adrenal lineage 

of the neural crest in young children and, thus, can develop anywhere along the 

sympathetic nervous system and often present as large asymptomatic mass 

arising from the adrenal medulla (30%), periadrenal and paraspinal sympathetic 

ganglia (70) (Figure 1.5). Bone and bone marrow metastatic disease is present 

in 50% of cases (Figure 1.6). Neuroblastic tumours are histologically classified 

as neuroblastoma (NB), ganglioneuroma (GN) and ganglioneuroblastoma (GNB) 

(71). 

 

Risk stratification is based on age (1-year-old cut-off), radiological and 

histological presentation as well as certain molecular features (e.g MYCN 

amplification) (Figure 1.5, Figure 1.6, Figure 1.7).  

 

NB still accounts for 13% of all cancers-related deaths in children. NB is a 

heterogeneous and pathology-rich disease with a very wide range of clinical 

outcomes, including the highest rate of spontaneous regression (Stage IVs). Yet 

half of the children diagnosed with NB, are at a high-risk to develop uncontrollable 

refractory or relapsing disease, despite the intensity of multimodal therapy, which 

includes intensive and toxic chemotherapy followed by surgical resection, 

myeloablation and autologous stem cell rescue, radiation, and intensive 

biologic/immunotherapy. For the 60% of children with relapsing/refractory 

disease, the 10-year survival rate remains below 10%. All neuroblastoma 

survivors are also at high-risk to suffer from long-term disabilities and life-

threatening conditions caused by the current anti-cancer therapies (72). There is 

a crucial need for more efficacious and safer therapies for children with NB.   
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Figure 1.5 Primary distribution of neuroblastoma in children, a tumour of the sympathetic 
nervous system. https://www.cancer.net/cancer-types/neuroblastoma-
childhood/medical-illustrations. 
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Figure 1.6 Childhood neuroblastoma A. picture illustrates a child <1 year old with 
stage IVs neuroblastoma with extensive metastatic disease, which spontaneously 
regressed over a period of 6 months without any therapeutic intervention. B. 123I-meta-
iodobenzylguanidine [123I-MIBG] scan showing extensive bone and bone marrow 
metastasis. C. Whole-body MRI showing a large primary abdominal tumour distorting 
the abdominal aorta and a secondary tumour in the upper thorax (73). D. Children with 
neuroblastoma presenting with typical orbital metastasis E. Overall survival rates of 
children with high-risk neuroblastoma from the time of diagnosis (74). 
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Figure 1.7 Multi-modal imaging management of children with neuroblastoma. As 
neuroblastoma is often asymptomatic children usually develop large abdominal tumours 
detectable by physical palpation usually confirmed by ultrasonography before the child 
is transferred to a specialised oncology centre. Example of Magnetic resonance imaging 
(MRI) A. axial T1-weighted B. axial T2-weighted showing large abdominal mass C. axial 
T1-weighted post-contrast images showing heterogeneous tumour enhancement D. 
apparent diffusion coefficient (ADC) map, E. fused 123I-MIBG scan with SPECT-CT and 
to F. area of calcification on computerized tomography scan. This child presented with a 
rare case of ganglioneuroblastoma nodular characterised by a 1cm “circular” 
neuroblastoma nodule in the context of a large ganglioneuroma mass. Note that the 
neuroblastic lesion showed area of restricted diffusion, MIBG positivity and calcification 
consistent with the phenotype of undifferentiated neuroblastoma [Adapted from Jain et 
al (75)]. 
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1.3.1.1 Histological characteristics of peripheral neuroblastic tumours  
 

The three types of peripheral neuroblastic tumours are defined by the level of 

cellular and extracellular maturation. The primordial neural crest cells may remain 

undifferentiated (neuroblasts) or they may mature (ganglion and Schwann cells). 

Neuroblasts are small, rounded in contour, show little cytoplasm, and have a 

darker nuclei and smaller indistinct nucleoli (Figure 1.8), while ganglion cells are 

fully mature cells with abundant cytoplasm, rounded contour, and large nuclei 

with distinct and prominent nucleoli. NB is a tumour with malignant potential which 

primarily comprises by neuroblasts, while GN is composed entirely by mature 

ganglion cells and other mature tissue and is considered benign. GNB consists 

of both immature and mature cell types and has intermediate malignant potential 

(76, 77).  

 

Tumours are classified into favourable or unfavourable prognosis based on their 

level of cellular differentiation. GN presents with completely (100%) differentiated 

cellular (and stromal) components, GNB is intermediate (greater than 50% 

differentiated cells), and NB contains less than 50% differentiated elements. 

Neuroblasts can present with characteristics of differentiation into ganglion cells, 

such as nuclear enlargement, nucleoli, cytoplasmic eosinophilia and 

enlargement, distinct cytoplasmic border, and cell processes (78). Thus, NB can 

be further sub-classified into undifferentiated (<5% differentiating neuroblasts), 

poorly differentiated, and differentiating.  

 

Stroma is the tissue surrounding the neuroblasts or/and the ganglion cells. It may 

consist of Schwann cells, fibrovascular septa, or both (Figure 1.8). Tumours are 

stratified into stroma-rich and stroma-poor with more mature tumours being 

stroma-rich. The stroma-rich group is further sub-classified as well-differentiated 

if it has only mature tissue, intermixed if mature tissue contains random clusters 

of neuroblasts, and nodular if showing one or a few clearly defined stroma-poor 

areas trapped in a mature stroma (77). 

 

Other histologic features of interest are the neuropil, which is the fine pattern of 

cellular (neuritic) processes extending from neuroblasts, formation of Homer 
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Wright rosettes, which are circular or ovoid columns of tumour cells arranged 

around a central core of neuropil, as well as necrosis, mitosis, haemorrhage, 

fibrosis, calcification, lymphocytic infiltrate, and karyorrhexis. Karyorrhexis is the 

fragmentation of a nucleus into scattered pieces within the cytoplasm, which is 

an event that occurs during cell death. The mitosis-to-karyorrhexis (MKI) index is 

defined as the ratio of cells in mitosis and karyorrhexis (apoptosis/5000 

neuroblastic cells). A high MKI is associated with unfavourable histology and 

prognosis (76, 79). 

 

Age of diagnosis is also an important factor in risk stratification. A summary of 

favourable and unfavourable histological characteristics (Shimada classification 

system) is presented in Table 1.3. 
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Figure 1.8 Histological characteristics of neuroblastic tumours. A-B. Immature 
neuroblastic tissue. Neuroblastoma (Schwannian stroma-poor), poorly differentiated 
subtype, composed of undifferentiated neuroblastic cells with clearly recognisable 
neuropil. (A. original magnification x100; B. x200). C. Ganglioneuroma (Schwannian 
stroma-dominant), maturing subtype (original magnification x100). Note that there are 
some neuroblastic cells that have still not reached full maturation to ganglion cells. Those 
neuroblastic and ganglion cells are individually scattered and have not formed nests. D. 
Ganglioneuroma (Schwannian stroma-dominant), mature subtype (original magnification 
x200). Fully mature ganglion cells (arrows) with satellite cells are individually embedded 
in Schwannian stroma. [Adapted from Shimada et al (80)]. 

 

Type Favourable histology Unfavourable histology 

Stroma-rich Well-differentiated 

Intermixed 

Nodular 

Stroma-poor  

(Age < 18 months) 

MKI < 200/5000 MKI > 200/5000 

Stroma-poor  

(Age 18-60 months) 

MKI < 100/5000  

and differentiation 

MKI > 100/5000 or 

undifferentiated 

Age > 5 years None All 
 

Table 1.3 Summary of favourable and unfavourable histological characteristics 
(Shimada classification system) [Adapted from Shimada et al (77)] .  
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1.3.2 Targeted therapies for high-risk refractory and relapse neuroblastoma 
 

Large scale genomics studies have begun to map the landscape of high-risk 

neuroblastoma, identifying at least four distinct molecularly-defined sub-cohorts 

(MYCN-TERT, ATRX-ALT, RAS-TP53, ALK) (81-86). Stratified precision 

medicine approaches for refractory/relapsed neuroblastoma aim to integrate both 

genomic and biological information to incorporate both novel targeted drugs and 

immunotherapeutics into treatment schedules.  
 
1.3.2.1 Targeting MYCN  
 

Amplification of the proto-oncogene MYCN, is the most established marker of 

poor prognosis and found in approximately 40% of high-risk disease. MYCN is a 

transcription factor that plays a central role in the biology of high-risk 

neuroblastoma and as such represents a major, yet elusive, therapeutic target 

(87). Indirect targeting of this transcription factor through either destabilization of 

the protein via the selective targeting of Aurora A kinase or targeting of mTOR 

activity which regulates the major remodelling of metabolic, angiogenic and 

translational pathways in order to cope with MYCN addiction, have shown 

promising results in preclinical trials and are currently being evaluated in early-

phase paediatric clinical trials.  

 

1.3.2.2 The BEACON Neuroblastoma trial  
 

The BEACON-Neuroblastoma Trial is a randomised phase IIb trial of 

bevacizumab added to temozolomide ± irinotecan for children with 

refractory/relapsed neuroblastoma that started in 2013. One of the aims of the 

trial design was to evaluate Temozolomide as a chemotherapy backbone for the 

introduction of novel targeted therapeutics in clinical trials in children with relapse 

and refractory neuroblastoma. Neuroblastoma tumours are generally 

hypervascular and vascular-targeted treatments have shown promising results in 

preclinical studies. Having established its safety profile with manageable toxicity 

(side effects) in adult cancer (a requirement for a drug to enter early phase trial 

in children), in addition to showing a survival advantage, the BEACON 
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Neuroblastoma trial aimed to evaluate the efficacy of Bevacizumab, a monoclonal 

antibody against vascular endothelial growth factor (VEGF).  

 

1.3.2.3 The mouse hospital and co-clinical trial concept.  
 

The application of the mouse hospital and co-clinical trial concept, where in vivo 

preclinical and early clinical studies are closely aligned, represents a clear 

paradigm shift in neuroblastoma translational research (88, 89). This approach 

integrates more advanced mouse modelling, including genetically-engineered 

mouse (GEM) models, such as the Th-MYCN mouse (90), to accelerate the 

discovery and evaluation of novel therapeutic strategies, and helps shape the 

clinical trial pipeline priorities for children with high-risk disease. 

 

1.3.2.3.1 Genetically engineered murine (GEM) models of neuroblastoma: an 
information-rich experimental platform 

 

As for most paediatric malignancies, NB is only driven by a small number of 

genetic aberrations, which makes it amenable to genetically engineered mouse 

(GEM) modelling approaches. The Th-MYCN mouse, the most established GEM 

model of NB which was generated by targeting MYCN expression to the neural 

crest of mice, is an immunocompetent mouse, which develops spontaneous 

abdominal tumours, which mirror the major pathophysiological, genetic and 

radiological features of high-risk MYCN-amplified childhood NB (91) (Figure 1.9, 

Figure 1.10). The Th-MYCN mice predominantly present with stroma-poor, 

undifferentiated or poorly differentiated, “immune cold” tumours with high MKI 

and high proliferation.  

 

Mutations in the anaplastic lymphoma kinase (ALK) gene are other genomic 

aberrations present in 10% of children with neuroblastoma that lead to marked 

poorer prognosis (92). In contrast to MYCN, promising ALK inhibitors exist and 

are currently under evaluation in the neuroblastoma clinic (93-95). Co-expression 

of ALKF1174 mutation that lead to the constitutive activation of ALK kinase activity   

with MYCN lead to tumours arising early, a different phenotype and clinically 

relevant resistance to first-generation ALK inhibitor Crizotinib in the Th-

ALKF1174L/MYCN GEM models. 
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Figure 1.9 Childhood neuroblastoma. Anatomical A. transverse and B. coronal T2-
weighted MRI image from children with abdominal neuroblastoma. C. Sagittal T2-
weighted MRI showing a case of thoracic neuroblastoma growing around the spine with 
local invasion. D, E, F show corresponding representative images of tumours arising in 
the Th-MYCN mouse. Tumours cause displacement of major abdominal organs such as 
the kidneys (k), small-bowel (s.b.) and the displacement of the abdominal aorta away 
from the spine (s) [Clinical images adapted from Elsayes et al (96), Goo et al (73), and  
Nour-Eldin et al (97)]. 
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Figure 1.10 Histological Profile of Tumours from MYCN Transgenic Mice. 
Haematoxylin and eosin (H&E) staining of tumour arising from the Th-MYCN genetically 
engineered model of neuroblastoma. Overall, tumours resembled high-risk childhood 
neuroblastoma A. Islands of undifferentiated neuroblastoma cancer cells separated by 
fibrous septa B. Apoptotic cells distinguishable by the fragmentation of nuclear material 
and condensation of chromatin within them. C. Islands of larger differentiated 
neuroblastoma cells D. Neuropil (arrowed) among undifferentiated tumour E. Tingible 
body macrophages (arrows) F. Region of high haemorrhage in Th-MYCN GEM model 

. 
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1.3.3 Biomarkers-guided delivery of precision medicine  
 

1.3.3.1 Need for non-invasive biomarkers   
 

Biomarkers, defined as a “defined characteristic that is measured as an indicator 

of normal biological processes or responses to an exposure or intervention, 

including therapeutic interventions” (98, 99) have contributed to the success of 

stratified precision medicine in adult cancer, especially by accelerating the clinical 

development of novel therapeutics. Conventional pharmacodynamic biomarkers 

necessitate access to post-therapy surgical biopsies, which is often not feasible 

in children with refractory/relapsed disease. Therefore, non-invasive alternatives, 

such as imaging biomarkers or liquid biopsies must be pursued (100, 101).  

 

1.3.3.2 Current radiological management of children with neuroblastoma   
 

Evaluation of response to treatment in children with neuroblastoma is based on 

Response Evaluation Criteria in Solid Tumours (RECIST) using non-invasive 

anatomical imaging such as computed tomography (CT) or magnetic resonance 

imaging (MRI). The revised International Neuroblastoma Response Criteria 

(INRC) guidelines now also include sensitive nuclear medicine-based functional 

imaging approaches (such as 123I-meta-iodobenzylguanidine [123I-MIBG] scans 

and [18F]-2-fluoro-2-deoxyglucose positron emission tomography/CT [FDG 

PET/CT]) for the assessment of bone and bone marrow metastatic disease, 

present in 50% of cases (102). 123I-meta-iodobenzylguanidine [123I-MIBG] scans 

are one a few examples of success for the field of targeted molecular 

imaging/theranostics. MIBG is a substrate for the neuro-epinephrine (NET) 

transporter, which is selectively expressed on the membrane of neuroblastoma 

cells in 90% of patients. [131I]-MIBG is successfully used to target radiation to 

neuroblastoma cells and is an integral part of frontline therapy against the 

disease. 

 

. 
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1.3.3.3 MRI-based functional imaging for neuroblastoma  
 
MRI is becoming the preferred clinical imaging technique for the management of 

children with neuroblastoma because of its exquisite soft tissue contrast. MRI 

provides excellent anatomical information at diagnosis and follow up while 

sparing children of the exposure to ionising radiation associated with CT (103). 

Advanced MRI-based functional imaging techniques could potentially be used to 

define quantitative imaging biomarkers that inform on biologically relevant 

structure-function relationships (see Section 1.2.1) in neuroblastoma and its 

microenvironment. 

 

Diffusion MRI is an example of advanced MRI scans that is increasingly being 

adopted in the neuroblastoma diagnostic clinic with the calculated apparent 

diffusion coefficient (ADC) being able to distinguish stroma-rich GN and GNB 

from stroma-poor neuroblastoma (104). The BEACON Neuroblastoma trial also 

has a small functional imaging arm aiming to evaluate the feasibility of diffusion-

weighted imaging (DWI) and dynamic contrast enhanced(DCE-) MRI to monitor 

treatment response to Bevazucimab. 

 

1.3.3.4 Validation of imaging biomarkers 
 
As emphasised in the CR-UK and EORTC imaging biomarker roadmap (99), 

imaging biomarkers must undergo stringent validation before they can be 

deployed in the clinic. Early imaging biomarker development demands close 

imaging-pathology correlation, to understand the biological processes 

underpinning the imaging measurement, which in the paediatric population can 

only be meaningfully studied using animal models (105, 106).  
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1.4 The mouse hospital as a robust platform for the validation of imaging 
biomarkers of neuroblastoma.   

 

The overarching hypothesis of this project is that the mouse hospital concept 

provides a unique opportunity to evaluate predictive and prognostic imaging 

biomarkers of response in neuroblastoma and to perform the close imaging-

pathology correlation necessary to understand the biological processes 

underpinning the imaging measurement and provide the stringent validation 

needed before they can be deployed clinically. 

 

1.5 Aim of the project 
 

The project aims to develop computational methodologies for the robust spatial 

comparison of functional MRI techniques and biomarkers with histopathology to 

non-invasively map the histopathological hallmarks of high-risk childhood 

neuroblastoma, and their evolution during treatment, in transgenic MYCN-driven 

mouse models of the disease.  

 

The specific objectives in this project are to develop imaging analysis and spatial 

statistics tools (Figure 1.11): 

 

1. To characterise of neuroblastoma and its microenvironment in whole-slide 

digital histology images at both regional (tissue) and cellular level. 

 

2. To evaluate the spatial correlation between the parametric maps of each 

selected MRI biomarker and their associated histopathological correlates. 

 

3. To spatially integrate the parametric MRI maps to identify radiologically-

defined sub-regions (habitats) and evaluate their spatial correlation with 

histopathologically-defined sub-regions. 
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Figure 1.11 Developing radiologic pathology for the non-invasive characterisation of 
tumour heterogeneity: overview of the methodology. A. The primary abdominal tumours 
in the GEM model of neuroblastoma present with numerous anatomical landmarks 
(arrows, k, kidney) that are detectable by conventional anatomical MRI, which can be 
used to ensure precise registration between the MRI-derived parametric maps (example: 
R2*, sensitive to deoxyhaemoglobin concentration and thus a proxy for haemodynamic 
vasculature) and the histopathology slices, which is crucial for validation and calibration 
of the methodology. Imaging analysis and spatial statistics tools will be developed to B. 
evaluate the spatial correlation between the parametric maps of each selected MRI 
biomarker and the associated histopathological features and C. to integrate the different 
MRI biomarker maps into a spatial map of sub-regions (habitats) and evaluate their 
spatial correlation with the distribution of sub-regions defined by histopathology. 
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1.6 Structure of the thesis  
 

Chapter 2 describes the development of deep learning and classical machine 

learning methodologies and strategies for the characterisation of tumour and its 

microenvironment in whole-slide digital histology images at both regional (tissue) 

and cellular level.  

 

Chapter 3 describes the implementation of a pipeline for the registration of MRI-

derived and histology-derived parametric maps, essential for the robust spatial 

histopathological validation of MRI biomarkers.  

 

The MRI-pathology pipeline was incorporated in in vivo studies in the Th-MYCN 

mouse model to: 

 

a. Demonstrate that Susceptibility-MRI, and the R2* and fractional blood 

volume (fBV) biomarkers, can quantify and map the characteristic 

haemorrhagic and hypervascular nature of high-risk neuroblastoma and 

predict response to promising anti-angiogenic treatment (Chapter 4). 

  

b. Demonstrate that T1-mapping is sensitive to neuroblastoma histological 

heterogeneity and can be used to monitor active disease and detect 

treatment response to two promising MYCN-targeted therapeutic 

strategies (Chapter 5). 

  

c. Explore the pathological determinants of the apparent diffusion coefficient 

(ADC) measured by diffusion-weighted MRI and its ability to provide 

information on treatment response in high-risk undifferentiated or poorly 

differentiated neuroblastoma (Chapter 6).  

 

d. Validate the combined use of the MRI biomarkers validated in the previous 

chapters to fully characterise radiologically-defined sub-regions (habitats) 

constituting the rich pathology of neuroblastoma (Chapter 7).  
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1.7 Contributions to the work presented in this thesis.  
 

All in vivo MRI studies presented in this thesis were performed by Dr. Yann Jamin 

as a part of his Children with Cancer Research UK fellowship. Dr. Henrik 

Failmezger contributed to the development of the superpixel-based conditional 

random field (SuperCRF) presented in Chapter 2, by implementing the graphical 

model part of the method. 
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Chapter 2 : Development of computational pathology 
methodologies in whole-slide digital histology images 
 

2.1 The new era of digital pathology 
 

2.1.1 Computer-aided diagnosis 
 

Cancer is a highly complex, non-autonomous disease. The interactions between 

micro-environmental selective pressures and cancer cells dictate how cancer 

progresses and evolves. Accurate and spatially explicit characterization of the 

tumour micro-environmental landscape, including how cancer cells interact with 

the extra-cellular matrix and other cellular players such as stromal cells and 

immune cells within the tumoural niche, is needed to understand the context in 

which cancer evolves, and may also provide robust predictor of cancer behaviour 

for risk-stratification (107). 

 

The analysis of histopathological images of surgical tissue specimens, under the 

microscope, from pathologists is the “gold-standard” for the routine management 

of patients with cancer and the evaluation of new therapeutic strategies in clinical 

trials (107-111). Histology images can be stained with various dyes, such as 

haematoxylin and eosin (H&E) to highlight the cell nuclei from the cytoplasm and 

reveal the tissue sample’s structure, and immunohistochemistry (IHC) markers to 

unveil the tissue’s molecular properties. The most widely used (and low-cost) 

staining method for diagnosis remains the H&E staining. Pathologists, however, 

can only conduct a qualitative or semi-quantitative analysis to the samples, which 

is also a time-consuming and cumbersome process. Furthermore, factors such 

as inter- and intra-observer variability, or fatigue, can affect diagnosis accuracy 

and therefore treatment planning (112-115). 

 

The relatively recent development of digital scanners has allowed for the glass 

slides to be digitised at different magnification levels and stored. These whole-

slide images (WSI) can then be viewed on any computer (Figure 2.1). In this new 

era of digital pathology, advanced computational image analysis techniques are 
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revolutionizing the field of histopathology by providing objective, robust and 

reproducible quantification of tumour components, thereby assisting pathologists 

in tasks such as tumour identification and tumour grading (116, 117). 

 

 
 

Figure 2.1 Digitisation of a whole-slide image. The glass-slide is scanned by a digital 
slide scanner and the images are stored in a pyramid-like structure containing different 
magnification levels. At the “cell-level” (40x-20x) information about cell distribution and 
morphology are derived, while at the “tissue-level” (10x-1.25x) the different tissue 
structures are visible. 

 
2.1.2 Machine learning 
 

Image analysis and computer vision algorithms used in digital pathology are 

primarily focused around machine learning, which is the process of “training” a 

computer program to make data-driven decisions on its own. The main aim is to 
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create a model that recognises patterns and makes accurate predictions in the 

training data and then applies this learned “expertise” successfully in new, 

unseen data. 

 

2.1.2.1 Machine learning methods 
 

There are different methods of training machine learning algorithms based on 

how the training data are utilised (118-120). The most common approach, called 

supervised learning, is when each piece of input data has a corresponding label, 

and the algorithm is trained to predict the label of a new, previously unseen 

sample. Classification, regression and segmentation tasks typically demand a 

supervised learning approach. In unsupervised learning, the computer is learning 

to discover patterns in unlabelled input data, clustering and dimensionality 

reduction being two characteristic examples. Sub-categories include semi-

supervised learning, which combines a few labelled and many unlabelled data, 

and multiple-instance learning, in which the labels are “weaker” as individual 

examples are unlabelled and “bags” or groups of instances are labelled instead. 

Another method which is becoming increasingly popular and has recently shown 

immense potential (121) is reinforcement learning, where “agents” operate with 

their environment and learn through trial and error and a reward system.  

 

2.1.2.2 Machine learning approaches 
 
For many years, the typical or “classical” way of designing a digital pathology 

machine learning pipeline was to use mathematical models to extract features 

from an image, such as first- and second-order statistics (eg. texture), then use 

a classifier in the multi-dimensional feature space to separate them into the 

desired classes. These features are called “hand-crafted”, since they are 

manually designed.  

 

Some of the most popular classical machine learning algorithms that are based 

on supervised learning and are widely used in medical image analysis are support 

vector machines (SVM) (122, 123), which try to maximise the classification 

margin (distance) in the feature space using the so-called support vectors, and 
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classification and regression decision trees (CART), which are powerful 

predictive models while also being easily interpretable. Other advanced 

ensemble methods are based on decision trees, such as the random forest 

algorithm, which was created to achieve better generalisation in unseen data. 

Popular unsupervised learning algorithms for data clustering include the k-means 

algorithm, which categorises samples based on their distance from the cluster 

with the nearest mean and the Gaussian mixture modelling (GMM), which is a 

probabilistic model to identify sub-populations by fitting Gaussian distributions in 

the overall data. One of the most popular approaches for dimensionality reduction 

remains the principal component analysis (PCA), which applies a linear 

transformation to extract features that captures the maximum variance of the 

data. 

 

2.1.2.3 Deep learning 
 

Deep learning (124, 125) is a branch of machine learning that has recently 

received much attention as in most tasks deep neural network approaches 

surpassed the previous state-of the-art methods by a wide margin, while reaching 

or even surpassing human performance in certain cases. One of the most 

characteristic examples is the computer-vision challenge ImageNet, where 

machine learning algorithms are given natural images and are asked to classify 

them (e.g. “car”, “dog” etc). In 2012, the deep neural network “AlexNet” won the 

challenge with a 10% margin from the second place, which improved by another 

10% the next year, leading to today’s performance of over 98% accuracy which 

is higher than human performance (~95-96%) in the same dataset (120, 126, 

127). 

 

Artificial neural networks (ANN) are actually one of the first and most well-studied 

machine learning algorithms, introduced in the 1950s (128) and are inspired by 

biological neurons. Neural networks consist of a number of connected 

computational units, the neurons or perceptrons, arranged in layers. Each neuron 

is comprised by a set of weights which represent its relative importance and a 

bias term. The first layer where the data are fed in the network is called the input 

layer, followed by one or more hidden layers, which transform the data as they 
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pass through, and ending with the output layer that gives the network’s 

predictions. An activation function is attached to each layer, which transforms the 

output of the previous layer. The aim is to train a model to learn useful 

representations of the data by optimising an objective function and updating its 

weights in each iteration. Typically, the networks were “shallower” consisting of 

an input layer, a hidden layer and an output layer. However, ANN were largely 

abandoned, due to the high computational cost associated with the increased 

complexity of network architectures, as well as technical issues which made their 

training challenging (e.g. the “vanishing gradient” problem, when the amount of 

error or “gradient” being distributing to all nodes is too small, resulting in the 

network not being able to converge) (120).  

 

The key idea of deep learning is to include a greater number of layers, making 

them “deeper” to exploit the context of the data in small steps, much like the 

human visual system. The idea existed since the 1990s (129), however it was the 

recent advances in computer hardware and graphical processing units (GPUs) 

that allowed the successful implementation of deep architectures. One of the 

most important type of networks in medical imaging is the convolutional neural 

network (CNN), which learns and preserves spatial relations in the data and thus 

is excellent for image analysis (Figure 2.2). The main difference with classical 

machine learning is that in deep learning, feature learning and performing a task 

have merged into one step, as deep neural networks extract features and learn 

useful non-linear representations automatically, directly from the raw data (118-

120, 130). Common types of constituent layers, along with strategies 

incorporated in many modern CNNs to enhance their performance by improving 

their generalisation to unseen data, regularize them and accelerate the training 

process are described in Table 2.1.  

 

CNNs alone or in combination with other approaches can be used for almost any 

supervised learning task, such as classification, regression and segmentation. 

Other popular network architectures for supervised learning are the U-Nets (131), 

which are inspired by CNNs and reconstruct the image using upscaling and skip 

connections and are primarily used for segmentation, and the fully connected 

networks (FCN), which can both easily be applied to many different tasks and 
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handle mixed data types. The most popular type of network for unsupervised 

learning, typically for dimensionality reduction, is the autoencoder, which finds 

the best non-linear representation of the data in lower dimensions by trying to 

reconstruct the original data.  

 

Despite the immense success of deep learning, classical machine learning 

approaches are still widely used especially in cases with fewer data samples or 

in combination with deep neural networks. 
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Figure 2.2 A deep convolutional neural network (CNN) trained for face recognition. 
Visualisation of the first hidden layer reveals the detected edge features. In the next 
hidden layer where the context is larger, the network captures shapes and face parts. 
The next hidden layer where the context is even larger, the network captures bigger part 
of the faces. The output layer predicts (classifies) the probability the input image belongs 
into a pre-defined set of categories (classes) (120). Adapted from Artificial Intelligence 
in Medical Imaging: Opportunities, Applications and Risks, page 28, figure 3.4.  
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Common types of layers in CNN 

Convolutional  A k x k filter (where k < image size) is convolved with the entire image 
in strides (like a “sliding window”) to extract features. Each region has 
the same shared weights, allowing for the training of deeper networks 
with fewer parameters.  For image-based tasks, it is quite common to 
use several layers of convolutions at the input. 

Activation  The feature maps from a convolutional layer are passed through 
nonlinear activation functions. The most popular activation function is 
the rectified linear unit or ReLU, which outputs a “0” for any negative 
input and outputs the input if the input is positive, and variations of it 
such as the leaky ReLU. 

Pooling  Pooling is a down-sampling method, where one or more convolution 
layers are followed by a “pooling layer,” in which the outputs of 
adjacent convolutions are combined into a single output. This output 
is usually computed using the maximum value (max pooling) or the 
mean value (average pooling). Summarising the information of the 
previous convolution layer, makes the features more translation-
invariant. Instead of pooling, down-sampling can also be achieved by 
convolutions with increased stride lengths. 
 

Fully Connected  In this layer, every input is multiplied to an activation function and is 
passed to an output. The fully connected layers are usually applied 
towards the end of the CNN. 
 

Output  The final activation function is related to the task and the objective 
function used for training the network. For classification, the most 
common function is the softmax which converts the values of the 
previous layer into an output prediction vector of size equal to the 
number of classes and sum equal to “1”. For regression tasks, a linear 
activation is appropriate. 

Strategies to enhance network performance 
Dropout It is the process of randomly excluding different neurons during each 

iteration of training, not allowing this way the weights to become co-
dependent (132). 

Batch normalization This approach normalises the activation maps by subtracting the mean 
and dividing by the standard deviation for each training batch to solve 
the “vanishing-gradient” problem. It also makes the network less 
dependent to initialising parameters (133). 
 

 

Table 2.1 Common elements of convolutional neural networks (CNN) 

 

  



 68 

 

2.1.3 Aim of the chapter 
 

This chapter reports on the development of computational methodologies for both 

cell and tissue classification, their application to the study of tumour histological 

heterogeneity and hence their potential value to enhance the validation of non-

invasive functional imaging of tumour architecture. This chapter is divided in four 

autonomous sections:  

 

i. Section 2.3 reports on the development of a cell classification pipeline 

based on cell morphology and applied for the classification of cells in 

transgenic model of neuroblastoma.  

 

ii. Section 2.4 demonstrates how capturing global spatial context can 

improve cell classification. 

 

iii. Section 2.5 reports on the development of SuperCRF: an enhanced deep 

learning approach for incorporating global and local context in whole-slide 

image analysis. 

 

iv. Section 2.6 reports on the development of SuperHistopath: a deep 

learning pipeline for mapping the tumour heterogeneity on low-resolution 

whole-slide digital histology images. 
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2.2 Cell classification using morphological features 

 
2.2.1 Introduction 
 

Cells morphology and outlines can be distinguished on histopathological images 

at 20x magnification, whereas 40x magnification affords the clearer observation 

of morphological details of the cell nuclei. Many cell types share distinct 

morphological characteristics, such as their shape, size and nuclei distribution. 

For example, malignant cells usually have large (>10 mm) abnormal nuclei of 

variable texture and shape, while stromal cells (fibroblasts and endothelial cells) 

share a more spindle-shaped nuclei and lymphocytes have a small (<8 mm) dark 

nuclei with reduced cytoplasm (134). Computational pathology algorithms are 

aiming to quantify those differences to discriminate cells. 

 

In classical machine learning, cell classification requires two independent tasks, 

feature extraction followed by feature classification.  

 

2.2.1.1 Aim of the section  
 

In this section of Chapter 2, I implemented an image processing pipeline for the 

classification of cells in the Th-MYCN transgenic mouse model of neuroblastoma 

using a supervised learning approach. Firstly, cell nuclei were segmented, and 

then a series of well-established hand-crafted features were extracted. The 

extracted features were subsequently classified using a SVM, which is trained 

with ground-truth annotations from a pathologist.  

 

2.2.2 Materials and Methods 
 

2.2.2.1 Dataset 
 

In total, 7 H&E-stained whole-slide formalin-fixed and paraffin-embedded (FFPE) 

images from Th-MYCN transgenic mouse models of neuroblastoma were used. 

All images were digitized at 20x magnification using a Hamamatsu NanoZoomer 

XR scanner (0.46μm resolution, Hamamatsu, Japan).  
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Ground-truth annotations were provided by a trainee pathologist (Dr. Matt Clarke, 

ICR) under the guidance of a senior paediatric neuropathologist (Dr. Tom 

Jacques, UCL Great Ormond Street Institute of Child Health) for a total of 16320 

cells over 5 categories: 4608 undifferentiated neuroblasts, 2057 differentiating 

neuroblasts, 5252 apoptotic cells, 2246 lymphocytes and 2157 stromal cells 

(fibroblasts and endothelial cells).  

 

2.2.2.2 Cell segmentation and classification 
 

Image processing was carried out using a pipeline based on CRImage (134). 

First, cell nuclei were extracted from H&E-staining by Otsu thresholding (135). 

Then, noisy image structures were deleted using morphological opening and the 

clustered nuclei were separated by the Watershed algorithm (136). For every 

nucleus, 91 morphological (134), three local-context and 46 cell-cytoplasm 

features were extracted (Figure 2.3). The morphological features included i) 

topological properties, such as the size of the nucleus, perimeter, eccentricity, 

acircularity, (137) ii) texture (Haralick) features, which describe the texture of the 

nuclei and are calculated from the co-occurrence grey level matrix, (138) iii) 

image moments which characterise the two dimensional density distribution 

function of the grey values of an image (139) and iv) Zernike moments which are 

shape parameters invariant to translation and rotation based on Zernike 

polynomials (140). A SVM with a radial basis function (RBF, 

γ=1/number_of_features) kernel was trained with these features using the R-

package e1071 (141) and classified the cells into 5 categories: undifferentiated 

neuroblasts, differentiating neuroblasts, apoptotic cells, lymphocytes, stromal 

cells (Figure 2.4). 
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Figure 2.3 The cell segmentation and subsequent feature extraction process from H&E 
images using the CRImage pipeline.  

 
2.2.2.3 Evaluation metrics for classification 
 

Some evaluation metrics for classification tasks are accuracy, precision and 

sensitivity (recall), described as following: 

 

!""#$%"& = 	
)*+),

)*+-*+),+-,
             (2.1) 

 

.$/"01023 = 	
)*

)*+-*
   (2.2) 

 

4/31050605&	(8/"%99) = 	
)*

)*+-,
	 (2.3) 

 

where TP is true positives, FP is false positives, TN is true negatives, and FN is 

false negatives. 

 

2.2.3 Results 
 

Cells were segmented and classified into 5 categories with an overall accuracy 

of 94.3%, average precision of 94.3%, and average recall of 94.5%, after 50-fold 

cross validation (Table 2.2, Figure 2.4 and Figure 2.5): undifferentiated 

neuroblasts (Precision = 98.6%, Recall = 90%), differentiating neuroblasts 

(Precision = 96.8%, Recall = 98.1%), apoptotic cells (Precision = 95.4%, Recall 

= 88.9%), lymphocytes (Precision = 96.2%, Recall = 99.9%), stromal cells 
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(Precision = 84.5%, Recall = 95.5%). The quality of the results was also visually 

evaluated by our pathologist. 

 

 Apoptotic 
cells % 

Undifferentiated 
neuroblasts % 

Differentiated 
neuroblasts 

% 

Lymphocytes 
% 

Stromal 
cells% 

Apoptotic cells 
% 

95.41 2.83 0.12 0.06 1.58 

Undifferentiated 
neuroblasts% 

0.63 98.61 0 0 0.76 

Differentiated 
neuroblasts % 

0.41 1.29 96.79 0 1.51 

Lymphocytes% 
 

3.7 0 0 96.15 0.15 

Stromal cells% 7.23 6.47 1.76 0 84.54 

 

Table 2.2 Confusion matrix of the cell classification results in the Th-MYCN mouse model 
of neuroblastoma  

 
 

 
 

Figure 2.4 Computational analysis of a digitized whole-slide histological image of a Th-
MYCN neuroblastoma. Cells were segmented and classified into 5 categories with an 
overall accuracy of 94.3%: undifferentiated neuroblasts (98.61% accuracy, green), 
differentiating neuroblasts (96.79%, purple), apoptotic cells (95.41%, yellow), 
lymphocytes (96.15%, blue), stromal cells (84.54%, red). 
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Figure 2.5 Representative results of the computational analysis of a digitized whole-slide 
histological image of a Th-MYCN neuroblastoma; Cell outlines: green – undifferentiated 
neuroblasts, blue – lymphocytes, red – stromal cells, yellow – apoptotic/dying cells, 
purple – differentiated neuroblasts. 

 
 
2.2.4 Discussion  
 

In Section 2.2, a pipeline for cell segmentation and classification based on cell 

nuclei and cytoplasm morphology was implemented. The classifier achieved an 

overall accuracy of 94.3% in the neuroblastoma dataset over 5 different cell 

categories.  

 

This approach suffers from some known limitations associated with many 

classical machine learning methods. Despite the quality of the results obtained in 

this dataset, application of the pipeline to new datasets was always very 

challenging without extensive optimisations. Cell detection with CRImage was 
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considered satisfactory as validated by our pathologist in this dataset, yet inferior 

when compared to the level of detection achieved in other datasets with state-of-

the-art approaches. Cell segmentation was particularly sub-optimal when cells 

are overlapping, a known limitation of the Watershed algorithm.  

 

2.2.5 Conclusion  
 

This approach provided satisfactory results for the classification of cells in the 

transgenic mouse models of neuroblastoma and was used to investigate the 

sensitivity of MRI to the underlying histology of neuroblastoma, as described in 

Chapters 5-7. However, more sophisticated methods including deep learning 

approaches should be further explored to achieve high-quality results in more 

complex tasks. 
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2.3 Capturing global spatial context to improve cell classification 
 

2.3.1 Introduction 
 

Deep learning has revolutionized the field of cell classification, with deep neural 

networks achieving higher-quality results than the state-of-the-art classical 

machine learning approaches (142-145).  However, even state-of-the-art deep 

learning algorithms can underperform especially in cases where different cell 

types appear morphologically similar. Current computed pathology tools focus on 

individual cell nuclei morphology with limited abstract local context features, 

because they operate on image patches, which only provided a limited scope of 

the WSI. Pathologists on the other hand incorporate regional tissue architecture 

(in practice, by zooming in/out), together with cell morphological features to 

accurately classify cells. Thus, contextual information can be the key to further 

improve cell classification algorithms. 

 

2.3.1.1 Aim of the section  
 

In this chapter section, I demonstrate the effectiveness of including global tumour 

spatial context into single-cell classification. I propose a multi-resolution 

hierarchical framework, which captures the spatial global context at low 

magnification, by classifying superpixels into biologically meaningful regions 

(tumour area, stromal, normal epidermis and lumen/white space, Figure 2.6) and 

combining them with cell nuclei morphological features at high resolution to 

improve single cell classification (Figure 2.7). The algorithm was applied on H&E-

stained WSIs of clinical cutaneous melanoma. 
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2.3.2 Methodology and Results 
 
2.3.2.1 Data 
 

In total, 58 full-face, H&E stained section images from FFPE diagnostic blocks of 

clinical cutaneous melanoma skin cancer from The Cancer Genome Atlas 

(TCGA) were used. All digitized (Aperio ImageScope) histology images were 

scaled to 20x and 1.25x magnification with pixel resolution 0.504 and 8.064μm, 

respectively, using Bio-Formats (https://www.openmicroscopy.org/bio-formats/). 

To set the ground truth for regional classification at 1.25x magnification, an expert 

pathologist with over 20 years of experience (Dr. Ioannis Roxanis) provided 

annotations on the slides for 4 different regions: tumour area, stroma, normal 

epidermis and lumen/white space. We randomly selected 21 images for training 

and reserved the remaining 37 images as an independent test set.  

 

For single cell classification, 7 WSIs at 20x were split into sub-images (tiles) of 

2000x2000 pixels each, for computational efficiency. 3 WSIs were used for 

training and 4 for testing. Based on the pathologist’s input, we used 3863 cell 

nuclei (1320 cancer cells, 1100 epidermal cells, 751 lymphocytes, 692 stromal 

cells) from 82 sub-images for training and 2405 cell nuclei (876 cancer cells, 602 

epidermal cells, 417 lymphocytes, 510 stromal cells) from 224 sub-images as an 

independent test set (Figure 2.8A).  

 

2.3.2.2 Superpixel-based tumour region classification 
 

First, each dataset was pre-processed using the Reinhard stain normalization 

(146) to account for stain variabilities that could affect classification. Then, all 

images were segmented using the simple linear iterative clustering (SLIC) 

superpixels algorithm, which groups together similar neighbouring pixels (147). 

With the pathologist’s input, the optimal number of superpixels was selected by 

visually identifying a superpixel size that capture only homogeneous areas and 

adhere to image boundaries. This is a critical step for ensuring accurate tissue 

segmentation, and therefore, classification (Figure 2.6BC). The number of 
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superpixels for each image was automatically set based on the image size 

according to Equation 2.1. 

 

;< = "/0903=>
?@
A
B    (2.4) 

        

The SLIC algorithm inherently provides a roughly uniform superpixel size. Setting 

U = 1250, Equation 2.4 gave a mean superpixels size of 35 × 35 pixels, equivalent 

to an area of approximately 280 x 280 μm2. The SLIC superpixels algorithm was 

proven to be computationally efficient, requiring only 3s to segment a single 

downscaled image of 2500x2500 pixels using a 2.9GHz Intel core i7 processor. 

 

Region annotations were provided by the pathologist (Dr. Ioannis Roxanis). I 

identified 15477 superpixels belonging in tumour areas, 6989 in stroma areas, 

141 in epidermis and 691 in lumen/white space for training based on their 

isocenter location within the annotated regions. 
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Next, four types of well-established classical machine learning features were 

extracted, 85 in total, from each superpixel, including seven histogram features 

(mean values of hue, saturation, and brightness, sum of intensities, contrast, 

standard deviation, and entropy), and well-established texture features (12 

Haralick features (138)), 59 rotation-invariant local binary patterns (RILBP), 7 

segmentation-based fractal texture analysis (SFTA) features (148). Features 

were standardized into z-scores. The mean values and standard deviation of the 

features from the training set were used for the normalization of the test set. A 

SVM with a radial basis function (RBF, γ = 1/number_of_features) was trained 

with these features to classify superpixels into the different biologically 

meaningful categories, cancer, stroma, normal epidermis and lumen/white space. 

To address the class imbalance problem for training, I randomly selected a subset 

of 5000 cancer and stroma superpixels and increased the penalty in the cost 

function for the epidermis and lumen/white space classes by a factor of 10. 

 

Performance of classification using individual and various combinations of feature 

sets was tested (Table 2.3). The use of all 85 features, yielded the highest 

accuracy (97.7% in the training set using 10-fold cross validation and 95.7% in 

2997 superpixels annotated in the 37 images of the independent test set). 

 
  Features Accuracy (%) Feature combinations Accuracy 

Hist. 95.9 % Hist. + Haralick 97.3 % 
Haralick 91.4 % Hist. + RILBP 96.3 % 
RILBP 88.8 % Hist. + SFTA 96.9 % 
SFTA 85.2 % Hist. + Haralick + RILBP 97.1 % 

 Hist. + Haralick + SFTA 97.1 % 
Hist. + Haralick + RILBP + 

SFTA 
97.7 % 

 

Table 2.3 Accuracy matrix of the classification of superpixels for single sets of features 
(left) and various combinations (right).  
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Figure 2.8 Superpixels provide global context for single cell classification. A. 
Representative superpixel classification of tumour regions overlaid with ground-truth cell 
annotations. B. ROC curves (cancer vs. all) illustrate the improvement in classification 
accuracy by adding superpixel context as additional features. C. Representative images 
comparing ground truth annotation and single cell classifiers with and without 
superpixels. 

 
2.3.2.3 Cell Classification based on nuclear features 
 

Image processing was carried out using a pipeline based on CRImage described 

in Section 2.2. For every nucleus, 91 morphological features (fm) were extracted 

(134). Three local features flc were added: the number of nuclei neighbours in a 

distance of 25μm, the density at the particular cell position, and the size of the 

surrounding cytoplasm, calculated by thresholding the image’s red channel after 

excluding the nuclei pixels. 

 

For single cell classification, a SVM with a RBF (γ=1/number_of_features) kernel 

was trained with these features and achieved 86.4% accuracy (Table 2.5) in the 

test dataset. As expected, the classifier underperformed in distinguishing 

between epidermal and cancer cells (Table 2.4, Figure 2.8), due to their similar 

morphology and related local context (both exist in crowded environments). 
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2.3.2.4 Incorporating global context in cell classification 
 

Two different schemes were used in order to integrate regional classification with 

cell classification. First, the type of area a single cell belonged to, provided by the 

superpixel classification, was added to the morphological feature set as an extra 

feature, the global context feature (fgc). This resulted in a considerable reduction 

of misclassification between epidermis and cancer cells (Table 2.4) and led to a 

much higher accuracy (91.6%, Table 2.5, Figure 2.8) compared to the cell-

morphology based classifier.  

 

Secondly, global context given by superpixels served as biological a priori 

knowledge to correct single cell classifications. E.g. stromal cells seldom exist in 

non-stromal regions, while, cancer cells should only exist in tumour regions and 

epidermal cells should be found only in epidermal regions. Lymphocytes, 

however, can infiltrate into both tumour regions and stroma, but are rarely found 

in epidermis (149). The regional context of a cell is thus of great importance for 

its annotation. Following these constrains an iterative voting scheme for cells in 

stromal and tumour regions was implemented (Equation 2.5):  

 

"< = C
/D0E/$F01 0G 	1 = /D0E/$F01
5 0G/91/ 	5 = 1	 ∨ 	5 = 9&FDℎ2"&5/
J /91/ J = 1		 ∨ 	J = 9&FDℎ2"&5/

   (2.5) 

       
 
Where "<		is the cell at position i, 5 ∈ {"%3"/$, 15$2F%9, /D0E/$F01, 9&FDℎ2"&5/} is 

the most probable annotation of the cell in the SVM, 1 ∈

{"%3"/$, 15$2F%, /D0E/$F01}		 is the annotation of the cell’s superpixel, J ∈
{"%3"/$, 15$2F%9, /D0E/$F01, 9&FDℎ2"&5/} is the annotation with the next highest 

unchecked probability in the SVM. This voting scheme (Eq. 2.5) was applied for 

all cell nuclei and resulted in 92.8% accuracy in the test dataset (Figure 2.8C, 

Table 2.5).  
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 Morphology Morphology + 

global context 
Morphology + 
Voting scheme 

C E L S C E L S C E L S 
 

C
la

s
s
e
s
 

 
cancer 715 27 20 14 786 27 23 40 844 0 30 2 

epidermis 96 496 5 5 44 550 2 6 48 515 17 22 
lymphocyte 7 12 397 1 12 5 399 1 14 1 401 1 

stromal 18 4 17 471 11 12 18 469 10 4 23 473 
 

Table 2.4 Confusion matrix of the Single Cell Classifiers, based on nuclei morphology 
(left), adding of the global context as extra feature in the feature set (middle) and 
implementation of the voting scheme (right). C: cancer, E: epidermis, L: lymphocyte, S: 
stromal. Note the confusion between cancer cells and epidermis cells highlighted in red. 

 
 

Method Accuracy Precision Recall 

Single Cell 86.4 % 87.4% 87.9 % 

Single Cell + Context 91.6 % 91.5 % 92.2 % 

Voting Scheme 92.8 % 92.8 % 92.7 % 
 

Table 2.5 Classification performance for the three classifiers. Both approaches of 
incorporating the global context led to markedly better results, with the voting scheme 
achieving the highest score. 

 
2.3.3 Discussion and Conclusion 
 

In this section of Chapter 2, a hierarchical framework was implemented to mirror 

the way pathologists perceive tumour architecture. This proof-of-concept study 

shows that the incorporation of global spatial context, in a biologically 

interpretable way, can overcome limitations associated with cell classification 

algorithms strictly based on nuclear morphology or abstract local contextual 

features. The proposed framework can be easily adapted to improve any nuclear 

morphology-based single-cell classification algorithm and study other cancer 

types. 

 

Here, the incorporation of global context was done following two simple 

approaches, by either adding the spatial context as an extra feature or exploit it 

to constrain the algorithm with biological rules. While both resulted in a marked 

increase in the classification accuracy (from 86.4% to 91.6% and 92.8% 

respectively), these hard rules may also introduce some bias in the system. The 
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next step of this approach would be a method able to model the spatial 

associations of a cell to its microenvironment in an autonomous way. Also, more 

sophisticated approaches for incorporating the global context should be explored 

in combination with state-of-the-art deep learning methods (143). 
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2.4 SuperCRF: An enhanced deep learning approach for incorporating 
global and local context in whole-slide image analysis 
 

2.4.1 Introduction 
 

Robust tumour regional classification from lower resolution images can provide 

the contextual information that is key to further improve single-cell classification 

algorithms. The aim of this chapter section is to introduce dependencies of a 

single-cell to its global tissue context and cell neighbourhood and enhance 

learning results for cell classification from deep CNNs. Probabilistic graphical 

models have successfully been applied to improve cell classification in time-lapse 

imaging by considering the temporal context of a cell (150-155). Probabilistic 

graphical models have also been used successfully in histopathology images for 

detection and segmentation (156-159), disease and tissue staging (160, 161), 

and nuclei segmentation (162). In this study, instead of time dependency, 

graphical models are applied to introduce the spatial context of a cell as additional 

information to improve single-cell classification.  

 

2.4.1.1 Aim of the section 
 

A multi-resolution hierarchical framework is proposed to mirror the way 

pathologists perceive tumour architecture, and applied to H&E-stained WSIs of 

clinical cutaneous melanoma skin cancer (Figure 2.9A) to understand its ability 

to characterise the immune-stroma-tumour interface and provide improved 

predictive/prognostic markers.  

 

2.4.2 Materials and Methods 
 
2.4.2.1 Datasets 
 

In total, 105 full-face, H&E stained section images from FFPE diagnostic blocks 

of melanoma skin cancer from The Cancer Genome Atlas (TCGA) were used. All 

digitized (Aperio ImageScope) histology images are scaled to 20, 5, and 1.25x 

magnification with pixel resolution 0.504, 2.016, and 8.064μm, respectively, using 

Bio-Formats (https://www.openmicroscopy.org/bio-formats/). WSIs at 20x 
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magnification (representative size: 30,000x30,000 pixels), were split into sub-

images (tiles) of 2,000x2,000 pixels each, for computational efficiency. 

 

For the purpose of training and testing the different parts of our system the 

dataset was divided into sub-datasets, namely single-cell classification dataset, 

5x sub-dataset, 1.25x sub-dataset and discovery sub-dataset (Table 2.6). 

 
Name Number of WSIs Purpose 
Single-cell 
classification sub-
dataset 

Total 8 Single-cell classification into 4 categories: cancer 
cells, lymphocytes, stromal cells, epidermal cells Training SC-CNN  3 (348 tiles) 

Training SuperCRF  2 (84 tiles) 
Testing  3 (290 tiles) 

5x sub-dataset Total 16 Region classification into 5 categories: tumour, 
stroma, lymphocyte cluster, normal epidermis, 
lumen/white space 

Training  10 
Testing  6 

1.25x sub-dataset Total 58 Region classification into 4 categories: tumour, 
stroma, normal epidermis, lumen/white space Training  21 

Testing  37 
Entire dataset Total 

 
98 Study of the tumour-stroma interface. To accelerate 

the analysis, 50 tiles (2000x2000 pixels) containing 
tumours were randomly sampled from every whole-
slide image (WSI) 

 

Table 2.6 Summary of the data used to train and test the different parts of the SuperCRF 
system, as well as to study the cancer-immune-stroma interface. 

 

2.4.2.2 Single-Cell Classification Using a Spatially Constrained Convolutional Neural 
Network 
 

A Spatially Constrained Convolutional Neural Network (SC-CNN) (143) was used 

for single cell classification (Figure 2.9E). SC-CNN uses spatial regression in 

order to predict the probability of a pixel being the centre of the nucleus. The 

nucleus is classified by a neighbouring ensemble predictor (NEP) in conjunction 

with a standard softmax CNN. The network’s layers were randomly initialised as 

we have found that to perform better than transfer learning from real-world 

datasets in our experiments with pathological samples. 

 

2.4.2.3 Superpixel-Based Tumour Region Classification 
 

The machine learning superpixel-based framework implemented in chapter 

section 2.3 was applied to classify tumour tissue regions in low resolution (5x and 

1.25x) images. With our pathologist’s input (Dr. Ioannis Roxanis) the optimal 
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superpixel size was set using U = 1250 in equation 2.5 for both 5x and 1.25x 

images.   

 

Region annotations were also provided by our senior pathologist. Overall, for the 

1.25x training sub-dataset, I identified 15,477 superpixels belonging in tumour 

areas, 6,989 in stroma areas, 141 in epidermis and 691 in lumen/white space, 

while for the 5x training sub-dataset I identified 1,193 superpixels belonging in 

tumour areas, 1,324 in stroma areas, 360 in epidermis, 506 in lymphocyte 

clusters and 830 in lumen/white space based on location of their isocentre within 

the annotated regions. 

 

For the 5x sub-dataset, superpixels were classified into five categories: tumour 

area, stroma, normal epidermis, lymphocytes cluster, and lumen/white space. 

The penalty in the cost function was increased for the epidermis and lumen/white 

space classes by a factor of 10 when training the SVM, to account for class 

imbalance. For the 1.25x sub-dataset superpixels classification consisted of four 

categories: tumour area, stroma, normal epidermis, and lumen/white space. A 

subset of 5,000 cancer and stroma superpixels was randomly selected and the 

penalty in the cost function was increased for the epidermis and lumen/white 

space classes by a factor of 10, again to account for class imbalance (Figure 

2.9D). 

 

2.4.2.4 SuperCRF 
 

Single-cell based classification approaches often assign a class label based on 

the morphology of individual cells, regardless of their neighbouring cells. 

However, these spatial relationships provide important information that is used 

by pathologists. Conditional random fields (CRF) are undirected graphical models 

that represent efficient ways to model dependences, by factorizing the probability 

density into a specific set of conditional dependence (163). Therefore, the tumour 

microenvironment can be modelled by a CRF by introducing nodes for cells and 

superpixels, as well as edges whenever there is a spatial relationship between 

nodes. 

 



 88 

Lymphocytes were excluded from the CRF assumption that neighbouring cells 

have a higher probability to share the same class labels, since they infiltrate, in 

an inconsistent manner ranging from sparse to highly dense, in tumour as well 

as stromal tissue. Therefore, lymphocytes kept their label as assigned by the SC-

CNN. 

 

Let n be the total number of cells (besides lymphocytes) in the image and c< ∈
{15$2F%9, "%3"/$, /D0E/$F01}, 0 = 1,2,… , 3 the input labels of the cells as 

assigned by the SC-CNN. Let s<, be the corresponding superpixel for a cell c< with 

s< ∈ {15$2F%9, "%3"/$, /D0E/$F01, Tℎ05/	1D%"/}	for 1.25x superpixels and  s< ∈
{15$2F%9, "%3"/$, /D0E/$F01, 9&FDℎ2"&5/, Tℎ05/1D%"/} for 5x superpixels. U ∈
{V, W} comprises the nodes of the CRF. The CRF assigns output labels y< ∈
{15$2F%9, "%3"/$, /D0E/$F01, 9&FDℎ2"&5/, Tℎ05/	1D%"/} based on the input data. 

The joint probability distribution over input data and output labels, 

D(&Y, &Z,… , &[	⌊]Y, ]Z,… , ][) can be modelled by factorizing the probability density 

into a specific set of conditional dependence relationships (Figure 2.9C). 

 

D(&|	]) = ∏ D(y<	|x<	) =	
<aY
[ 	

Y

b
exp(∑f(]<	, &<, ];<, &;<))   (2. 6) 

  

where Z is a normalizing constant, w is a weight vector and 

 

E(x<	, y<, ];<, &;<, ) = 	∑Φ(x<	, y<) + ∑ψk(];<, &;<) (2. 7) 
  

defines the energy function of the CRF. 

 

The node potentials Φ(x<	, y<) represent the evidence that a cell i, with the input 

label x< takes the class label y<. The node potential can be defined as Φ(x<, y<) =

G(x<	, y<)+b, with	G(x<	, y<) = l1
0
						0G	&< = ]<

/91/
 and b representing the bias.  

 

The edge potentials ψk(];0, &;0) model the probability that neighbouring cells 

take a similar cell label. ;< is the neighbourhood of cell i, defined as all the cells 

that can be found in a defined distance. The edge potentials are defined as: 

ψk(x<	, y<, ];<, &;<) = 	G(x<	, y<) ∗ f(];<, &;<) + p. 
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The CRF was trained with stochastic gradient descent and the decoding was 

applied using loopy belief propagation. The toolbox of M. Schmidt was used to 

train and decode the CRF (164). 
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Figure 2.9 Overview of the SuperCRF framework for analysing H&E-stained pathological 
images of melanoma. A. Major histological features of melanoma architecture. B. 
Projection of regional classification results using superpixels from various scales to the 
20x magnification for the improvement of single-cell classification. C. Graphical 
representation of node dependencies (cells and superpixels) across different scales. D. 
Region classification scheme using a superpixel based machine-learning method in 
whole-slide images (5x and 1.25x magnification). E. Single-cell classification using a 
state-of-the-art spatially constrained-convolution neural network (SC-CNN) classifier F. 
representative results of the SC-CNN cell classifier alone and combined with our 
SuperCRF system. Note the misclassification of various stromal cells by the SC-CNN, 
which are corrected by our model. 
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2.4.2.5 Survival analysis 
 

The prognosis value of the abundance of stromal cells and location of 

lymphocytes was evaluated in the discovery sub-dataset. The ratio of stromal 

cells to all cells, the ratio of lymphocytes in cancer areas to all lymphocytes, and 

the ratio of lymphocytes in stroma areas to all lymphocytes were calculated for 

each patient. Patients were divided into high and low ratio groups, by split at the 

median value of all scores to ensure that the groups were of similar sizes. 

Patients with a ratio of lymphocytes being high inside the tumour area and low in 

the stroma were categorized as the “immune infiltration” group whereas patients 

with a ratio of lymphocytes being low in the tumour area and high in the stroma 

were categorized as “immune excluded,” based on the recent classification of the 

main immune phenotypes of anticancer immunity that predict response to 

immunotherapy (165). The number of patients belonging to neither of these two 

groups (high/high n = 6 and low/low n = 5) was too small to perform the survival 

analysis. Non-parametric Kaplan-Meier estimation was used to analyse overall 

survival in 94 patients. Differences between survival estimates were assessed 

with the log-rank test. Finally, Cox regression models were adjusted, testing for 

the independent prognostic relevance of our risk scores. To test if Breslow-

thickness (the distance between the upper layer of the epidermis and the deepest 

point of tumour penetration) was contributing to a high ratio of stromal cells, a 

multivariate model was created containing both stromal cells ratio and Breslow-

thickness, as well as two univariate models containing the covariates separately. 

Pearson’s correlation was used to test for linear relation between the two 

variables. 

 

2.4.3 Results 
 
2.4.3.1 SuperCRF improves accuracy of cell classification 
 

First, the state-of-the-art deep learning method, spatially-constrained CNN (SC-

CNN) algorithm was trained to detect and classify cells in high resolution (20x) 

WSI into four categories: cancer cells, stroma cells, lymphocytes, and epidermis 

cells. The SC-CNN network yielded an accuracy of 84.63% over 4,059 cells in 

the independent test set (Table 2.7, Table 2.8). Visual inspection revealed that 
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the majority of false positives were misclassification of stromal and cancer cells 

as epidermis, which confirmed the initial motive for the incorporation of regional 

and spatial information to improve classification. 

 

Subsequently, a conditional random field (CRF) was trained by combining the 

cellular neighbourhood with tumour region classification (cancer area, stroma, 

normal epidermis, lymphocyte cluster, and lumen/white space) from low 

resolution images (5x and 1.25x, Figure 2.9B), given by the superpixel-based 

machine-learning framework. The superpixel-based region classification It was 

applied on the two datasets of 1.25x and 5x magnification (Figure 2.10A) and 

achieved high accuracy in regional classification (1.25x sub- dataset: Overall 

accuracy 97.7% in the training set using 10-fold cross validation and 95.7% in 

2997 superpixels annotated in the 37 images of the independent test set; 5x sub-

dataset: Overall accuracy 97.1% in the training set using 10-fold cross validation 

and 95.2% in 1798 superpixels annotated in the six images of the independent 

test set). 

 

To train SuperCRF, firstly dependencies of single-cells on their cell 

neighbourhood were introduced. Cells were considered neighbours in the CRF, 

if they were located in a spatial proximity of 15μm (or 30 pixels), which resulted 

in an average of 1.3 neighbours per cell. Subsequently, this local neighbourhood 

was integrated with global context by connecting the CRF single-cell nodes to the 

regional classification results from superpixels. To determine the best 

configuration, four different CRFs were trained and their performance was 

compared in terms of single-cell classification on a test set, including three 

samples, 290 tiles and 4059 single-cell annotations (1527 cancer cells, 676 

lymphocytes, 837 normal epidermis cells, 1019 stromal cells). 

 

In detail, for the first CRF no global context was used, just cell neighbourhood 

dependencies, i.e., the only edges of the CRF were between neighbouring cells 

(singleCellCRF). For the second and third CRF superpixel nodes were 

introduced. Now, single-cell nodes are not only connected to neighbouring cells 

but every single-cell node is also connected to a superpixel node. A CRF was 

trained for 5x superpixel classification (CRF5x) and 1.25x superpixel 
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classification (CRF1.25x). Furthermore, a CRF which included all above 

dependencies was trained with every single-cell node connected to two 

superpixel nodes in 5 and 1.25x resolution (SuperCRF). Already the 

singleCellCRF (Accuracy: 87.6%, Precision: 89.7%, Recall: 89.5%, Table 2.7, 

Table 2.9) improves the classification accuracy compared to the SC-CNN 

(84.6%, Precision: 87.6%, Recall: 88.1%, Table 2.7, Table 2.8). However, the use 

of contextual information by the introduction of superpixel nodes, markedly 

improves the classification metrics (Accuracy 90.8%, Precision: 92.5%, Recall: 

91.1%, Table 2.7, Table 2.10) for CRF1.25x and (Accuracy 91.7%, Precision: 

93%, Recall: 91.3%, Table 2.7, Table 2.11) for the CRF5x. The SuperCRF, using 

nodes from superpixels in both 5 and 1.25x resolution images, as well as the 

neighbouring cells, resulted in the highest classification outcome (Accuracy 

96.5%, Precision: 96.4%, Recall: 96.3%, Table 2.7, Table 2.12, Figure 2.9F, 

Figure 2.10B). 
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Method Accuracy (%) Precision Recall 

SC-CNN 84.63 0.8756 0.8808 
singleCellCRF 87.61 0.8973 0.8946 
CRF1.25x 90.79 0.9248 0.9110 
CRF5x 91.70 0.9298 0.9126 
SuperCRF 96.48 0.9644 0.9629 

 

Table 2.7 Evaluation of different conditional random fields (CRF) versions and a state-
of-the-art spatially constrained-convolution neural network (SC-CNN) deep learning cell-
classifier. 

 
 

 
 

SC-CNN 
C E L S 

C
la

s
s
e
s
 

(C
e
ll
s
) Cancer 1149 2 0 11 

Epidermis 348 834 16 204 
Lymphocytes 24 1 660 12 

Stromal 6 0 0 792 
 

Table 2.8 Confusion matrix of the classified cells from the spatially constrained-
convolution neural network (SC-CNN) deep learning cell-classifier. C: cancer cells, E: 
epidermis cells, L: lymphocytes, S: Stromal cells. 

 
 

 singleCellCRF  
C E L S 

C
la

s
s
e
s
 

(C
e
ll
s
) Cancer 1263 0 1 17 

Epidermis 236 836 12 197 
Lymphocytes 24 1 660 12 

Stromal 4 0 3 793 
 

Table 2.9 Confusion matrix of the classified cells from singleCellCRF architecture, where 
the trained conditional random field (CRF) combines the classified cells from the spatially 
constrained-convolution neural network (SC-CNN), with local context information 
(neighbouring classified cells). C: cancer cells, E: epidermis cells, L: lymphocytes, S: 
Stromal cells. 

 
 

 CRF1.25x  
C E L S 

C
la

s
s
e
s
 

(C
e
ll
s
)  Cancer 1295 1 2 28 
Epidermis 203 829 2 78 

Lymphocytes 24 1 660 12 
Stromal 5 6 12 901 

 

Table 2.10 Confusion matrix of the classified cells from CRF1.25x architecture, where 
the trained conditional random field (CRF) combines the classified cells from the spatially 
constrained-convolution neural network (SC-CNN), with the region classification 
information from the 1.25x magnification whole-slide images. C: cancer cells, E: 
epidermis cells, L: lymphocytes, S: Stromal cells.  
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 CRF5x  

C E L S 

C
la

s
s
e
s
 

(C
e
ll
s
) Cancer 1311 2 2 6 

Epidermis 177 778 1 28 
Lymphocytes 24 1 660 12 

Stromal 15 56 13 973 
 

Table 2.11 Confusion matrix of the classified cells from CRF5x architecture, where the 
trained conditional random field (CRF) combines the classified cells from the spatially 
constrained-convolution neural network (SC-CNN), with the region classification 
information from the 5x magnification whole-slide images. C: cancer cells, E: epidermis 
cells, L: lymphocytes, S: Stromal cells. 

 
 

 SuperCRF 
C E L S 

C
la

s
s
e
s
 

(C
e
ll
s
) Cancer 1482 24 2 20 

Epidermis 17 795 1 8 
Lymphocytes 24 1 660 12 

Stromal 4 17 13 979 
 

Table 2.12 Confusion matrix of the classified cells from SuperCRF architecture, where 
the trained conditional random field (CRF) combines the classified cells from the spatially 
constrained-convolution neural network (SC-CNN), with the region classification 
information from the 1.25x and 5x magnification whole-slide images and local context 
information (neighbouring classified cells). C: cancer cells, E: epidermis cells, L: 
lymphocytes, S: Stromal cells. 
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Figure 2.10 Representative examples of both superpixel and single-cell classification 
with or without SuperCRF. A. Superpixels-based regional classification on 
representative whole slide images (5x magnification) of melanoma. Green: tumour area, 
Red: stroma area, Blue: normal epidermis, Yellow: lymphocyte cluster. B. 
Representative images showing cell classification using a state-of-the-art spatially 
constrained-convolution neural network (SC-CNN) and four conditional random fields 
(CRF) models. Note the mislabelling of many cancer and stromal cells as epidermis cells 
when using the SC-CNN and the gradual increase in classification accuracy with the best 
accuracy achieved with the SuperCRF. Green, cancer cells; Red, stromal cells; Blue, 
lymphocytes; Yellow, epidermis cells. 
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2.4.3.2 SuperCRF’s increased accuracy of cell classification improves confidence in 
stromal cell ratio as a predictive feature of survival in melanoma 
 

The crosstalk between cancer cells and stromal cells play an active role in tumour 

invasion and metastasis, and controlling immune infiltration and is increasingly 

recognized as a hallmark of cancer (166). Tumour-stromal cell ratio has been 

shown to hold prognostic and predictive information in patient with solid tumours 

(165, 167, 168). Here, a high stromal cell ratio is also a predictor of poor 

prognosis in melanoma using both values derived from the multivariate models 

of SC-CNN and SuperCRF in the discovery sub-dataset. Yet SuperCRF yields a 

significantly higher confidence in the predictive value of the stromal cell ratio 

(SuperCRF: P < 0.0001, Coxph-Regression (discretized by median): HR = 4.1, P 

= 0.006; SC-CNN: P = 0.039, Coxph-Regression (discretized by median): HR = 

2.4, P = 0.05, Figure 2.11A). 

 

Similar regression coefficients for both stromal cells ratio and Breslow-thickness 

covariates were observed between the multivariate and the two univariate 

survival models (1.404 and 0.171, respectively, for the multivariate model and 

1.633 and 0.179 for the univariate models) of the SuperCRF. Pearson’s 

correlation showed no correlation between stromal cells ratio and Breslow-

thickness (r = −0.05), overall indicating that stromal cells ratio is independent to 

Breslow-thickness. 

 

2.4.3.3 Combining cell and region classification: Location of the immune infiltrate is 
predictive of survival in melanoma 
 

There is increasing evidence of the value of immune infiltration to provide 

prognostic information and predictors of response in patient with melanoma 

[recently reviewed in (169)]. The spatial compartmentalization of immune cells 

afforded by our SuperCRF (by the cell and region classification results) was used 

to define the recently-described main immune phenotypes of anticancer immunity 

that predict response to immunotherapy (165). Patients with a classified “immune 

excluded” phenotype, defined by a low lymphocyte ratio inside the tumour area 

and high inside the stroma area, was associated with a significantly worse 

prognosis compared to “inflamed” tumours characterized by a high ratio of 
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lymphocytes inside the tumour and a low ratio inside the stroma (P = 0.026, Cox 

PH –regression: HR = 2.57, P = 0.032, Figure 2.11B). Taken together, the data 

is consistent with the model of a stroma-mediated immune suppressive 

microenvironment that exclude T cells from the vicinity of cancer cells. 

 

 

 
 

Figure 2.11 Associations between survival outcomes and SuperCRF-define risk groups 
in the Cancer Genome Atlas (TCGA) cohorts of patients with melanoma. A. Kaplan-
Meier Survival curves for patients in the high-risk group (blue) and low risk group 
classified by stromal cells ratio derived from SuperCRF (left) and using only the SC-CNN 
classifier. Note the difference in the p-value using the two methods. B. Kaplan-Meier 
Survival curves for patients in the high-risk group (blue) and low risk group classified by 
immune phenotype based on spatial distribution of lymphocytes in different tumour 
compartments derived from SuperCRF. 
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2.4.4 Discussion  
 

In this section of Chapter 2, a framework which fuses traditional machine learning 

with deep learning to model the way pathologists incorporate large-scale tissue 

architecture and context across spatial scales was implemented, to improve 

single-cell classification in large whole-section slide images. Using this approach, 

a marked 11.85% overall improvement in the accuracy of the state-of-the-art 

deep learning SC-CNN cell classifier was demonstrated. Also, the similar values 

of both precision and recall and their simultaneous increase in every step show 

the unbiased nature of the approach. 

 

Computational pathology algorithms, typically exploit the inter-cell phenotypic 

differences for cell classification, yet even state-of-the-art deep learning 

algorithms tend to underperform in this task, mainly due to the disproportional 

numbers of cells sharing similar nuclear morphological features, or due to intra-

class diversity, seen for example in tumour stroma (fatty tissue, necrosis, vessels, 

muscle, fibroblasts, and associated collagen). Whilst computers can quantify 

morphological differences in a considerably more complex way, pathologists still 

generally outperform computers in cell classification. An essential reason is that 

pathologists incorporate key contextual information such as heterogeneous 

tissue architecture, together with cell morphological features. 

 

The idea that a cancer cell is dependent on its neighbouring cells and global 

context is comparable to the fundamental concept in landscape ecology that a 

living population depends on the existing habitats and is not equally spread on 

the terrain. A particular habitat could favour the development of specific 

organisms. In practice, landscape ecologists denote the habitats from satellite 

images and then “ground-truth” them by the detailed small-scale sampling of the 

habitats of interest (3). This inspired the design of the framework by introducing 

CRF dependencies between i) the cells and their neighbours and ii) the cells and 

to the global context (i.e., habitats from low resolution captured by the classified 

superpixels). 
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The proposed framework connects deep learning and classical image processing 

using probabilistic graphical models. All the information was combined using a 

CRF graphical model, which have been widely applied in image analysis for 

pathological images, yet mainly for semantic segmentation (156, 157, 170). Here, 

we i) introduce a new way to capture high-level spatial context using superpixels, 

ii) propose a new CRF model that introduces dependences over space and 

across different spatial scales, thereby modelling multiple cells and their 

associated superpixels simultaneously for more accurate classification, iii) 

introduce the concept of context-specific CRF modelling, given that the strength 

of dependence can be variable according to tumour compartments. There is an 

increasing interest in combining deep learning with different strategies, or 

“umbrella approaches,” such as the use of traditional machine learning to 

spatially explicit context used in this study, with the aim to, not only refine and 

improve the overall existing deep learning network (157, 171-173), but also 

facilitate biological interpretation compared to the “black-box”-like approach of 

deep-learning-only methods. However, optimizing and inventing new and refined 

deep learning networks is of equal importance, as during experimentation we 

observed that the better we made our single-cell classifier baseline, the more 

effective our SuperCRF approach became. 

 

It is also shown that combining cell classification with the global context given by 

the region classification (both inherent parts of the SuperCRF architecture) can 

open new avenues to study the cancer microenvironment from histopathological 

slides. For example, the spectacular response observed in clinical trials of 

immunotherapy in patients with incurable melanoma calls for a better 

understanding of the tumour microenvironment and in particular the cancer-

immune-stroma interface. Here, the ability of this approach to look at lymphocytes 

within their cellular and global context can predict melanoma patient survival and 

potentially provide biomarker stratification for immunotherapeutic approaches, by 

identifying the three main types of tumour immune-phenotypes including i) 

inflamed tumours which are characterized by infiltrated T Cells within the tumour, 

and associated with a generally good prognosis ii) immune-excluded tumours, in 

which T cells are present but prevented to infiltrate the tumour due to stromal 

interaction, and associated with worse prognosis (and obviously iii) immune 
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desert tumours). This could also potentially be extended to provide quantitative 

biomarkers to characterize the immune infiltrating response to immunotherapy. 

In accordance with the immune-excluded phenotype it is also demonstrated that, 

tumours rich in stromal cells had a marked poorer prognosis in patients with 

melanoma. With p-value lower by two orders of magnitude, this method provides 

stronger predictive power than by using deep-learning only method for cell 

classification. 

 

In the future, the framework will be expanded to include an upward optimization 

step for the superpixels which may include additional classes for cells, regions 

and structures in order to provide a complete characterization of the tumour 

microenvironment. This may include deriving further classes from higher 

resolution images such as the lymphocyte clusters in this study, which were 

difficult to visualize in 1.25x resolution images. Additional deep learning methods 

will be explored to perfect the classification of superpixels. 

 

The primary aim of this study was to demonstrate proof-of-principle that the 

introduction of global and local context as cell dependencies using a probabilistic 

graphical model as a post-processing step, like an “umbrella,” can significantly 

improve the performance of deep learning or classical machine learning cell 

classifiers based only on cell-morphology and abstract local context information. 

The SC-CNN architecture was chosen as the primary cell classification step due 

to its state-of-the-art performance in cell detection and classification compared to 

other well-established deep learning and classical machine learning approaches 

(143). Alternatively, other promising deep learning networks could potentially be 

used including InceptionV3 (174), InceptionV4 (175), or a VGG architecture 

(176). 

  



 102 

 

2.4.5 Conclusion 
 

The novel general framework SuperCRF improves cell classification by 

introducing global and local context-based information much like pathologists do. 

SuperCRF can be implemented in combination with any single-cell classifier and 

represent valuable tools to study the cancer-stroma-immune interface, which we 

used to identify predictors of survival in melanoma patients from conventional 

H&E stained histopathology. 
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2.5 SuperHistopath: A Deep Learning Pipeline for Mapping Tumour 
Heterogeneity on Low-Resolution Whole-Slide Digital Histopathology 
Images 
 

2.5.1 Introduction 
 

The relatively new ability to map the spatial context of each single cell has opened 

new avenues for the study of the tumour micro-environment, which is key to guide 

the delivery of precision medicine including immunotherapy. However, 

computational pathology is still not widely adopted in the oncology clinic. One of 

the challenges lies in the gigabyte sizes of high-resolution WSIs, which result in 

computationally expensive approaches. WSIs need to be divided into images 

patches (typical size: 256x256) before being processed by deep networks such 

as convolutional neural networks (CNNs) (177). Secondly, single-cell approaches 

provide markers that are often hard-to-be-evaluated or even interpreted by the 

pathologists and can be prone to the generalization errors when applied in new 

unseen dataset. As a result, many promising markers eventually fail to reach the 

clinic due to a lack of cross-validation in new independent datasets. On the other 

hand, tissue classification approaches, which target multicellular assemblies and 

paucicellular areas where individual cells are incorporated into the region 

segmentation, would be accessible for visual validation by pathologists. Such 

algorithms would enable the characterization of the distribution and 

interrelationship of global features that are currently detectable by human 

perception but not quantifiable without artificial intelligence- (AI-)assisted 

numerical expression. 

 

Current computed pathology tools primarily focus on individual cell analysis at 

high-resolution (40x/20x magnification) with limited local context features, 

whereas pathologists frequently employ collateral information, taking into account 

the overall tissue micro-architecture. Many established clinical markers are 

actually identified at low or intermediate magnifications, including tumour 

architecture-based grading systems (178, 179), stroma-tumour ratio (180, 181), 

infiltrating lymphocytes (TILs) (169, 182) and necrosis (183-185). This has not 

been yet fully emulated by computational pathology methodologies. However, 

some methods for the classification of tissue components have been suggested 



 104 

either using image patch classification typically with a CNN or pixel-level 

classification/segmentation typically with a U-Net-like architecture (131), mainly 

for tasks such as the dichotomized classification of tissue (e.g. cancerous vs non-

cancerous) (186, 187), the segmentation of a feature of interest (e.g. glands) 

(188, 189) or multi-type tissue classification (117, 190-194). For segmentation 

purposes, U-Net-like architectures are usually preferred over CNNs, which have 

established limitations in conforming to object contours. Yet, CNNs have also 

resulted in promising segmentation approaches (157, 195, 196) with the 

enhanced capability of classifying a large number of categories (126). Multi-scale 

approaches incorporating information from various image resolutions have also 

been proposed (197-200). Different approaches have been explored for the 

classification of epithelium or stroma using superpixels-based segmentation of 

image patches with either hand-crafted or deep learning features (201, 202). 

Bejnordi and colleagues used a similar method for their multi-scale approach for 

the classification of tissue or non-tissue components on low resolution images 

and stroma and background regions from intermediate and high resolution 

images (203). However, these methods are typically performed on high-

magnifications image patches (20-40x and more rarely 10x) and are associated 

with a high computational cost. 

 

2.5.1.1 Aim of this section  
 

In this section of Chapter 2, I propose a framework (SuperHistopath), which can 

map most of the global context features that contribute to the rich tumour 

morphological heterogeneity visible to pathologists at low resolution and used for 

clinical decision making in a computationally efficient manner. First the SLIC 

superpixels algorithm (147) is applied directly on the WSI at low resolution (5x 

magnification) and subsequently the superpixels are classified into different 

tumour region categories based on pathologists’ annotations. SuperHistopath 

particularly capitalises on: 

 

i. the use of superpixels which provide visually homogeneous areas of 

similar size respecting the region boundaries and avoid the potential 
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degradation of classification performance associated with image patches, 

(no matter how small) spanning over multiple tissue categories. 

ii. the use of CNN necessary to accurately classify and map the multiple 

tissue categories that constitute the rich and complex histological intra-

tumoural heterogeneity.   

iii. the computational efficiency, faster processing speed and lower memory 

requirements associated with processing the WSI at low resolution without 

breaking them down to image patches. 

 

SuperHistopath is applied to H&E-stained images from three different cancer 

types: clinical cutaneous melanoma, triple-negative breast cancer and tumours 

arising in genetically-engineered mouse models of high-risk childhood 

neuroblastoma.   

 

2.5.2 Materials and Methods 
 

2.5.2.1 Ethical statement 
 

Clinical datasets generated from diagnostic H&E images were provided 

anonymised to the researchers. The neuroblastoma preclinical dataset was built 

from H&E images collected during previous in vivo studies approved by The 

Institute of Cancer Research Animal Welfare and Ethical Review Body and 

performed in accordance with the UK Home Office Animals (Scientific 

Procedures) Act 1986. 

 

2.5.2.2 Datasets 
 

All digitized whole-slide images (WSI) used in this study were H&E-stained, FFPE 

sections, and scaled to 5x magnification as presented in Table 2.13. The 

framework is applied to clinical patient samples of cutaneous melanoma and 

triple-negative breast cancer, in addition to tumour samples from transgenic 

mouse models of childhood neuroblastoma. Both the Th-MYCN and Th-

ALKF1174L/MYCN mouse models have been shown to spontaneously develop 
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abdominal tumours, which mirror the major histopathological characteristics of 

childhood high-risk disease (43, 204). 

 

Cancer type 
Number  
of WSIs 

Digital scanner 
Pixel resolution 

(5x 
magnification) 

Dataset 

Cutaneous 
melanoma 

127 Aperio ImageScope 2.016 μm 
The Cancer Genome Atlas 

(TCGA) 

Triple-negative breast 
cancer 

23 NanoZoomer XR 2.3 μm 

Internal dataset,  

Collaboration with The 
Serbian Institute of 

Oncology 

High-risk 

neuroblastoma 
(mouse models) 

73 NanoZoomer XR 2.3 μm 

Internal dataset 

Tumours samples coming 
from established Th-MYCN 

and Th-ALKF1174L/MYCN 

transgenic mouse colonies 
(205, 206) and processed 

by a clinical 

histopathological core 
facility 

 

Table 2.13 Summary of the datasets used 

 

2.5.2.3 Region classification 
 

First, each dataset was pre-processed using the Reinhard stain normalization 

(146) to account for stain variabilities that could affect classification. Then, all 

images were segmented using the SLIC superpixels algorithm as described in 

Section 2.3.2.2. Setting U = 1500 on Equation 2.5 to ensure superpixels capture 

only homogeneous areas (Figure 2.12A), gave a mean superpixels size of 51x51 

pixels, equivalent to an area of approximately 117x117 μm2. Bilinear interpolation 

was subsequently use to resize each superpixel to a fixed size of 56x56 or 75x75 

pixels (the minimum input size for inception-like network architectures). 

 

Region annotations were provided by a senior pathologist with over 20 years of 

experience for the melanoma and breast cancer clinical datasets (Dr. Ioannis 

Roxanis), and a senior paediatric neuropathologist with over 20 years of 
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experience (Prof. Rosa Noguera, University of Valencia) for the neuroblastoma 

mouse datasets. For training and testing, superpixels were assigned to each 

category based on their isocentre location within the annotated regions. Note that 

region annotations for our algorithm do not need to delineate boundaries as 

illustrated in Figure 2.12B.  

 

The numbers of clinically relevant tissue categories, number of WSIs and 

superpixels used for training and testing are summarized for each tumour types 

in Table 2.14. Standard image augmentations, such as rotations (90°, -90°, 180°), 

flips (horizontal and vertical), and contrast (histogram equalization) were 

performed in each case to capture more variation and even out the training 

dataset imbalances. 
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Cancer type 
Number of WSIs used 

for network training 
Regional classification 

Cutaneous 

melanoma 
Total 

27 6 categories Superpixels 

for training 

Training 22 Tumour tissue 21940 

Testing 5 Stroma 12419 

 

Normal epidermis 1646 

Lymphocytes cluster 2367 

Fat 15484 

Empty/white space 3412 

Triple-negative 

breast cancer 
Total 

23 6 categories Superpixels 

for training 

Training 18 Tumour tissue 18873 

Testing 5 Stroma 24220 

 

Necrosis 15102 

Lymphocytes cluster 3472 

Fat 10044 

Empty/white space 16473 

High-risk 

neuroblastoma 

(mouse model) 

Total 
60 8 categories Superpixels 

for training 

Training 

44 Region of 

undifferentiated 

neuroblasts 

20512 

Testing 
16 Tissue damage 

(necrosis/apoptosis) 
17645 

 
Differentiation region 5740 

Lymphocytes cluster 4009 

Haemorrhage 

(blood) 
6124 

Muscle 6415 

Kidney 14976 

Empty/white space 21470 

 

Table 2.14 Summary of the datasets used for training and testing the convolutional 
neural network. Note that the testing datasets consisted of whole-slide images from 
different patients from the training dataset. 
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2.5.2.4 Training of the convolutional neural networks 
 

Our custom-designed CNN (Figure 2.13) for superpixel classification consists of 

6 convolutional layers (32, 32, 64, 64, 128, 128 neurons respectively) of 3x3 filter 

size and 3 max-pooling layers, followed by a “flatten” layer and a dense layer of 

256 neurons (Table 2.12). A superpixel RGB image (post-interpolation) was used 

as input into the network and normalised from range 0-255 to range 0-1 using the 

maximum value. The output of the network was a label assigned to each 

superpixel based on which region category it belonged to. After empirical 

experimentation, a ReLU activation function was used in all layers except for the 

last layer where standard softmax was used for classification. The weights 

incident to each hidden unit were constrained to have a norm value less than or 

equal to 3 and a dropout unit of 0.2 was used before every max-pooling operation 

to avoid overfitting (132). The weights of the layers were randomly initialized 

using “Glorot uniform” initialization (207), and the network was optimized using 

the Adam method (208)  with a learning rate of 10-3 and a categorical cross-

entropy cost function. The number of trainable parameters for our custom-made 

network is ~1.9M. The network was implemented in python (v. 3.6.5) using the 

Keras/Tensorflow libraries (v. 2.2.4/1.12.0 respectively). 

 

To choose the best network for our framework, we tested other known neural 

network architectures as implemented in the Keras framework, including 

InceptionV3 (174), Xception (209), InceptionResNetV2 (175), and ResNet (210). 

We initialised the weights using the pre-trained ImageNet weights. To optimize 

each network, we excluded the final classification layer, and added three 

additional layers, i) a global average pooling layer, ii) a dense layer of 256 
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neurons with ReLu activation, constrained to have a norm value less than or 

equal to 3, and iii) a dense layer tailored to the number of classes of each cancer 

type using the softmax function for classification.  

 

For inception-like architectures (Inception v3, InceptionResNetV2, Xception) only 

superpixels of size 75x75 were used. We trained all the networks for 50 epochs 

using batch sizes of 150 and 256 for superpixels of sizes 75x75 and 56x56 

respectively, and kept the models with the highest validation accuracy.  

 

The Xception and custom-made networks were re-trained from the beginning for 

each cancer type, without applying any further changes. 

 

 
 

Figure 2.13 Architecture of our custom-designed convolutional neural network for the 
classification of superpixels into different tissue-level categories. 
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2.5.2.5  Application of SuperHistopath for the quantification of clinical features of interest 
 

2.5.2.5.1 Melanoma 
 
In the melanoma dataset, the number of pixels belonging to each classified 

category was calculated. For each patient, i) the ratio of pixels classified as 

stroma region to all pixels in tumour compartments, and ii) the ratio of pixels 

classified as clusters of lymphocytes to all pixels in tumour compartments were 

derived; the prognostic value of these quantitative indices was evaluated using 

survival analysis. Patients were divided into high- and low-risk groups based on 

split at the median value of all scores to ensure both groups were of similar size. 

Kaplan-Meier estimation was used to compare overall survival in the 127 

patients. Differences between survival estimates were assessed with the log-rank 

test and hazard ratios were calculated using Cox’s proportional-hazard 

regression.  

 

2.5.2.5.2 Neuroblastoma 
 

In the neuroblastoma dataset, the differences in phenotype between the Th-

ALKF1174L/MYCN (n=7) and Th-MYCN tumours (n=6) were evaluated by 

quantifying the proportion of pixels classified by the SuperHistopath as regions 

rich in undifferentiated neuroblasts, differentiating neuroblasts, tissue damage 

(necrosis/apoptosis) haemorrhage and clusters of lymphocytes. Note that i) 

stroma in these tumours was not quantified as they faithfully mirror the stroma-

poor phenotype which define high-risk disease ii) clusters of lymphocytes 

universally correspond to encapsulation of lymph node by the tumour, rather than 

tumour infiltrates, consistent with the “cold” immune phenotype of high-risk 

disease. The focus was on identifying any significant difference in the ratio of 

differentiation or the ratio of haemorrhagic regions to all tumour compartments 

between the two tumour types using the Mann-Whitney U test, with a 5% level of 

significance. 
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2.5.3 Results 
 

2.5.3.1 SuperHistopath can accurately map the complex histological heterogeneity of 
tumours 
 

2.5.3.1.1 Melanoma 
 

We first developed and evaluated our framework on the H&E-stained, FFPE 

sections of clinical specimen of cutaneous melanoma scaled to 5x magnification. 

Figure 2.12 shows the results of the segmentation using the simple linear iterative 

clustering (SLIC) superpixels algorithm, which groups together similar 

neighbouring pixels. 

 

The optimized Xception network achieved the highest score and classified the 

melanoma sample regions into 6 predefined tissue categories of interest: tumour 

tissue, stroma, cluster of lymphocytes, normal epidermis, fat, and empty/white 

space with an overall accuracy of 98.8%, an average precision of 96.9%, and an 

average recall of 98.5% over 14092 superpixels in a separate test set of 5 images 

(Table 2.15, Table 2.16). Our custom CNN also achieved comparable 

performance to the state-of-the-art networks with an overall accuracy of 96.7%, 

an average precision of 93.6%, and an average recall of 93.6% (Figure 2.13, 

Table 2.17). Figure 2.14 shows qualitative results of our approach’s regional 

classification in representative melanoma WSIs using the optimized Xception 

network. 
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Network Accuracy (%) Precision (%) Recall (%) Parameters  
(in millions) 

InceptionV3 97.5 94.2 96.7 ~22.4 
InceptionResNetV2 97.7 94.1 97.3 ~54.8 
ResNet50 93.8 92.2 88.9 ~24.2 
Xception 98.8 96.9 98.5 ~21.4 

Our custom-made 
CNN 

96.7 93.6 93.6 ~1.9 

 

Table 2.15 Evaluation metrics of the different neural network architectures in the TCGA 
melanoma test dataset. 

 
 Tumour Stroma Epidermis Lym Fat Empty space 

Tumour 5286 10 7 8 0 0 

Stroma 9 986 0 0 2 0 

Epidermis 22 0 545 0 1 0 

Lym 0 0 1 821 0 0 

Fat 0 9 0 0 5603 3 

Empty space 0 0 0 0 98 681 

 

Table 2.16 Confusion matrix of the classification of superpixels using the optimized 
Xception network in melanoma patients in 6 categories: tumour, stroma, normal 
epidermis, cluster of lymphocytes (Lym), fat and empty/white space (separate test set of 
5 whole-slide images). Overall accuracy = 98.8%, average precision = 96.9%, average 
recall = 98.5%. 
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 Tumour Stroma Epidermis Lym Fat Empty space 

Tumour 5223 24 27 36 1 0 

Stroma 24 937 33 2 1 0 

Epidermis 95 0 473 0 0 0 

Lym 8 0 1 812 0 0 

Fat 0 20 2 0 5481 112 

Empty space 0 1 0 0 83 695 

 

Table 2.17 Confusion matrix of the classification of superpixels using the custom-made 
CNN in melanoma patients in 6 categories: tumour, stroma, normal epidermis, cluster of 
lymphocytes (Lym), fat and empty/white space (independent test set of 5 whole-slide 
images). Overall accuracy = 96.7%, average precision = 93.6%, average recall = 93.6%. 
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Figure 2.14 A-F. Representative examples of the results obtained from the application 
of the SuperHistopath pipeline in whole-slide images of tumours (5x) of the Cancer 
Genome Atlas (TCGA) melanoma dataset (G. Magnified regions of interest). Note the 
important clinically-relevant phenotypes characterized by clusters of lymphocytes 
infiltrating the tumour in samples B and D or the majority of clusters of lymphocytes 
residing just outside the tumour area (left and central part) with only a few clusters 
infiltrating the tumour (right part) in sample C.  
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2.5.3.1.2 Breast cancer 
 
SuperHistopath classified sample regions into 6 predefined tissue categories of 

interest in triple-negative breast cancer, which is an aggressive disease that is 

negative for oestrogen receptors, progesterone receptors, and excess HER2 

protein: tumour, necrosis, stroma, cluster of lymphocytes, fat, and lumen/empty 

space with an overall accuracy of 93.1%, an average precision of 93.9%, and an 

average recall of 93.6% using Xception and 91.7%, 92.5%, 91.8% respectively 

using our custom-made CNN over 10349 superpixels in the independent test set 

of 5 images (Table 2.18, Table 2.19). Figure 2.15 shows qualitative results our 

approach’s regional classification in representative triple-negative breast cancer 

WSIs. 
 

 Tumour Necrosis Lym Stroma Fat Empty space 

Tumour 1830 13 15 42 0 0 

Necrosis 50 1446 2 320 0 0 

Lym 4 2 705 10 0 0 

Stroma 42 120 20 3836 0 1 

Fat 0 0 0 0 562 5 

Empty space 0 0 0 0 67 1257 

 

Table 2.18 Confusion matrix of the classification of superpixels using the optimized 
Xception network in triple-negative breast cancer patients in 6 categories: tumour, 
necrosis, cluster of lymphocytes (Lym), stroma, fat and lumen/empty space (separate 
test set of 5 whole-slide images). Overall accuracy = 93.1%, average precision = 93.9%, 
average recall = 93.6%. 

 
 Tumour Necrosis Lym Stroma Fat Empty space 

Tumour 1828 35 3 34 0 0 

Necrosis 89 1365 10 354 0 0 

Lym 5 0 701 15 0 0 

Stroma 60 92 23 3843 0 1 

Fat 0 2 4 18 538 5 

Empty space 0 1 0 6 71 1246 

 

Table 2.19 Confusion matrix of the classification of superpixels using the custom-made 
CNN in triple-negative breast cancer patients in 6 categories: tumour, necrosis, cluster 
of lymphocytes (Lym), stroma, fat and lumen/empty space (independent test set of 5 
whole-slide images). Overall accuracy = 92%, average precision = 92.7%, average recall 
= 92.2%. 
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Figure 2.15 A-F. Representative examples of the results obtained from the application 
of the SuperHistopath pipeline in whole-slide images of tumours (5x) of the triple-
negative breast cancer (G. Magnified region of interest). Note the important clinically-
relevant features, such as the amount of tumour necrosis inside tumours A and B, 
lymphocytes which, are infiltrating the tumour in large number in samples C and D, but 
are surrounding the stroma barrier without infiltrating the tumour in samples A, B, E, F. 
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2.5.3.1.3 Neuroblastoma  
 

SuperHistopath classified the tumour regions into 8 predefined tissue categories 

of interest: undifferentiated neuroblasts, tissue damage (necrosis/apoptosis), 

areas of differentiation, cluster of lymphocytes, haemorrhage, muscle, kidney, 

and empty/white space with an overall accuracy of 98.3%, an average precision 

of 98.5%, and an average recall of 98.4% using Xception and 96.8%, 97.1%, 

97.2% respectively using our custom-made CNN over 9868 superpixels in the 

independent test set of 16 images (Table 2.20, Table 2.21). Figure 2.16 shows 

qualitative results of our approach’s regional classification in representative WSIs 

of neuroblastoma arising in the Th-MYCN mouse model. 

 
 Undiffe- 

rentiated 

region 

Necrosis Lym Differenti- 

ation 

Blood Empty 

space 

Muscle Kidney 

Undiffe-

rentiated  

region 

1403 3 0 14 1 0 0 0 

Necrosis 13 1642 1 26 49 2 5 18 

Lym 6 5 1150 0 0 0 0 3 

Differenti-

ation 

0 0 0 1261 0 0 0 0 

Blood 1 7 0 0 1327 0 9 0 

Empty 

space 

0 2 0 0 0 560 3 2 

Muscle 0 2 0 0 1 0 1176 0 

Kidney 0 0 0 0 0 0 0 1176 

 

Table 2.20 Confusion matrix of the classification of superpixels using the optimized 
Xception network in the Th-MYCN and Th-ALKF1174L/MYCN mouse models in 8 
categories: region of undifferentiated neuroblasts, necrosis, cluster of lymphocytes 
(Lym), haemorrhage (blood), empty/white space, muscle tissue and kidney (separate 
test set of 16 whole-slide images). Overall accuracy = 98.3%, average precision = 98.5%, 
average recall = 98.4%. 
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 Undiffe- 

rentiated 

region 

Necrosis Lym Differenti- 

ation 

Blood Empty 

space 

Muscle Kidney 

Undiffe-

rentiated  

region 

1419 1 0 1 0 0 0 0 

Necrosis 33 1566 2 76 60 1 3 15 

Lym 46 4 1114 0 0 0 0 0 

Differenti-

ation 

18 0 0 1240 1 0 0 2 

Blood 0 5 0 7 1330 0 2 0 

Empty 

space 

0 4 0 0 0 545 15 3 

Muscle 0 0 0 9 1 0 1166 3 

Kidney 0 1 0 0 0 0 0 1175 

 

Table 2.21 Confusion matrix of the classification of superpixels using the custom-made 
CNN in the Th-MYCN and Th-ALKF1174L/MYCN mouse models in 8 categories: region of 
undifferentiated neuroblasts, necrosis, cluster of lymphocytes (Lym), haemorrhage 
(blood), empty/white space, muscle tissue and kidney (independent test set of 16 whole-
slide images). Overall accuracy = 96.8%, average precision = 97.2%, average recall = 
97.1%. 

  



 121 

 

 

 
 

Figure 2.16 Representative examples of the results obtained from the application of the 
SuperHistopath pipeline in whole-slide images of tumours (5x) arising in genetically-
engineered mouse models of high-risk neuroblastoma (B. Magnified region of interest). 
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2.5.3.2 SuperHistopath pipeline for the analysis of low-resolution WSI affords significant 
speed advantages 
 

The average time for the SLIC superpixels algorithm to segment a WSI in 5x 

magnification was < 2 min using a 3.5 GHz Intel core i7 processor. The average 

time for both the Xception and our custom-made CNN network to classify every 

superpixel in the images was 1-2min using the same processor. A quick 

convergence of the networks (around epoch 30) was observed in all cases, which 

needed ~3 hours for Xception and only ~30 mins for our custom-made CNN using 

a Tesla P100-PCIE-16GB GPU card, and therefore the latter was used for 

experimenting. 

 

2.5.3.3 SuperHistopath can provide robust quantification of clinically relevant features 
 

2.5.3.3.1 Stroma-to-tumour ratio and clusters of lymphocytes abundance as 
predictive markers of survival in melanoma.  

 
Firstly, SuperHistopath is used to quantify both the stroma-to-tumour ratio and 

the immune infiltrate, which have both shown to provide prognostic and predictive 

information in patient with solid tumours, including melanoma (169, 180, 181). 

The important role of immune hotspots has been established based on density 

analysis of single cell classification of lymphocytes in high-resolution images (22, 

23). Here, in the melanoma dataset of 127 WSIs i) a high stromal ratio as 

identified in low resolution WSIs is a predictor of poor prognosis (SuperHistopath: 

P = 0.028, Coxph-Regression [discretized by median]: HR = 2.1, P = 0.0315; 

Figure 2.17A) and ii) clusters of lymphocytes hold predictive information, with a 

high lymphocyte ratio being an indicator of favourable prognosis 

(SuperHistopath: P = 0.015, Coxph-Regression [discretized by median]: HR = 

0.4, P = 0.018; Figure 2.17B). Pearson’s correlation showed no significant 

correlation between stromal ratio and clusters of lymphocytes ratio (r = -0.13, P 

= 0.13), and between absolute sizes of stroma and clusters of lymphocytes (r = 

0.13, P = 0.11). Taken together, the data captured from low resolution (5x) WSIs, 

are consistent with those extracted from single-cell analysis in high-resolution 

WSIs in section 2.4.3 (211). 
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Figure 2.17 Associations between survival outcomes and SuperHistopath-defined risk 
groups in the Cancer Genome Atlas (TCGA) cohorts of patients with melanoma. A. 
Kaplan-Meier Survival curves for patients in the high-risk group (blue) and low risk group 
(red) classified by stromal cells ratio derived from SuperHistopath and B. Kaplan-Meier 
Survival curves for patients in the high-risk group (blue) and low risk group (red) 
classified by immune infiltrate based on lymphocytes cluster ratio derived from 
SuperHistopath. 

 
2.5.3.3.2 Necrosis quantification.  

 

SuperHistopath is used to quantify tumour necrosis in the breast cancer and 

childhood neuroblastoma preclinical datasets. Tumour necrosis, defined as 

confluent cell death or large area of tissue damage, holds predictive and 

prognostic information, both at diagnosis and after chemotherapy, in many solid 

tumours including breast cancer and childhood malignancies (183-185, 212, 

213). Whilst visible at 5x objective lens magnification, its quantification can often 

be a challenging task even for experienced pathologists. Here, SuperHistopath 

provides satisfactory quantification of necrosis in clinical breast cancer samples 

by distinguishing it from stroma with high specificity (91.2%) and satisfactory 

precision (79.5%), and in the high-risk neuroblastoma mouse models with both 

high precision and specificity (93.5% and 98.9% respectively).  

  



 124 

 

2.5.3.3.3 Quantification of neuroblastoma differentiation.  
 

SuperHistopath is used to quantify the phenotype of MYCN-driven transgenic 

mouse models of high-risk stroma-poor neuroblastoma. SuperHistopath can 

identify areas of differentiation, a critical feature for the stratification of children 

neuroblastoma, with both high precision and specificity (100% and 96.9% 

respectively). SuperHistopath also showed that expression of ALKF1174L mutation 

significantly shift the MYCN-driven phenotype from poorly-differentiated and 

haemorrhagic phenotype (Th-MYCN: 1.8 ± 1.3% differentiating area and  29.2 ± 

6.7% haemorrhage, Figure 2.18A) into a differentiating phenotype also 

characterised by the almost complete abrogation of the haemorrhagic phenotype 

(Th-ALKF1174L/MYCN: 20.3 ± 3.1% differentiating area and  0.2 ± 0.1% 

haemorrhage, P = 0.0003 and P = 0.0008 respectively, Figure 2.18B) as 

previously demonstrated (43, 214). 
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Figure 2.18 SuperHistopath-based quantification of tumour phenotype in genetically-
engineered mouse model of high-risk neuroblastoma. A. Representative 
SuperHistopath-segmented whole-slide images (5x) and pie chart showing the 
SuperHistopath quantified mean composition of the tumours arising in Th-MYCN (n=6) 
and Th-ALKF1174L/MYCN (n=7) mouse models of high-risk neuroblastoma. Note the 
marked difference of phenotype induced by the expression of the ALKF1174L mutation 
characterized by B. a significantly increased neuroblastoma differentiation neuroblasts 
and the total abrogation of the characteristic haemorrhagic phenotype of Th-MYCN 
tumours. 
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2.5.4 Discussion  
 
In this section of chapter 2, I implemented SuperHistopath: a digital pathology 

pipeline for the classification of tumour regions and the mapping of tumour 

heterogeneity from low-resolution H&E-stained WSIs, which was demonstrated 

to be highly accurate in three types of cancer. Combining the application of the 

SLIC superpixels algorithm directly on low magnification WSIs (5x) with a CNN 

architecture for the classification of superpixel contributes to SuperHistopath 

computational efficiency allowing for fast processing, whilst affording the 

quantification of robust and easily interpretable clinically-relevant markers.  

 

Applying this computational approach on low-resolution images leads to 

markedly increased processing speed, for both the classification of new samples 

and network training. Here, the (5x) magnification was chosen as a compromise 

between tumour structures visibility and computational cost. Specific metrics 

such as stroma-to-tumour ratio could potentially be derived from images at even 

lower magnifications (eg. 1.25x) as shown in chapter sections 2.3 and 2.4 (211). 

Digital histology images are conventionally processed at 40x (or 20x) 

magnification where cell morphology is most visible. At those resolutions, WSIs 

are large (representative size at 20x: 60000x60000 pixels), requiring of a lot of 

memory and images to be divided into patches (tiles) for processing. Under these 

conditions, the training of new networks for cell segmentation and classification 

typically requires days and the application to new WSI samples can take hours 

prior to code optimization. In contrast, the training our neural network until 

acceptable convergence needed ~30mins and application on new samples 

~5mins (for both superpixel segmentation and classification) in this study. High-

resolution images are essential when studying cell-to-cell interactions, however 

we show that the processing of low resolution images is appropriate for the 

extraction of specific global context features.  

 

Furthermore, SuperHistopath combines the main advantages of regional 

classification and segmentation approaches. On one hand, classification 

approaches applied on smaller patches resulting from splitting WSIs allow the 
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use of CNN for the robust classification of many categories necessary to capture 

intra-tumour heterogeneity (126), yet at the expense of higher risk of 

misclassification, especially close to regional boundaries where an image patch, 

regardless of its size, may contain multiple tumour components. Overlapping 

(sliding) window approaches can improve the issue, yet at an increased 

computational cost. On the other hand, segmentation approaches such as U-Net-

like architectures can resolve the regional boundaries issue but appear to work 

better for few classes, typically two. SuperHistopath efficiently combines the use 

of a segmentation approach using superpixels to adhere to region boundaries 

with CNN classification to cover the rich tumour histological heterogeneity (here 

6-8 region categories depending on the cancer type). 

 

This method also markedly simplifies and accelerates the process of preparing 

ground-truth (annotations) datasets as i) the use of superpixels alleviate the need 

for careful boundary delineation of the tumour components of interest (Figure 

2.12B), a cumbersome and time-consuming process necessary for using U-Net-

like architectures and ii) each annotated region contains large numbers of 

superpixels facilitating the collection of the large datasets traditionally required by 

deep learning methods.  

 

Many promising computational pathology-derived biomarkers ultimately fail to 

translate in the clinic due to their inherent complexity and the difficulty for 

pathologists to evaluate them in new datasets. In this proof-of-concept study, I 

showed that SuperHistopath can quantify well-understood features/markers 

already used, albeit only qualitatively or semi-quantitatively, by pathologists, 

including the stroma-to-tumour ratio, lymphocyte infiltration, tumour necrosis, and 

neuroblastoma differentiation. SuperHistopath-derived results also corroborated 

those obtained from single-cell analysis on high-resolution samples in chapter 

section 2.4 (211). The computational efficiency of SuperHistopath, combined with 

the simple superpixels-enabled data collection, could facilitate its adoption in the 

clinic to accelerate pathologist workflow, could assist in intra-operative 

pathological diagnosis and should facilitate working with large datasets in clinical 

research.  
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Moving forward, I plan to expand the types of global context features extractable 

from SuperHistopath in more cancer types. The accuracy of SuperHistopath will 

also be evaluated on digitized frozen tissue sections to demonstrate its potential 

to assist in the rapid intra-operative pathological diagnostic. The previous 

framework (SuperCRF) which incorporates region classification information to 

improve cell classification will be updated by using SuperHistopath in the place 

of the classical machine learning framework. Together both SuperHistopath and 

SuperCRF would provide invaluable tools to study spatial interactions across 

length scales to provide a deeper understanding of the cancer-immune-stroma 

interface, key to further unlock the potential of cancer immunotherapy (177).  

 

In this proof-of-concept study, the proposed method is applied to three cancer 

types with disparate histology without any changes (just retraining). While the 

approach could thus be virtually extended to any type of cancer, improvements 

could be made tailored to a specific global feature, cancer type or dataset and 

could include further exploring i) the use of SVM to combine the CNN-extracted 

features with handcrafted ones, ii) the use of other image colour spaces which 

has been shown to improve classification in certain cases (215), and iii) 

alternative superpixel algorithms such as the efficient topology preserving 

segmentation (ETPS) algorithm (216). Additionally, further improvement of this 

proof-of-concept framework could be sought via experimentation with 

hyperparameter tuning, or the use of other custom and well-established 

architectures (175, 217). Since superpixels only capture small homogeneous 

areas, combination with other approaches such as classification of larger image 

patches with a deepCNN or U-net-like architectures might be more appropriate 

for the single purpose of segmenting some large and multi-component tumour 

structures, e.g. certain types of glands (188).  
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2.5.5 Conclusion 
 
To conclude, the novel pipeline, SuperHistopath can accurately classify and map 

the complex tumour heterogeneity from low-resolution H&E-stained histology 

images. The resulting enhanced speed for both training and application (~5mins 

for classifying a WSI and ~30 mins for network training) and the efficient and 

simple collection of ground-truth datasets make SuperHistopath particularly 

attractive for research in rich datasets and would facilitate its adoption in the clinic 

to accelerate pathologist workflow in the quantification of predictive/prognosis 

markers derived from global features of interest.   
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Chapter 3 : Development of a MRI-histopathology cross-
validation pipeline  
 

3.1 Introduction  
 
Imaging biomarkers must undergo stringent validation before they can be 

deployed clinically, (99) a process that can often only be meaningfully done in 

animal models of cancer. However, histological validation is not a trivial task. 

Registering the 3D MRI volume to the 2D histology slides is difficult, due to low 

out-of-plane resolutions, histology tissue deformations, unknown orientations, 

and lack of details or landmarks in the MRI images (218). 

 

An elegant solution to this problem is to create 3D patient-specific moulds and 

use a microtome to cut the tumours relatively to the MRI slices (219). This 

procedure is especially popular with the prostate (220, 221), while successful 

attempts have been made with renal tumours (222) and breast cancer mouse 

models (65).  

 

The primary abdominal tumours in the Th-MYCN mice, however, present with 

multiple para- and intra-tumoural anatomical landmarks detectable by 

conventional MRI. Thus, a 2D approach of manually selecting the best 

corresponding and most closely-aligned MRI slice to the histology was preferred 

(223, 224). 

 

3.1.1 Aim of the chapter  
 
This methodology chapter describes the development of a framework to 

accurately compare multi-parametric MRI with corresponding histology in the 

GEM models of neuroblastoma which exploit the numerous abdominal peri- and 

intra-tumoural landmarks visible on conventional T2-weighted MRI.   
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3.2  MRI-histology alignment 
 
3.2.1  Materials and Methods 
 

3.2.1.1 Animals.  
 

All experiments were performed in accordance with the local ethical review panel, 

the UK Home Office Animals (Scientific Procedures) Act 1986, the United 

Kingdom National Cancer Research Institute guidelines for the welfare of animals 

in cancer research (225).  

 

All MRI studies were performed on a 7T Bruker horizontal bore MicroImaging 

system (Bruker Instruments, Ettlingen, Germany) using a 3cm birdcage volume 

coil. Anesthesia was induced by an intraperitoneal 5ml/kg injection of a 

combination of fentanyl citrate (0.315mg/ml) plus fluanisone (10mg/ml) 

(Hypnorm, Janssen Pharmaceutical, Oxford, UK) and midazolam (5mg/ml) 

(Roche, Welwyn Garden City, UK) and water (1:1:2). Core temperature was 

maintained at ~37°C with warm air blown through the magnet bore. 
 

3.2.1.2 T2-weigthed MRI.  
 

For all the studies reported in this thesis, anatomical T2-weighted transverse and 

coronal images were acquired from twenty contiguous 1 mm-thick slices through 

the mouse abdomen, using a rapid acquisition with refocused echoes (RARE) 

sequence with 4 averages of 128 phase encoding steps over a 3×3 cm field of 

view, an echo time (TE) of 36ms, a repetition time (TR) of 4.5s and a RARE factor 

of 8.  

 

3.2.1.3 T2-weighted MRI guided tumour excision and cutting.  
 

These images were subsequently used to determine tumour volumes, planning 

the subsequent functional MRI measurements and tumour excision. At the end 

of the MRI protocol, the mice were sacrificed and prepared for dissection. After 

removal of the digestive system, coronal T2-weighted images were used to guide 

the positioning of a microtone blade at the imaging plane and the tumour was 
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sectioned in half in situ. Tumours were then dissected further and freed from their 

spinal attachment. Tumour halves were then positioned full-face down in 

separate histological cassettes and placed in 10% formalin (Sigma-Aldrich, 

Gillingham, UK) for 24 hours.   

 

3.2.1.4 Sample processing and slide digitization.  
 

Formalin-fixed and paraffin-embedded tumours (FFPE) were cut in 3μm sections 

full face from the cut edge and were stained with H&E and/or an IHC marker (on 

consecutive slices) at the ICR Breast Cancer Now histopathology core facility. 

Whole-slide images were digitized using a Hamamatsu NanoZoomer XR 

scanner (20x magnification, 0.46μm resolution, Hamamatsu, Japan). 

 
3.2.1.5 Supervised visual correspondence and identification of slices of interest. 
 
The MRI slice(s) of interest was identified and visually aligned with digitized 

whole-slide H&E stained images using anatomical landmarks from T2-weighted 

images, including the shape of the tumour, the position of the kidneys, the 

position and/or orientation of tumour- displaced, and circumferentially surrounded 

abdominal aorta and renal aorta/vein and the presence of lymph nodes (Figure 

3.1). 
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Figure 3.1 Representative T2-weighted images through the abdomen of two 
neuroblastoma-bearing Th-MYCN mice showing the numerous anatomical landmarks 
detected by conventional anatomical T2-weighted MRI (abdominal aorta: a, renal artery: 
r, lymph node: ly, kidney: k) which can be used in addition to tumour shape for the precise 
alignment of MRI with H&E- stained whole-slide high-resolution histology. 

 
3.2.2 Results 
 

The T2-weigthed MRI-guided excision method led to satisfactory spatial 

correspondence histopathological images and T2-weighted images in 75 % of the 

mice (n=53). Representative examples are shown in Figure 3.2. 
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Figure 3.2 Representative examples of satisfactory correspondence between T2-
weighted MRIs with their corresponding histopathological slices from tumours arising in 
Th-MYCN and Th-ALKF1174L/ Th-MYCN transgenic mouse models. Some of the intra-
tumoural features under investigation (e.g. the artery, haemorrhage, lymph nodes, 
necrotic areas) are marked (yellow arrowheads). 

 
3.2.3 Challenges for MRI-histology comparison 
 

The position of the MRI slices relatively to the kidney at necroscopy and the 

numerous anatomical landmarks visible on H&E images, enable the MRI-

pathology correspondence necessary to improve biomarker validation through 

the interrogation of regional variation. However, a direct and pixel-to-pixel MRI-
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pathology correlation would be difficult (226) due to a number of technical 

problems, including: 

 

• Unmatched spatial resolution: The MRI “voxels” used here have a 

resolution of 0.2x0.2 mm2 with a slice thickness of 1mm, while the histology 

images have pixel resolution of 0.46x0.46μm2 and were cut in 3μm 

sections. Thus, tissue structure heterogeneity present within the MRI slice 

might not be reflected in the histological data. 

 

• Tissue deformations:  a large amount of deformation (including a universal 

shrinkage) is associated with tissue fixation and processing for histology.  

 

• Unmatched tissue planes/image features: Imprecise cutting angle at 

excision or during slide cutting, can lead to a portion of the image features 

captured in the MRI not being present in the histology image. As a result, 

in certain cases only a qualitative correlation of MRI and histopathology 

data was feasible. 

 

All these limitations potentially impact on our ability to use spatial statistics. 

 

3.3 Matching the resolution of histological parametric maps to the MRI 
resolution  
 

Features of interest from WSI were derived from IHC or H&E, including the 

density of cell types derived from the cell classification algorithms described in 

Chapter 2. In order to ensure the quantitative and meaningful comparison 

between MRI and histology-derived parametric, it is essential that the resolution 

of the histology-derived parametric maps is equal to the resolution of MRI 

parametric maps.  

 

For the Hamamatsu NanoZoomer XR, each pixel in 20x magnification has a 

squared resolution of 0.46μm (0.000452mm). The MRI resolution used is 

0.234375mm, so each pixel in the MRI corresponds to 0.234375/0.000452 = 

518.53 = 518 pixels approximately in the histopathological image. Simply 
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downscaling the histology image would cause most of its information to be lost. 

Instead, the extracted feature in the histology image is processed into a binary 

form (for example the centre of each cell nuclei would be marked as ‘1’ and the 

rest as ‘0’). The fraction of pixels occupied by the parameter of interest was 

calculated within 518x518 pixel-regions. This fraction then represents a single 

pixel in the final image. An example of this approach is presented in Figure 3.3. 

 

 
 

Figure 3.3 Automatic extraction of red blood cells (RBC) from H&E images in Th-MYCN 
tumours. Whole-slide images of RBC were converted into binary and processed to match 
MRI resolution (234x234μm), with the fraction of pixels occupied by RBC within 518x518 
pixel-regions representing a single pixel in the final RBC map. 

 

3.4 MRI-histology registration 
 

Subsequently, a MRI-histology registration step was incorporated into the 

framework to account for the numerous deformations. Amongst the many 2D 

registration approaches that could be applied for that purpose, the automatic 

point-set registration coherent point drift (CPD) algorithm was chosen as it 

preserves topologic structures due to the coherent motion of the point sets during 

registration (227). To avoid introducing any bias, the edges of each maps were 

extracted with a simple Canny edge detector, to use them as point sets (features). 

The algorithm can be applied either rigidly, allowing only for rotation, scaling and 

translation or non-rigidly. The types of deformations occurring in this case, 

primarily demanded the use of non-rigid registration. An example of the 
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application of the CPD algorithm, which takes only a few seconds to perform, is 

presented in Figure 3.4. 

 

 
 

Figure 3.4 Representative example of the application of the coherent point drift (CPD) 
algorithm. Firstly, derived-from-histology density maps of all the segmented cells 
(“Cellularity”) were non-rigidly registered to the MRI T1 images based on features 
extracted by a Canny edge detector. The same transformation is subsequently applied 
to the density maps of each classified cell category.  
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3.5 Discussion and conclusion 
 

This chapter demonstrates that the use of anatomical landmarks for the excision 

and sectioning of tumours provide sufficient spatial correspondence for the 

comparison of MRI with histopathology in the GEM models of neuroblastoma. 

The addition of both in-plane registration and resolution matching of the 

histological maps to the MRI maps further enhance our ability to robustly compare 

the regional distribution of MRI- and histology-derived parameters. This chapter 

defines the ‘core’ pipeline applied in the studies described in Chapters 4-7 to 

evaluate and validate imaging biomarkers and habitat imaging approaches 

sensitive to neuroblastoma histological hallmarks and their modulation in 

response to targeted therapy.  

 

The registration achieved with our pipeline will not only enhance the information 

provided by conventional statistical comparison of representative tumour values, 

(median, mean tumour) but more importantly, allow the use of more advanced 

spatial analysis to reflect the tumour heterogeneity and validate habitat imaging.  

 

This is explored more specifically in the following Chapters 4, 5 and 6 where the 

“core” pipeline was complemented with more case-specific steps, depending on 

the nature and complexity of the MRI biomarker, including i) hotspot analysis such 

as kernel density estimation (KDE) algorithm to assist visual similarity 

comparison between MRI and histological maps or quantitative spatial 

comparisons approach using either ii) ecology-inspired algorithms, such as the 

non-parametric Mantel test (228), or iii) sub-regional analysis.  In Chapter 7, the 

co-registered histology-derived maps were used to combine the different MRI 

parameters and train machine learning algorithms to characterise the 

heterogeneous neuroblastoma tumours.  

 

In conclusion, the MRI-histopathology cross-validation pipeline presented in this 

chapter provides the close imaging-pathology correlation necessary to 

understand the biological processes underpinning imaging measurements in the 
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clinically relevant MYCN-driven models of high-risk neuroblastoma, and provides 

the stringent validation needed to support the deployment of novel MRI-based 

functional imaging methodologies including habitat imaging in the neuroblastoma 

clinic. 
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Chapter 4 : Validation of R2* and fractional Blood Volume (fBV) 
biomarkers for the imaging of the hemodynamic vasculature of 
neuroblastoma 
 

4.1 Introduction 
 

4.1.1 Vascular-targeted therapies for high risk neuroblastoma  
 

In neuroblastoma, a high vascular index is associated with increased 

disseminated disease, amplification of MYCN, unfavourable histology, and 

overall poor prognosis (229). Increased microvascular proliferation and other 

specific vascular morphological patterns are associated with even poorer 

prognosis, highlighting the pivotal role of angiogenesis in determining the clinical 

behaviour of neuroblastoma (230, 231). The VEGF family is a key regulator of 

angiogenesis in neuroblastoma and high VEGF expression at the time of 

diagnosis is associated with poor outcome (232). Numerous antiangiogenic 

therapies are being evaluated in early phase paediatric clinical trials in children 

with solid tumours, including the anti-VEGF monoclonal antibody bevacizumab 

in combination with temozolomide (BEACON, NCT02308527), and the tyrosine 

kinase inhibitors regorafenib (NCT02085148) and pazopanib as a single agent 

(NCT01956669) or in combination with metronomic oral topotecan (TOPAZ), as 

well as the panVEGFR inhibitor cediranib currently being evaluated in children 

with metastatic alveolar soft part sarcoma (NCT00942877). 

 

4.1.2 Non-invasive functional imaging of tumour vasculature  
 

Perfusion MRI (pMRI) methodologies such as dynamic contrast enhanced (DCE) 

MRI using low molecular weight gadolinium chelates are often used to evaluate 

vascular response to VEGF signalling inhibitors in adult oncology clinical trials. 

However, these techniques suffer from marked measurement variability and are 

challenging to perform in young children (233, 234). Arterial spin labelling (ASL) 

MRI is an emerging and attractive contrast-free approach for the evaluation of 

cerebral perfusion, yet many challenges need to be overcome before its utility to 

assess vascular perfusion in extracranial tumours can be evaluated. Two 

complementary magnetic susceptibility-based MRI approaches are being actively 
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exploited to assess tumour vascular function and response. Tumour vasculature 

has been studied using (i) intrinsic susceptibility (IS) MRI, which measures the 

intrinsic transverse relaxation (R2*) contrast produced by paramagnetic 

deoxyhaemoglobin within tumour blood vessels, and (ii) susceptibility contrast 

(SC) MRI, which relies on the intravenous administration of ultra-small 

superparamagnetic iron oxide (USPIO) particles. Distribution of USPIO particles 

within tumours causes regional increases in tumour R2* (DR2*), from which the 

fractional blood volume (fBV, %) can be derived (235, 236). The long 

intravascular half-life of USPIO particles enables steady-state acquisition and 

high-resolution mapping of regional variations in tumour perfusion. Both R2*and 

fBV has been shown to be sensitive imaging biomarkers of response to vascular-

targeted therapies in vivo in the preclinical setting (41, 237, 238). 

 

4.1.3 Aim of this chapter  
 

In this chapter, the utility of SC- and IS-MRI to inform on the functional tumour 

vasculature, and its response to the potent pan-VEGFR inhibitor cediranib was 

evaluated in tumours arising in the Th-MYCN GEM model of neuroblastoma. 

Comparison of the regional distribution of tumour fBV and R2* with aligned whole-

slide digitized pathology stained for vessel density and red blood cell (RBC) 

aggregation respectively was performed via hotspot mapping and spatial 

statistics. This approach demonstrated how susceptibility-MRI can robustly 

characterize the vascular phenotype of neuroblastoma in vivo and help identifying  

that both baseline fBV and R2* are predictive imaging biomarkers of tumour 

response to cediranib. The pathologic attributes associated with the differential 

sensitivity to cediranib treatment in the Th-MYCN model are discussed and 

positioned against available clinical MRI findings of high-risk neuroblastoma, 

including initial experience with IS-MRI. 
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4.2 Materials and Methods 
 

4.2.1 Animals 

 

All experiments were approved by The Institute of Cancer Research Animal 

Welfare and Ethical Review Body and performed in accordance with the UK 

Home Office Animals (Scientific Procedures) Act 1986, the United Kingdom 

National Cancer Research Institute guidelines for the welfare of animals in cancer 

research (225) and the ARRIVE (animal research: reporting in vivo experiments) 

guidelines (239).  

 

4.2.2 In vivo study design 
 

A total of 68 mice were enrolled with a median tumour volume of 801±63 mm3 

(median ± 1 s.e.m., ranging from 143 to 2,055 mm3).  

 

Study 1. First the sensitivity of MRI to cediranib-induced acute modulation of 

neuroblastoma vasculature was evaluated. IS- and SC-MRI were performed prior 

to (day 0) and 24 hours after treatment started (day 2). Mice were treated on day 

1 with 6 mg/kg of cediranib orally (obtained under material transfer agreement 

with AstraZeneca, n=10) or vehicle (n=8).  

 

Study 2. In an additional cohort, (n=12) the effect of sustained daily treatment 

was further evaluated, with IS- and SC-MRI performed prior to, 24 hours and 7 

days after daily treatment with 6 mg/kg cediranib. MRI data were not collected 

from two mice at the 24-hour timepoint. 

 

Study 3. Guided by the results of Study 2, IS-MRI data from additional Th-MYCN 

mice (n=25) were subsequently acquired prior to daily treatment with cediranib 

for 7 days (bringing the total number of mice from which pre-treatment R2* data 

were acquired to 37). The volumetric response to cediranib over 7 days treatment 
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was monitored by T2-weighted MRI only, and compared with that from mice 

treated daily with vehicle (n=12). 

 

A more detailed description of the animal experiments can be found in the 

Appendix. 

 

4.2.3 MRI 
 

For all the mice, contiguous anatomical T2-weighted transverse images were 

acquired through the mouse abdomen for the quantification of tumour volume. 

The transverse relaxation rate R2* (second-1), which is sensitive to the 

concentration of paramagnetic species, principally deoxyhaemoglobin, was 

quantified prior to and following the administration of USPIO using a multiple 

gradient-recall echo (MGE) sequence with eight averages, and an acquisition 

time of 3 minutes 20 seconds. Tumour R2* maps were calculated by fitting a 

single exponential to the signal intensity echo time curve on a voxel-by-voxel 

basis using a robust Bayesian approach using in-house software (ImageView, 

developed in IDL; ITT Visual Information Systems). Parametric maps of tumour 

fBV (%) were subsequently calculated using the USPIO-induced change in R2* 

(DR2*). 

 

A more detailed description of the MRI methods can be found in the Appendix. 

 

4.2.4 Computational pathology/digital histology 
 

Digitized histology. Histology FFPE sections were acquired as described in 

Chapter 3 and stained with H&E. I digitized the whole-slide H&E images using a 

Hamamatsu NanoZoomer XR scanner (20x magnification, 0.46μm resolution, 

Hamamatsu, Japan).  

 

MRI-histology alignment. For each tumour, the MRI slice of interest was visually 

aligned with the digitized whole-slide H&E stained image using anatomical 

landmarks as described in Chapter 3. 
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RBC extraction from H&E-stained sections. A macro was written in Fiji to extract 

RBC from each image tile (2000x2000 pixels) by applying colour deconvolution 

to extract the eosin colour channel followed by applying colour deconvolution to 

extract the eosin colour channel followed by the application of Otsu's automatic 

threshold detection method, both using ImageJ/Fiji plugins (with Java 8) (135, 

240, 241). The algorithm’s accuracy was tested using independent annotation of 

561 RBC and 591 non-RBC points in nine samples. 

 

Endomucin extraction from endomucin-stained IHC sections.  

A macro was written in Fiji to extract endomucin from each tile by applying colour 

deconvolution to extract the brown colour channel followed by the application of 

maximum entropy threshold detection method, both using ImageJ/Fiji plugins 

(Java 8). The algorithm’s accuracy was tested using independent annotation of 

stained/nonstained points (688/734) on nine different samples. 

 

Generation of RBC and endomucin parametric maps. Whole-slide images of RBC 

and endomucin staining were binarised and processed to match MRI resolution 

(234x234 mm), with the fraction of pixels occupied by RBC or endomucin staining 

within 518x518 pixel-regions representing a single pixel in the final RBC map. 

 

MRI- and histology-derived parametric map registration. This was performed 

using the CPD algorithm as described in Chapter 3. Both rigid and non-rigid 

registration was applied to corresponding pairs of images (R2* or fBV maps and 

computed maps of RBC and endomucin, respectively) in Matlab. Independently, 

a manual registration was also performed by rotation and scaling to match. 

 

Spatial comparison between MRI and histology. Comparison of R2* versus RBC 

and fBV versus endomucin parametric maps was performed visually following the 

application the kernel density estimation (KDE) to display hotspots of high, above 

the 85th percentile for each tumour sample, R2* and RBC (%), fBV (%), and 

endomucin staining (%) values using the "MASS" package in R (22, 23). 

 

To provide further evidence of spatial correlation, the Mantel test, a 

nonparametric analysis of associations between corresponding positions of two 



 145 

distance matrices, was applied on registered pairs of MRI maps and computed 

maps of histopathologic features using the "ade4" library in R. Distance matrices 

were calculated using the "dist" function. 

 

Statistical analysis. Statistical analysis was performed with GraphPad Prism 6 

(GraphPad Software Inc.). The mean of median values for all the quantitative MRI 

parameters, the mean values for tumour volume, RBC, and endomucin were 

used for statistical analysis with a 5% level of significance. Any significant 

differences in tumour volume and quantitative histopathologic parameters were 

identified using the Student two-tailed unpaired t-test, with a 5% level of 

significance. Significant correlations between the mean values. All linear 

correlations were determined by Pearson's correlation method. Level of 

significance was 5%. 

 

4.2.5 Clinical investigations 
 

Based on the results of the preclinical investigations presented above, we aimed 

to i) evaluate the clinical relevance of the vascular phenotype observed in the Th-

MYCN tumours by reviewing available diagnostic MRI data from patients with 

MYCN-amplified neuroblastoma, and ii) evaluate the feasibility of acquiring IS-

MRI in children with neuroblastoma. Informed written consent was obtained from 

all parents or patients following IRB approval of the prospective study with IS-

MRI at the Royal Marsden Hospital. For the retrospective review of routine 

diagnostic imaging at Great Ormond Street Hospital (GOSH), anonymized data 

were provided to the researchers via a collaboration with Dr. Kieran McHugh. 

 

Retrospective analysis of MRI scans performed at initial diagnosis. Diagnostic 

imaging was acquired for patients (n=19, 13 male/6 female) with confirmed 

MYCN-amplified disease (ages 1 day to 3.6 years old) on a 1.5 T Magnetom 

Avanto system (Siemens Healthcare) including T2-weighted, T1-weighted 

imaging, prior and after the injection of Gd chelate-based contrast agent, and 

diffusion-weighted MRI.  
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Prospective study of the feasibility of IS-MRI in patients with refractory/relapsing 

neuroblastoma (Royal Marsden Hospital). This was performed as a collaboration 

with Dr Neil Jerome, Dr Fernando Carceller and Prof Dow-Mu Koh. The three 

patients (n=2 male/1 female) with refractory/relapsing disease included in this 

study were scanned on a 1.5 T Magnetom Avanto system and included T2-

weighted sequence, T1-weighted, prior and after (last scan of the session) the 

injection of Gd chelate-based contrast agent, and a diffusion-weighted MRI 

sequence. IS-MRI was performed in 2.5 minutes using a 2D MGE sequence. 

Images were analysed and R2* quantified in Matlab. 

 

A more detailed description of the protocols and MRI methods can be found in 

the Appendix. 

 

4.3 Results 
 

4.3.1 Baseline tumour fBV predicts response to cediranib in the Th-MYCN GEM 
model of neuroblastoma 
 

Changes in vascular function in Th-MYCN mice were first assessed following 

treatment with cediranib. At the time of enrolment, the mean tumour fBV 

quantified using SC-MRI in the Th- MYCN mice (n=19) was 19.6 ± 1%, consistent 

with the high vascular index of neuroblastoma. Treatment with cediranib caused 

an acute and highly significant reduction at 24 hours in tumour fBV 

(DfBVcediranib_24h = -28 ± 4% vs. DfBVvehicle_24h = -6 ± 8%, P = 0.0008), which was 

accompanied by a highly significant cytolentic response (DVolumecediranib_D0-D2 = 

18 ± 8% vs. DVolumevehicle_D0-D2 = 53 ± 11%, P = 0.0006; Figure 4.1A–F). 

Sustained daily treatment over 7 days caused a further significant reduction in 

fBV and antitumour activity (Figure 4.1G–I). The average baseline fBV strongly 

correlated with the cediranib-induced reduction in fBV (r = -0.83, P = 0.0008; 

Figure 4.1J), and the value of fBV at baseline correlated with the subsequent 

cediranib-induced tumour volumetric response at day 7 (r = -0.65, P = 0.02; 

Figure 4.1K). 
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Figure 4.1 Susceptibility-contrast MRI-derived fBV predicts response to VEGFR 
(panVEGFR) inhibitor cediranib in the Th-MYCN model of neuroblastoma. A. 
Representative tumour parametric fBV maps in the Th-MYCN mice prior to (day 0) and 
24 hours (day 2) after treatment with 6 mg/kg cediranib or vehicle. B and C. Changes 
(B) and relative changes (C) in tumour median fBV prior to (day 0) and 24 hours (day 2) 
after treatment with 6 mg/kg cediranib or vehicle. D. Representative T2-weighted 
anatomical MRI taken through the abdomen of tumour-bearing Th-MYCN mice prior to 
(day 0) and 24 hours (day 2) after treatment with 6 mg/kg cediranib or vehicle. E and F. 
Changes (E) and relative changes (F) in tumour volume prior to (day 0) and 24 hours 
(day 2) after treatment with 6 mg/kg cediranib or vehicle. Data are the individual median 
value for each tumour and the cohort mean ± 1 s.e.m. (*** , P < 0.005, two-tailed paired 
Student t test; ** , P < 0.01; *** P < 0.005, two-tailed unpaired Student t test, 5% level of 
significance). G. Representative T2-weighted anatomical MRI and tumour fBV parametric 
map of a Th-MYCN mouse prior, 24 hours, and 7 days after daily treatment with 6 mg/kg 
cediranib. H and I. Changes in tumour fBV (H) and tumour volume (I) in Th-MYCN mice 
prior, 24 hours, and 7 days after daily treatment with 6 mg/kg cediranib. J. Average 
tumour median fBV correlated with change in fBV over the 7 days of the trial (r = -0.83; 
P = 0.0008). K. Tumour median fBV correlated with change in tumour volume over the 
7 days of the trial (r = -0.65; P = 0.02).  
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4.3.2 Baseline tumour R2* predicts response to cediranib in the Th-MYCN GEM 
model of neuroblastoma 
 

The analysis of the cohort of mice in which IS-MRI was routinely performed pre-

treatment confirmed that cediranib effectively suppress the aggressive tumour 

growth that is typical of this model (DVolumecediranib_D0-D7 = 16 ± 5% vs. 

DVolumevehicle_D0-D7 = 142 ± 11%, P < 0.0001, n = 37 and 12). However, a range 

of volumetric response, from progressive disease to partial response, was 

observed (Figure 4.2A). Examination of our pre-treatment T2-weighted 

anatomical images and native R2* parametric maps revealed that responsive 

tumours exhibited a characteristically heterogeneous appearance, with areas of 

hypointense T2 signal and relatively fast R2* (R2* = 113 ± 4 second-1; Figure 4.2B 

and C), whereas progressive tumours typically demonstrated a more 

homogeneous, isointense appearance on T2 and significantly slower native R2* 

values (R2* = 68 ± 5 second-1, P < 0.0001). Cediranib-induced changes in tumour 

volume over 7 days treatment correlated with native tumour R2* measured before 

treatment (r = -0.72, P < 0.0001; Figure 4.2D). 
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Figure 4.2 Intrinsic susceptibility MRI-derived transverse relaxation rate R2* predicts 
response to VEGFR (panVEGFR) inhibitor cediranib in the Th-MYCN model of 
neuroblastoma. A. Waterfall plot documenting relative changes in tumour volume in the 
Th-MYCN mouse model of neuroblastoma following 7-day treatment with daily dose of 
6 mg/kg cediranib or vehicle (DVolumecediranib_D0-D7 = -16 ± 5% vs. DVolumevehicle_D0-D7 = 
142 ± 11%; P < 0.0001, two- tailed unpaired Student t test with a 5% level of 
significance). B. Baseline R2* value (day 0) of responsive and nonresponsive tumours. 
Data are the individual median value for each tumour and the cohort mean ± 1 SEM (P 
< 0.0001, two-tailed unpaired Student t test with a 5% level of significance). C. 
Representative baseline native R2* maps for responsive and progressive tumours in Th-
MYCN transgenic mice (assessed by anatomical MRI) following daily treatment with 6 
mg/kg cediranib for 7 days. D. Native tumour median R2* (day 0) correlated with relative 
change in tumour volume following daily treatment with 6 mg/kg cediranib for 7 days (r 
= - 0.72, P < 0.001). 
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4.3.3 Spatial heterogeneity in fBV reflects regional variations in the 
microvasculature of neuroblastoma 
 

The numerous anatomical landmarks (kidney, spleen, abdominal arteries, lymph 

nodes) clearly evident on T2-weighted MRI were used to guide the careful 

excision and subsequent orientation of digitized pathology with SC- and IS-MRI-

derived parametric maps. Intra-tumoural regional differences in fBV visually 

reflected spatial variations in computed maps of vascular endothelial endomucin 

staining, automatically extracted from high-resolution IHC images with an 

accuracy of 97%, after automatic registration using the CPD algorithm (Figure 

4.3A and B). This was corroborated by the location, size, shape, and orientation 

of hotspots identified on KDE maps of high values (above the 85th percentile of 

each tumour sample) of fBV and endomucin (Figure 4.4A). Application of the 

Mantel statistical test revealed significant (P < 0.05) correlation (0.10 < r < 0.58; 

Table 4.1) between the distance matrices of fBV and endomucin in 16 of 23 

tumours. Endomucin staining fraction corroborated the decrease in fBV 

measured longitudinally over 7 days, with significantly lower tumour values 

determined in the cohort treated with cediranib for 7 days than in the cohort of 

animals treated with a single dose of cediranib; both cohorts demonstrated lower 

values of fBV compared with the vehicle control group (Figure 4.4B and C). 

Calculated tumour median values of fBV strongly correlated with median values 

of endomucin fraction area across the cohorts (r = 0.85, P < 0.0001; Figure 4.4D). 
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Figure 4.3 Pipeline for the generation of computed maps of RBC and endomucin staining 
from histopathologic images in Th-MYCN tumours. A. RBCs were automatically 
extracted from H&E-stained whole section slides, with an accuracy of 99.74%. B. 
Endomucin staining was extracted from chromogenic immunohistochemistry whole 
section slides, with an accuracy of 97%. Note that the contrast of the whole slide 
extracted endomucin was enhanced, solely for printing visibility. Whole-section images 
were subsequently processed to match the MRI resolution, with the fraction of pixels 
occupied by RBCs (A) and endomucin (B) within 518x518 pixels of the original images, 
representing a single pixel in the final maps. 
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Figure 4.4 Susceptibility-contrast MRI-derived fBV correlates with endothelial cell 
marker endomucin fraction in tumours of the Th-MYCN model of neuroblastoma. A. 
Representative T2-weighted anatomical MRI images and their corresponding H&E-
stained histology, parametric fBV maps, and computed areas of vascular endothelial cell 
marker endomucin staining, KDE hotspot maps of high values (above the 85th percentile 
of each tumour sample) of fBV and endomucin fraction in the Th-MYCN model of 
neuroblastoma, 24 hours and 7 days after daily treatment with cediranib or vehicle (24 
hours). Note the different scale for fBV and endomucin maps across the groups to better 
capture the intra-tumoural heterogeneity. B and C. Median tumour fBV (B) and median 
tumour endomucin fraction area (C) in the Th-MYCN GEM model 24 hours and 7 days 
after treatment with cediranib or vehicle (*** , P < 0.001, two-tailed unpaired Student t 
test). D. Tumour median fBV correlated with endomucin fraction area (r = 0.85, P < 
0.0001). 
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Mouse 

number 
r p-value 

Registration 

type 

M104252835 0.15 0.08x Rigid 

M125555 0.58 0.004 non-rigid 

M125559 0.1 0.04 non-rigid 

M125689 0.023 0.0007 Manual 

M126140 0.33 0.003 non-rigid 
M126134 0.3 0.007 Rigid 

M126143 0.35 0.0001 non-rigid 

M126835 - - 
 

M126882 - - 
 

M128379 - - 
 

M128380 - - 
 

M128381 - - 
 

M104252874 0.14 0.002 Rigid 
M104252879 - -  

M104252883 - -  

M104252898 - -  

M104252901 - -  

M104252904 0.27 0.008 non-rigid 

M104252920 - -  

M104252921 0.35 0.0001 Rigid 

M104252923 0.51 0.0001 Manual 
M104252941 0.22 0.0375 Rigid 

M104252984 0.31 0.0012 Rigid 

- r < 0.1,  x Not significant 

 

Table 4.1 Summary of Mantel test results showing the highest correlation of distance 
matrices obtained between MRI fractional blood volume fBV and computed area of 
vascular endothelial cell marker endomucin staining maps following manual, non-rigid 
and rigid registration. 
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4.3.4 Regional heterogeneity in R2* reflects variations in RBC distribution in 
neuroblastoma 
 

Regional differences in parametric R2* maps visually reflected spatial variations 

in extravasated RBC aggregation or RBC-filled necrotic areas (defined as large 

areas of cell damage) in the digitized maps, which was corroborated by the 

location, size, shape, and orientation of hotspots on KDE maps of high values 

(above the 85th percentile of each tumour sample) of R2* and RBC, automatically 

extracted from high-resolution H&E-stained images with an accuracy of 99.7%, 

after automatic registration using the CPD algorithm (Figure 4.5A). The Mantel 

statistical test revealed significant (P < 0.05) spatial correlation (0.10 < r < 0.76; 

Table 4.2) between the distance matrices of R2* and RBC in 9 of 12 tumours. 

Calculated tumour median values of R2* strongly correlated with the mean values 

of RBC fraction area (r = 0.87, P < 0.0003). Tumour median R2* and mean value 

of RBC fraction also correlated with endomucin staining (r = 0.53, P = 0.08 and r 

= 0.64, P = 0.02, respectively; Figure 4.5B–D). 
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Figure 4.5 Intrinsic susceptibility MRI-derived transverse relaxation rate R2* correlates 
with tumour RBC content. A. Representative T2-weighted MRI images and their 
corresponding H&E histology, maps of the transverse relaxation rate R2* and computed 
area of RBC detected from H&E-stained images, KDE hotspot maps of high values 
(above the 85th percentile of each tumour sample) of R2*, and RBC fraction in tumours 
arising in control Th-MYCN transgenic mouse. B. Tumour median R2* positively 
correlated with the mean value of RBC fraction detected from H&E-stained tumours 
arising in the Th-MYCN transgenic mouse model (r = 0.87; P = 0.0003). R2* values (C) 
and mean value of RBC fraction (D) also correlated with endomucin staining (r = 0.53, P 
= 0.08 and r = 0.64, P = 0.02). 

  



 156 

 
Mouse 

number 
r p-value 

Registration 

type 

M104252849 0.32 0.0002 non-rigid 

M116446 0.76 0.0001 non-rigid 

M116490 0.48 0.0001 Manual 

M117093 0.4 0.0006 non-rigid 

M117718 0.11 0.055x non-rigid 
M117723 0.46 0.0005 non-rigid 

M117729 0.69 0.0001 non-rigid 

M118312 0.43 0.0002 non-rigid 

M118359 0.51 0.0001 non-rigid 

M118756 - - 
 

M118765 - - 
 

M65760 0.27 0.0006 Manual 

- r < 0.1,  x Not significant 
 

Table 4.2 Summary of Mantel test results showing the highest correlation of distance 
matrices obtained between MRI transverse relaxation R2* and computed red blood cell 
maps following manual, non-rigid and rigid registration. 

 
4.3.5 Innate resistance to cediranib is associated with a differentiating phenotype 
 

We then performed a semi-quantitative analysis to calibrate the tumour R2* 

phenotype against pathologic evaluation of aligned H&E stained sections (Figure 

4.6A–I; Table 4.3). For tumours with a median R2* between ~80 and ~110 

second-1, increasing tumour median R2* reflected increasing area/proportion of 

the tumour presenting with a haemorrhagic and hypervascular phenotype, 

characterized by large sinusoidal-shaped vessels. In comparison, non-

haemorrhagic regions remained well-vascularized but with markedly reduced 

haemorrhage and smaller capillary-like shape vessels. In these tumours, the 

extravasated RBCs conserved their biconcave shape and appeared intact. 

Tumours with a median R2* > 110 second-1 additionally presented with large 

necrotic regions filled with both intact and damaged RBCs. Tumours exhibiting a 

median R2* < 70 second-1 (comparable to tumours that progressed while on 

cediranib), presented a very different phenotype, characterized by the absence 

of haemorrhage (including in necrotic areas), reduced microvessel density with 
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smaller more regular capillaries-like vessels, and large regions of differentiating 

neuroblasts (yet with only very few mature ganglion cells) arranged in islands, 

separated by a large amount of neuropil. 

  



 158 

 
Figure 4.6 Calibration of intrinsic susceptibility MRI-derived tumour R2* phenotype with 
histopathologic phenotype in the Th-MYCN genetically engineered murine model of 
neuroblastoma. A–F. Susceptibility-weighted MRI-derived maps of the tumour 
transverse relaxation R2*and their corresponding H&E-stained whole-section slides (k., 
kidney), arranged by increasing median tumour R2* value. Tumours with very low median 
value of R2* (< 60 second-1; A) present with a differentiating phenotype characterized by 
large areas of differentiating neuroblasts (G), with enlarged cytoplasm and more 
prominent nucleoli, surrounded by large amounts of neuropil (1.), alongside dense 
regions of undifferentiated neuroblasts (2.). Note that haemorrhage is absent from these 
tumours and the vasculature is characterized by sparse capillaries-like blood vessels as 
revealed by IHC staining for the vascular endothelial cells marker endomucin. For a 
median value of R2* of ~70 second-1 and above, tumours present with dense area of 
poorly differentiated neuroblasts presenting with numerous mitotic features (H), yet 
tumour median R2* is determined by the increasing ratio of region with large area of 
haemorrhage and high vascular density (4., ---, w) over region with lower density of 
capillary like vessel (3., ---, u). Note that the extravasated RBC appear intact. 
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Additionally, tumours with median R2* over 110 second-1 show vast area of cellular 
damage (necrosis) filled with intact and damaged RBCs (I; ---, 5.). Necrotic area with low 
RBC content (---, 6.) only present with small regional increase in R2* (as seen in A). 

 
Mouse 
number R2* (s-1) Histology‡ Haemorr

hage 
Necrosis 

(%) Specific Characteristics 

M116446 134 Poorly 
differentiated +++ 35 Large central area of necrosis with RBC  

M118359 125 Poorly 
differentiated +++ 6 - 

M117729 125 Poorly 
differentiated +++ 19 

Large central area of necrosis with RBC 
surrounded by numerous foci of 
differentiating neuroblasts 

M117093 124 Poorly 
differentiated +++ N.D. - 

M118756 115 Poorly 
differentiated +++ 14 Large area of necrosis with RBC 

M104252849 113 Poorly 
differentiated +++ 15 Large area of necrosis with RBC 

M118765 108 Poorly 
differentiated +++ N.D. - 

M116490 107 Poorly 
differentiated +++ 18 Large are of necrosis with RBC 

M117723 93 Poorly 
differentiated ++ 2 Haemorrhage only present on one half of 

tumour 

M118312 88 Poorly 
differentiated ++ >1 10% tumour present with abundant 

neuropil 

M117718 71 Poorly 
differentiated + 7 

Numerous small foci of necrosis with or 
without RBC or not, with or without 
differentiating neuroblasts 

M65760 48 Poorly 
differentiated N.D. 17 

Large area including a nodule of 
differentiating neuroblasts separated by 
large amount of neuropil. No RBC in 
necrotic area.  

‡ international neuroblastoma pathology classification 
 

Table 4.3 Transverse relaxation rate R2* and pathological characteristics of the Th-
MYCN tumours. 
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4.3.6 MYCN-amplified childhood neuroblastomas are haemorrhagic  
 

To understand the relevance of the tumour MRI phenotypes observed in the Th-

MYCN GEM mouse to MYCN-driven childhood neuroblastoma, we reviewed 

anatomical T2-weighted, T1-weighted and contrast enhanced (CE-) T1-weighted 

images, as well as diffusion-weighted (DW) MRI-derived apparent diffusion 

coefficient (ADC) maps, acquired from 19 patients with MYCN-amplified 

neuroblastoma at the time of diagnosis. All patients presented with abdominal 

tumours showing a high degree of heterogeneity (both hyper- and hypointensity) 

on T2-weighted MRI and regional hyperintensity on T1-weighted MRI (Figure 

4.7A–E). Based on the well-established appearance of ageing blood on both T2- 

and T1-weighted MRI in hematoma (Figure 4.7F; and (242)), this appearance 

suggests the presence of blood products at different stage of haemoglobin 

degradation. Most tumours presented a central region, which did not enhance on 

CE-MRI and showed elevated ADC values, suggesting the presence of large 

areas of nonviable tissue. Additionally, a few tumours presented with cystic 

components, with/without blood. Interestingly, 5 of the 19 patients also presented 

with contiguous or satellite masses showing homogeneous signal on both T1 

(isointense) and T2 (hyperintense) MRI, homogeneous contrast enhancement 

and low ADC values, indicative of water restriction (Figure 4.7B and C). This MRI 

phenotype suggests a non-haemorrhagic and cellular-dense tumour phenotype 

within these lobes. 

 

We also compared the radiology of two cases of ganglioneuroblastoma: a 

ganglioneuroblastoma intermixed (GNB) and ganglioneuroblastoma nodular 

(GNBn), two entities that are uncommonly MYCN-amplified. Yet GNB nodular are 

characterized by the presence of macroscopic undifferentiated neuroblastoma 

nodule(s) of Schwannian stroma-poor components coexisting with 

ganglioneuroblastoma-intermixed of stroma-rich component or ganglioneuroma 

(fully differentiated) of stroma-dominant component. The neuroblastoma nodule 

in the GNBn was easily identifiable with low ADC values, consistent with a 

stroma-poor neuroblastoma phenotype, and demonstrated marked hypointensity 

on T2-weighted images, hyperintensity on T1-weighted images and high 
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gadolinium avidity, overall suggesting that the neuroblastic nodule presented a 

highly vascular and haemorrhagic phenotype. 

 

4.3.7 Initial experience with IS-MRI in children with neuroblastoma 
 

Based on the initial results obtained in the Th-MYCN model, we have introduced 

IS-MRI into clinical trials in patients with relapsed/refractory neuroblastoma as a 

proof of concept. Our initial experience based on three patients scanned at 1.5T 

(Figure 4.7G) showed that tumours (n = 5) presented with a heterogeneous 

regional distribution of R2*, with tumour median R2* values ranging from 20 to 41 

second-1 (Figure 4.7H), a range similar to the one measured in mice when 

corrected for the difference of magnetic field strength. Regionally, higher R2* 

values were associated with hypointensity on T2-weighted images, higher 

gadolinium avidity, and lower ADC values. Combined with the apparent 

haemorrhagic nature of MYCN-amplified neuroblastoma, this pilot study suggests 

that IS-MRI should be prospectively evaluated in children with neuroblastoma to 

determine its clinical utility as an imaging biomarker. 
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Figure 4.7 Haemorrhage in MYCN-amplified childhood neuroblastoma MRI and initial 
experience with SW-MRI in the neuroblastoma clinic. A-C. show abdominal axial fat-
suppressed STIR T2-weighted-MRI images, fat-suppressed SPAIR T1-weighted MRI 
images, before and after administration of gadolinium (Gd)-based contrast agent, and 
diffusion-weighted MRI-derived ADC maps of children with neuroblastoma at the time of 
diagnosis. A–C. MYCN-amplified high-risk neuroblastoma in a 10-month old boy (A), a 
2-year old boy (B), a 8-month-old boy (C), D. Comparison between a GNB in a 4-year-
old female patient and GNB in a 5-year-old male patient. Note the presence of the 
neuroblastic nodule in the GNBn easily identified on ADC maps (arrowhead). E. 
Proportion of patients with MYCN-amplified neuroblastoma (n = 19) presenting with a 
MRI phenotype, suggestive of the presence or absence of a hemorrhagic phenotype, 
based on the well-established knowledge of the appearance of aging blood in hematoma 
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on conventional MRI (242), as illustrated in F. G. Abdominal T2-weighted and T1-
weighted images (not fat-suppressed), ADC maps, intrinsic susceptibility MRI-derived 
transverse relaxation R2* map of tumours, and post Gd contrast-enhanced T1-weighted 
MRI images in children with refractory/relapsing neuroblastoma. (Patient 1, 7-year-old 
male; Patient 2, 5-year-old male; Patient 3, 6-year-old female). H. Tumour median R2* 
values for each individual tumour shown in G (±SD). Note that R2* values increased 
monotonically and approximatively linearly with magnetic field strength-dependent and, 
as such, clinical R2* value at 1.5T was estimated to be four times lower than if they were 
measured at 7T (243). 

 

4.4 Discussion 
 

There is a current paradigm shift toward a stratified precision medicine approach 

for children with cancer. Central to this approach is the integration of both 

genomic and biological information including pharmacodynamic and predictive 

biomarkers of response to incorporate urgently needed novel therapies into 

treatment schedules. With increasing evidence for the contribution of 

angiogenesis in determining and predicting the biological behaviour of 

neuroblastoma, therapeutic approaches targeting the unique vascular phenotype 

of neuroblastoma are being accelerated in early phase paediatric clinical trials. 

However, there are currently no validated biomarkers predicting the clinical 

response or therapeutic benefits to anti-angiogenic therapy. 

 

Although MRI is becoming the preferred clinical imaging method in the 

management of children with neuroblastoma particularly at diagnosis and for 

routine follow-up, the unique ability of advanced functional MRI techniques to 

non-invasively quantify changes in tumour vascular architecture and function has 

not yet been fully exploited (244). The MRI-histopathology correlation pipeline 

presented in Chapter 3, combined with the use of KDE hotspot mapping and 

additional evidence from the nonparametric Mantel statistical test demonstrated 

that fBV, measured in vivo by SC-MRI, spatially correlated with stained area for 

the endothelial cell marker endomucin in tumours arising in the Th-MYCN mouse 

model of neuroblastoma. This approach thus validates fBV as not only a sensitive 

but also specific imaging biomarker of tumour vascular perfusion, and its 

therapeutic modulation by the potent VEGFR inhibitor cediranib. Furthermore, we 

found a negative correlation between tumour fBV and cediranib-mediated 

changes in fBV, suggesting baseline fBV as a potential predictive biomarker of 
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vascular response to VEGFR inhibition. Importantly, the data presented in this 

chapter suggest that both baseline tumour fBV and R2* are predictive of the 

longer-term tumour response to VEGFR-targeted therapies such as cediranib. 

 

Several preclinical studies have demonstrated that quantitation of tumour fBV 

using SC-MRI provides a sensitive biomarker of response to vascular-targeted 

agents in vivo (236-238). The data herein highlight the potential of SC-MRI to 

assess neuroblastoma vascular response to VEGF signalling inhibitors (245-

248), and to MYCN-targeted therapeutics whose mechanism of action is 

predicted to elicit an antiangiogenic effect (43, 249-251). For example, direct 

silencing of MYCN through bromodomain extra terminal (BET) domain inhibition, 

destabilization of MYCN protein via the selective targeting of Aurora A kinase or 

mTOR/PI3k signalling, and inhibition of anaplastic lymphoma kinase (ALK) and 

RET kinases [reviewed in (88)] have all been linked with angiogenic blockade in 

aligned preclinical trials against neuroblastoma or other paediatric solid tumours 

(250-254). 

 

The high vascular permeability and density present in the Th-MYCN tumours and 

detected by IS- and SC-MRI illustrate the archetypal VEGF-driven vascular 

remodelling triggered by members of the MYC family oncogenes (250, 255). 

There is increasing evidence that enhanced angiogenic signalling is part of a 

wider MYC-driven adaptive program to nutrient deprivation, to which MYC-driven 

tumours rapidly develop an addiction to maintain their growth (255, 256). As a 

result, any blockade of this program via MYC deactivation, metabolic inhibition, 

or vascular blockade triggers a wave of apoptosis, resulting in the unique rapid 

tumour debulking observed in MYC-driven tumours (255, 256). The correlation 

between baseline fBV and R2* and cediranib-induced tumour debulking 

established in this chapter illustrates a similar dependence on MYCN-driven 

angiogenic and vascular remodelling in the Th-MYCN GEM model. In contrast, 

tumours at the lower range of baseline R2* and fBV values, which progress 

despite cediranib treatment, presented with a more normalized vasculature. I also 

identified tumours with large areas of differentiating neuroblasts, a phenotype 

similar to that in MYCN-driven GEM models of neuroblastoma harbouring 

constitutive activation of ALK, and in which reduced VEGFR signalling has been 
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reported (249, 257, 258). Clinically, differentiated neuroblastoma displays low 

vascularity (229, 230), partly due to the release of strong antiangiogenic factors 

that directly antagonize the effect of VEGF (259, 260). Additionally, in 

differentiating, Schwannian stroma-poor neuroblastoma, VEGF-mediated cross-

talk between differentiating neuroblasts and endothelial cells has been identified, 

which mimics normal vascular maturation in the developing nervous system 

(261). Overall in this chapter, reduced tumour sensitivity to cediranib was 

associated with a more stable vascular phenotype, suggesting a reduced 

dependence of these nonresponsive tumours on VEGF signalling to sustain 

growth. 

 

The high tumour fBV values of ~20% reported in the Th-MYCN mouse models 

used here are consistent with the unique hypervascular phenotype of childhood 

neuroblastoma. The median endomucin staining area in the Th-MYCN tumours 

(2.3%) is consistent with the mean stained area of endothelial cell marker CD31 

(1.7%) in a cohort of 458 primary childhood neuroblastomas (231). Structurally, 

the large areas of irregular sinusoidal vessels found in the haemorrhagic regions 

of Th-MYCN tumours emulate the major unstable vascular patterns associated 

with unfavourable clinical prognosis. In contrast, tumours with lower R2*, 

differentiated or not, presented a more normalized vascular pattern associated 

with favourable prognosis factors in primary neuroblastoma. The retrospective 

radiological analysis of 19 cases of MYCN-amplified neuroblastoma revealed that 

all tumours presented with a MRI phenotype consistent with haemorrhage. 

Additionally, the initial experience here with IS-MRI in children with 

refractory/relapse neuroblastoma demonstrated a range of tumour median R2* 

values, comparable to those measured in the Th-MYCN model when corrected 

for the difference in magnetic field strength (243). Collectively, these data 

demonstrate that the Th-MYCN GEM model of neuroblastoma recapitulates the 

pathophysiology of childhood neuroblastoma and provide a unique clinically 

relevant and information-rich platform to identify and validate imaging biomarkers 

of the neuroblastoma microenvironment. 

 

DCE-MRI and CT-based functional imaging are commonly used to evaluate 

tumour perfusion in the clinic. Yet their associated biomarkers are difficult to 
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interpret as they reflect both vascular perfusion and permeability. More 

importantly, the acquisition of robust DCE-MRI data can be challenging in young 

children (233) and CT-based functional imaging methodologies should be 

preferentially avoided due to the higher inherent sensitivity of children to the 

negative effects of ionizing radiation (262). The data herein provide a strong 

rationale for the incorporation of both IS- and SC-MRI into functional imaging-

embedded clinical trials for new therapeutic strategies that directly or indirectly 

modulate neuroblastoma vascular phenotype. IS-MRI is a rapid, quantitative, 

safe and non-invasive R2* relaxometry measurement that has become the 

reference measurement to assess both liver and cardiac iron content and a 

primary endpoint in paediatric clinical trials in highly transfused children suffering 

from haematological diseases who are at risk of liver and cardiac iron overload 

(263). The multi-gradient recalled echo MRI sequence is universally available on 

clinical MRI scanners and IS-MRI can be easily incorporated in the 

neuroblastoma clinic, as demonstrated herein, adding only two and half minutes 

to the current routine scanning session. IS-MRI has been incorporated in an 

ancillary functional imaging study of the BEACON Neuroblastoma trial. This 

chapter also demonstrates that haemorrhage detectable with IS-MRI, or the 

absence thereof, could hold prognostic/diagnostic value. Clinically, the 

haemorrhagic nature of undifferentiated neuroblastoma is well described, yet its 

routine reporting remains only anecdotal (264). Its value for risk-stratification 

could be explored by introducing non-invasive IS-MRI at the time of diagnosis. 

As a matter of fact, introducing susceptibility-weighted imaging (SW-MRI), a 

variant of IS-MRI, which combines the information from both the magnitude and 

the phase of the MR signal, would quantify haemorrhage with the added value of 

detecting calcification (opposite phase to haemorrhage). SW-MRI can assist in 

the differential diagnosis of neuroblastoma (frequently calcified) versus Wilms' 

tumours (seldom calcified) as this not easily detected on conventional MRI. SC-

MRI, which combines R2* mapping with the use of USPIO particles, does not 

require bolus timing or complex image acquisition schemes, and provides an 

attractive steady-state imaging alternative to DCE-MRI. Recent clinical studies 

highlighting the safe off-label use of the USPIO preparation ferumoxytol for MRI 

in adults and children is a promising step-forward, warranting further evaluation 

of the approach in clinical trials (265). 



 167 

4.5 Conclusion 
 

IS- and SC-MRI are robust non-invasive imaging techniques to characterize, 

quantify, and map the unique vascular phenotype of neuroblastoma and its 

therapeutic modulation. With the central role of angiogenesis in determining and 

predicting the clinical behaviour of neuroblastoma, baseline fBV and R2*, have 

the potential to provide diagnostics and prognosis information at the time of 

diagnosis and provide currently unavailable predictive and pharmacodynamic 

biomarkers for antiangiogenic therapy against neuroblastoma.  
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Chapter 5 : Exploring the histological correlates of native T1 
mapping in neuroblastoma pathology and its response to MYCN-
targeted therapy in vivo 

 

5.1 Introduction 
 

5.1.1 MYCN-targeted therapies for high-risk MYCN-driven neuroblastoma  
 

Amplification of the proto-oncogene MYCN is the most common genomic 

aberration in neuroblastoma, which defines a subgroup of children with a high-

risk disease. MYCN plays a central role in the biology of high-risk neuroblastoma 

and as such represents a major therapeutic target. Small molecule inhibitors 

targeting the stability of MYCN protein have shown strong anti-tumour activity in 

the Th-MYCN model and are being evaluated in early-phase paediatric clinical 

trials (88, 266-268). These include the selective inhibitor of Aurora A kinase, 

alisertib (MLN8237, NCT01601535), and selective inhibitors of mTOR activity 

(NCT01331135, NCT01467986, NCT01625351, NCT02343718, NCT02574728, 

NCT02638428, NCT02813135). 

 

5.1.2 Reduction in the native spin lattice relaxation time T1 as a generic biomarker 
of response to therapy 
 
McSheehy and colleagues have demonstrated that an early reduction in native 

spin-lattice relaxation time T1 measured using inversion recovery true fast 

imaging with steady-state precession (IR-TrueFISP) MRI, correlated with 

eventual change in tumour volume in a wide range of chemosensitive xenograft 

models following treatment with five drugs with varied mechanism of action (28). 

Jamin and colleagues demonstrated that a reduction in median tumour T1, can 

provide a sensitive biomarker of response to cyclophosphamide, which is a 

ubiquitous component of various frontline protocols for neuroblastoma, and to 

anti-vascular therapies in the Th-MYCN model (41). While T1 is a fundamental 

parameter in MRI, the pathological determinants underpinning the reduction in 

native tumour T1 associated with successful therapy remains unclear, although 

potentially associated with the release of paramagnetic species during cell death.  
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5.1.3 Aim of this chapter 
 

In this chapter, I demonstrate how native tumour T1 provides a robust biomarker 

of response to alisertib and the mTOR inhibitor vistusertib (AZD2014) in the Th-

MYCN model of neuroblastoma. The comparison of native T1 maps with those 

derived from multi-parametric MRI and computational pathology demonstrated 

that native T1 mapping (the voxel-wise quantification of T1) is sensitive to the rich 

histological presentation of neuroblastoma, including regional differences in the 

density of undifferentiated, differentiating and apoptotic neuroblasts populations. 

The potential application of T1 mapping for diagnosis/prognosis, surgical planning 

and the evaluation of novel therapies for children with neuroblastoma, as well as 

the mechanism of contrast, are discussed.   
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5.2 Materials and Methods 
 

5.2.1 Animals, imaging and drug treatment schedule 
 

A total of 46 mice were enrolled with a median tumour volume of 861 ± 86 mm3 

(derived from T2-weighted MRI; median ± 1 s.e.m., ranging from 280 to 2557 

mm3). MRI was performed prior to treatment (Day 0). Mice were left to recover 

for 24h, and then treated (Day 1) with 30 mg/kg p.o. of Alisertib (MLN8237, 

purchased from Selleckchem, n=11) or vehicle (10% 2-hydroxypropyl β-

cyclodextrin, 1% NaHCO3, n=9), or 25 mg/kg p.o. of Vistusertib (AZD2014, 

obtained under material transfer agreement with AstraZeneca, n=14) or vehicle 

(5% DMSO, 95% PEG300, n=12). Post-treatment MRI was performed 24h after 

treatment started (Day 2).  

 

To retrospectively analyse the relationship between T1 and R2*, a total of 71 mice 

were included. 

 

A more detailed description of the animal experiments can be found in the 

Appendix. 

 

5.2.2 MRI 
 

For all the mice, contiguous anatomical T2-weighted transverse images were 

acquired through the mouse abdomen for the quantification of tumour volume, 

optimization of the local field homogeneity using the FASTmap algorithm, and for 

planning the subsequent multiparametric MRI measurements. In addition to IR-

TrueFISP MRI for quantification of the spin-lattice (T1) and spin-spin (T2) 

relaxation times, these also included measurement of the apparent diffusion 

coefficient (ADC), the transverse relaxation rate R2* and the magnetization 

transfer ratio (MTR). 

 

A more detailed description of the MRI methods can be found in the Appendix. 
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5.2.3 Computational pathology/digital histology 
 

Digitized histology. Histology FFPE sections were acquired as described in 

Chapter 3 and stained with H&E. I digitized the whole-slide H&E images using a 

Hamamatsu NanoZoomer XR scanner (20x magnification, 0.46μm resolution, 

Hamamatsu, Japan).  

 

MRI-histology alignment. For each tumour, the MRI slice of interest was visually 

aligned with the digitized whole-slide H&E stained image using anatomical 

landmarks as described in Chapter 3. 

 

Cell segmentation and classification. Image processing was carried out using the 

CRImage-based pipeline, as described in Chapter 2. Cells were segmented and 

subsequently classified into 5 categories: undifferentiated neuroblasts, 

differentiating neuroblasts, apoptotic cells, lymphocytes, stromal cells.  

 

Generation of cellular density and classified cell parametric maps. Whole-slide 

images of cells were processed to match the MRI resolution (234 x 234 μm), with 

the number of segmented cells and classified cells within 518x518 pixel-regions 

representing a single pixel in the final cell density maps. Density maps were 

normalized to their sample’s maximum number of cells/classified cells in order to 

facilitate the evaluation intra-tumour heterogeneity. 

 

MRI- and histology-derived parametric map registration. This was performed 

using the CPD algorithm as described in Chapter 3. Firstly, density maps of all 

the segmented cells were non-rigidly registered to the T1 images based on 

features extracted by a Canny edge detector. Using the edge features extracted 

from the density maps of all the segmented cells, the density maps of each 

classified cell category were subsequently registered to the T1 maps.  

 

Spatial quantitative comparison between MRI parametric maps or between MRI- 

and histology-derived maps. In order to explore and understand the biological 

determinants of native T1, native T1 values were compared with maps of the other  
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MRI parameters (including R2* as a marker for haemorrhage as demonstrated in 

Chapter 4) and the histology-derived parametric maps. Taking into account the 

inherent difficulties in quantitatively comparing MRI to histology discussed in 

Chapter 3, an unbiased region-based approach was chosen over a pixel-to-pixel 

comparison. The T1 parametric maps were divided into sub-regions of high and 

low values using various thresholds summarized in Table 5.3. A binary mask was 

created for each sub-region and applied to the second parametric map. This 

analysis was performed in 13 tumours across both vehicle cohorts for which 

precise MRI-Pathology registration was possible. Statistical comparison of sub-

regional median values between the two parametric maps was performed and 

the process was repeated in reverse.  

 

Cleaved caspase-3 immunohistochemistry and quantification. Cleaved caspase-

3 (CC3) (Asp175) (Cell Signalling, #9661) antibodies were used. Cleaved 

caspase 3 expression was quantified as the percentage of stained area on 

digitized whole-slide histopathological images (10x) by applying colour 

deconvolution to extract the brown colour channel followed by the application of 

a manual threshold using Fiji. Computational analysis of Cleaved caspase 3 

expression was conducted on digitized whole-slide histopathological images 

(20x) using the free software QuPath-version 0.1.2 (https://qupath.github.io/). 

CC3 staining for each cell was quantified as the mean optical density of nuclear 

DAB staining using the Positive Cell Detection module (269-273). Results of 

detected CC3 positive cells were exported and processed to produce maps of 

equivalent MRI-resolution in Matlab as described previously. 

 

5.2.4 Statistical Analysis 
 

Statistical analysis was performed with GraphPad Prism 7 (GraphPad Software 

Inc., La Jolla, USA). The mean values for tumour volume, and the mean of the 

median values for all the quantitative MRI parameters were used. All the absolute 

and treatment-induced relative changes in MRI parameters were assumed to be 

normally distributed, which was confirmed using the D’Agostino-Pearson 

omnibus K2 normality test. Student’s two-tailed t-test was used to assess any 

significant differences in quantitative MRI parameters and tumour volume upon 
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treatment (paired), and in the magnitude of these changes compared to the 

control cohort (unpaired), with a 1% level of significance. Further statistical 

analysis was performed with the Bonferroni correction (n=5). Any significant 

differences between groups identified in the sub-regional analysis were identified 

using the Wilcoxon signed rank test with a 5% level of significance. Significant 

correlations were determined using linear regression analysis, confirmed by 

using the robust regression and outlier removal approach (274). 
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5.3 Results 
 

5.3.1 Alisertib and vistusertib elicit significant anti-tumour activity associated with 
a decrease in native T1 
 

The Th-MYCN GEM model of neuroblastoma recapitulates the aggressiveness 

of the clinical disease, with an observed average 31 ± 4% increase in tumour 

volume measured over the 48h experimental time course (Table 5.1, Table 5.2, 

Figure 5.1). Despite this, tumour median values for all the MRI parameters 

remained stable over 48h in the vehicle treated cohorts (coefficients of variation 

CoVT1= 2.4%, CoVT2= 5.8%, CoVADC= 14.0%, CoVR2*= 11.7%, CoVMTR= 6.2%). 

There was no significant difference in tumour volume between the different 

treatment cohorts at the time of enrolment (Figure 5.2). Treatment with either 

alisertib or vistusertib led to a highly significant reduction in native T1 (-9.3 ± 0.9% 

and -5.4 ± 1.1%, both P < 0.0001) and was associated with a significant reduction 

in tumour volume with vistusertib (-42 ± 5.1%, P<0.0001) but not alisertib, 

although a reduction in tumour volume was seen in 9 out of 11 treated mice 

(Figure 5.3). Both the alisertib and vistusertib treated groups elicited significant 

anti-tumour activity when compared to their respective vehicle control cohorts 

(both P<0.0001). No significant changes in tumour native T2, ADC, R2*, or MTR 

were determined following treatment with either alisertib or vistusertib, nor any 

treatment-induced relative changes compared with vehicle controls. 
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Figure 5.1 Representative T2-weighted anatomical MR images of tumour-bearing Th-
MYCN mice and associated parametric maps of the tumour spin-lattice relaxation time 
T1, transverse relaxation rate R2*, spin-spin relaxation rate R2 (=1/T2), apparent diffusion 
coefficient (ADC) and magnetization transfer ratio (MTR), prior to and 24 hours following 
treatment with 25mg/kg vistusertib, 30mg/kg alisertib or vehicle. 

 

 
 

Figure 5.2 Summary of the tumour volumes quantified using T2-weighted MRI at the time 
of enrolment (D0). There was no significant difference in tumour volume at D0 between 
the different treatment cohorts (P > 0.01, one-way ANOVA with a 5% level of 
significance).  
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Figure 5.3 Waterfall plots documenting relative changes in tumour volume in the Th-
MYCN mouse model of neuroblastoma 24 hours following treatment with A. 25mg/kg 
vistusertib, B. 30mg/kg alisertib, or their respective vehicle. 

 

5.3.2 Low native tumour T1 correlates with high tumour red blood cell content. 
 

The effect of the characteristic haemorrhagic phenotype on native T1 was 

evaluated by comparing T1 and R2* maps (Figure 5.1) based on the robust 

relationship between native R2* and RBC aggregates established in Chapter 4. 

Regions of high R2* co-localized with regions of low native T1. Retrospective 

analysis of measurements made in 71 untreated tumours arising in GEM models 

of neuroblastoma revealed that the median native T1 inversely correlated with 

native median R2* (r= -0.59, P < 0.0001) (Figure 5.4A). Sub-regional analysis 

using established empirical R2* threshold values (R2*< 70s-1 as no haemorrhage 

(43, 275) and > 250s-1 as purely RBC, and mixed regions of neuroblasts and RBC 

for the R2* values between) identified significantly different values of T1 

associated with low (< 70s-1), intermediate and high (> 250s-1) R2* (Figure 5.4B). 

Comparison of the relative changes in median T1 and R2* with treatment revealed 

a significant negative correlation (r = -0.78, P = 0.002 with Bonferroni correction 

[n=5], Figure 5.4C). Importantly, both positive and negative changes in tumour 

R2* occurred with treatment, thereby accentuating the sensitivity of native T1 to 

RBC deposition, but excludes changes in the content of paramagnetic RBCs or 

other such species as the main cause of reduction in T1 upon treatment.  
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Figure 5.4 A. Scatter graph of the native spin lattice relaxation time T1 against native 
transverse relaxation rate R2* from 71 untreated tumours arising in genetically-
engineered murine models of neuroblastoma. Linear regression analysis and associated 
95% confidence and prediction intervals are shown. A highly significant negative 
correlation was obtained (r = -0.59, P < 0.0001 with Bonferroni correction [n=5]). B. Box-
and-whisker plot showing the difference in native T1 in sub-regions categorized by low 
(< 70s-1), intermediate (70s-1 < R2* < 250s-1) and high (> 250s-1) values of R2* measured 
in Th-MYCN tumours treated with vehicle (n= 13). Data are medians and interquartile 
range. C. Scatter graph of relative changes in native tumour R2* (DR2*) and relative 
changes in native T1 (DT1) 24 hours following treatment with either alisertib or vistusertib. 
Bold lines represent linear regression with crossed dots indicating outliers determined 
using the robust regression and outlier removal approach. Grey shaded area indicates 
the 95% confidence intervals while dashed lines indicate 95% prediction confidence. A 
significant negative correlation was obtained (r = -0.78, P = 0.002 with Bonferroni 
correction [n=5]). 

 

5.3.3 High native tumour T1 correlates with high density of undifferentiated 
neuroblasts and with low density of apoptotic neuroblasts 
 

I then focused on the major histological component of these tumours, i.e. the 

dense cellular network. I generated parametric maps of classified undifferentiated 

neuroblasts and apoptotic cells density and compared them with spatially-

registered native T1 maps. In vehicle control tumours, regions exhibiting high 

values of T1 co-localized with dense regions of undifferentiated neuroblasts 

(Figure 5.5).  
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Figure 5.5 Representative MRI-derived parametric maps of the tumour spin-lattice 
relaxation time T1 and transverse relaxation rate R2*, and registered histopathology-
derived parametric maps of cell density including undifferentiated and apoptotic 
neuroblasts in the Th-MYCN model of neuroblastoma, 24 hours following treatment with 
either vehicle control, 25mg/kg vistusertib or 30mg/kg alisertib.  

 

Threshold-based sub-regional analysis confirmed that regions with higher T1 

values corresponded to areas of increased density of undifferentiated 

neuroblasts and, reciprocally, regions with higher neuroblast density had higher 

native T1 values (Table 5.3 and Figure 5.6A&B). Interestingly, areas dense in 

apoptotic cells in vehicle control tumours also corresponded to regions of lower 

native T1. The widespread reduction in T1 seen in the vistusertib-treated tumours 

was associated with a widespread and significantly higher fraction of apoptotic 

cells (57 ± 3% compared to 16 ± 3% in vehicle control, P < 0.0001) and tissue 

damage, concomitant with a significantly lower fraction of undifferentiated 

neuroblasts (21 ± 3% compared to 64 ± 4% in vehicle control, P < 0.0001) (Figure 

5.6C).  
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Thresholds 

on 

density 

values 

T1 values from segmented cells 

density thresholds 

T1 values from classified undifferentiated 

neuroblasts density thresholds 

 High Low p-value High Low p-value 

Median 1753±18 1742±19 0.01 1763±17 1736±20 0.0005 

Otsu 1761±17 1721±21 0.0005 1786±17 1737±18 0.003 

85th 

percentile 

1769±22 1761±16 0.38 1778±18 1752±17 0.008 

 

Thresholds 

on T1 values 

Segmented cells density Classified undifferentiated neuroblasts density 

 High Low p-value High Low p-value 

Median 0.58±0.02 0.50±0.02 0.0002 0.48±0.03 0.33±0.03 0.0002 

Otsu 0.57±0.02 0.33±0.02 0.0002 0.47±0.03 0.17±0.02 0.0002 

T1 > 1900 0.57±0.02 0.52±0.02 0.0002 0.49±0.03 0.37±0.03 0.0002 

 

Table 5.3 Summary of sub-regional analysis for the comparison of T1 with segmented 
cell density and classified undifferentiated neuroblasts density. 
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Figure 5.6 A. Box-and-whisker plot showing the difference in native T1 values in sub-
regions categorized by low and high density of undifferentiated neuroblasts. 
Dichotomization was achieved using either median, Otsu or 85th percentile thresholds on 
registered histopathology-derived parametric maps of segmented and classified 
undifferentiated neuroblasts in vehicle control Th-MYCN tumours (n=13). B. Box-and-
whisker plot showing the difference in undifferentiated neuroblast density in sub-regions 
categorized by low and high native T1 values, defined using either median, Otsu or 
T1>1900ms thresholds in vehicle control Th-MYCN tumours. Data are medians and 
interquartile range. (P, Wilcoxon signed rank test with a 5% level of significance) C. 
Proportion of undifferentiated and apoptotic neuroblasts relative to all cells derived from 
cell segmentation and classification from haematoxylin and eosin (H&E) stained 
histopathology from Th-MYCN tumours 24 hours following treatment with either vehicle 
control, 25mg/kg vistusertib or 30mg/kg alisertib. D. Scatter graph showing that the 
reduction in native tumour T1 over 24h treatment with either alisertib or vistusertib 
correlated with an increased proportion of apoptotic cells present in the tumour at the 
time of excision (r= 0.55, P=0.04). E,F. Scatter graphs showing that median tumour 
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native T1 in the treated and vehicle control cohorts positively correlated with the 
proportion of undifferentiated neuroblasts (r= 0.70, P < 0.0001), and negatively 
correlated with the proportion of apoptotic neuroblasts (r= -0.63, P = 0.006). Grey shaded 
area indicates 95% confidence intervals while dashed lines indicate 95% prediction 
confidence. 

 

The more modest but widespread reduction in T1 in the alisertib-treated tumours 

was not associated with any detectable differences in the fraction of apoptotic or 

undifferentiated neuroblasts on corresponding H&E staining, as confirmed by 

cleaved caspase 3 staining (Figure 5.7, Figure 5.8). Note that this response was 

however associated with the reduction in tumour volume seen in 9 out of the 11 

mice treated (Table 5.1), and the absence of any significant difference in tumour 

T1 post-treatment between the alisertib and vehicle control cohorts (contrary to 

that seen with vistusertib, P < 0.0001).  
 

Combining the MRI data from vistusertib- and alisertib- treated mice with matched 

histopathology revealed a significant negative correlation between treatment-

induced reduction in T1 over 24h and the proportion of apoptotic neuroblasts 

present in the tumour at the study endpoint (r = -0.55, P = 0.04, Figure 5.6D). 

Combining the MRI data from vehicle control, vistusertib and alisertib-treated 

tumours with matched histopathology showed a positive correlation between 

median T1 and the ratio of undifferentiated neuroblasts (r = 0.70, P < 0.0001, 

Figure 5.6E) and a negative correlation with the fraction of apoptotic cells (r = -

0.63, P = 0.006, Figure 5.6F). 
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Figure 5.7 Quantification of cleaved caspase-3 staining in tumours arising in the Th-
MYCN mouse model of neuroblastoma 24h after treatment with 30mg/kg alisertib or 
vehicle.  

 

 

 
 

Figure 5.8 A. Scatter graph showing that the proportion of apoptotic cells in tumours 
arising in the Th-MYCN mouse model of neuroblastoma 24h after treatment with 
30mg/kg alisertib or vehicle and quantified using the cell classification algorithm 
significantly correlated (r = 0.88, P < 0.0001) with the proportion of cells staining 
positively for cleaved caspase 3 on adjacent IHC slides. The grey shaded area indicates 
the 95% confidence intervals while the dashed lines indicate 95% prediction confidence 
B. Histopathology-derived parametric maps showing apoptotic cells density determined 
using the cell classification algorithm and the density of cells staining positively for 
cleaved caspase 3 in Th-MYCN tumours 24 hours following treatment with 30mg/kg 
alisertib or vehicle.  
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5.3.4 Regions rich in differentiating neuroblasts are associated with lower T1 
values.  
 

Three tumours exhibited a significant amount of differentiating neuroblasts (yet 

with only very few mature ganglion cells). In these tumours (Figure 5.9), 

previously shown to have very low levels of haemorrhage (275), regional 

differences in T1 visually and spatially corresponded to differences in 

undifferentiated neuroblast density, with regions of low T1 and low density 

undifferentiated neuroblasts corresponding to hotspots of differentiating 

neuroblasts, arranged in islands separated by a large amount of neuropil or 

simply interspersed with undifferentiated neuroblasts.  

  

 
 

Figure 5.9 Three cases of differentiating tumours in the Th-MYCN model of 
neuroblastoma. A. Representative MRI-derived parametric maps of the tumour spin-
lattice relaxation time T1 and transverse relaxation rate R2*, and registered 
representative pathology-derived parametric maps of tumour cell density including 
undifferentiated, apoptotic and differentiating neuroblasts. 
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5.4 Discussion  
 

This chapter exploited computational pathology methodologies to explore the 

sensitivity of T1 mapping to the rich histological presentation of neuroblastoma, 

and how it can provide a sensitive biomarker of response to two clinically-relevant 

MYCN-targeted therapeutics in the Th-MYCN GEM model of neuroblastoma.  

 

T1 mapping of neuroblastoma histopathology and its regional heterogeneity  

 

Using this approach, four major determinants of the regional heterogeneity 

observed on native T1 maps were identified, and confirmed using quantitative 

sub-regional analysis and included:  i) regions with high T1 values which 

corresponded to hotspots of undifferentiated neuroblasts, characterized by a high 

level of proliferation, whereas ii) regions rich in differentiating neuroblasts 

exhibited lower T1 values, and both iii) regions with large amounts of extravasated 

RBCs and iv) large areas of cell damage, with or without RBCs, were both 

associated with very low T1 values. The association between T1 and extravasated 

RBCs was an expected finding consistent with the linear relationship of blood T1 

with haematocrit level and haemorrhage (276). 

 

Reduction in tumour native T1 is associated with a reduction in undifferentiated 

neuroblast density 

 

Data with vistusertib treatment indicate that the reduction in native T1 was 

associated with a shift in tumour composition characterized by rapid loss of 

tumour regions with higher T1 values, a consequence of cell death, with the post-

therapy tumour T1 values determined by dying and remaining haemorrhagic 

fractions. A similar conclusion can be drawn on the contrast mechanism 

underpinning the reduction in T1 upon treatment with alisertib, based on both the 

known mechanism of response to alisertib through apoptosis in this model and 

the observed reduction in tumour volume in our study (268). However, this could 

not be confirmed using endpoint histopathological assessment, potentially due to 

the high inter-tumour heterogeneity both in terms of the amount of apoptosis 
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present at the time of enrolment (as shown by the endpoint histopathology in the 

vehicle cohorts) and in the actual response to alisertib treatment in this model as 

recently reported (268). The absence of any significant relative change in R2*, a 

validated biomarker for RBC (277), or T2, ADC and MTR, which all relate to tissue 

water content/binding, strongly suggests that the overall decrease in T1 is being 

driven by the loss of the tissue fraction with high T1 values, i.e. regions with a 

high density of undifferentiated neuroblasts, rather than a gain of new MRI 

contrast e.g. that resulting from cell death-mediated release of paramagnetic ions 

(278, 279).  

 

Why is T1 sensitive to neuroblastoma histopathology and its modulation? 

 

By definition, the spin-lattice T1 relaxation time refers to the interaction or energy 

transfer between the excited 1H spin and the molecules within the surrounding 

molecular structure. The T1 value, i.e. the efficacy of the spin-lattice relaxation, 

is dependent on molecular tumbling of the molecule in which the proton resides. 

For MRI applications, this molecule is primarily water, which can be present in 

three states associated with different T1 values: i) free water (free to move, high 

T1), ii) "structured" water (bound to a macromolecule by a single bond where 

molecular tumbling is still possible, lower T1), iii) "bound" water (found in solids, 

bound by multiple bonds, high T1). The general consensus is that the reduced 

tissue T1 of structured water is a consequence of its interaction with proteins and 

other macromolecules. Tissue T1 thus depends on compartmentalization of 

structured water and the amount of molecular crowding within each different 

compartment. Cancer cells and tumour tissue typically have elevated T1 values 

compared to normal tissues, the original observation that demonstrated the 

potential of MRI for cancer diagnosis.  Elevated tumour T1 remains attributed to 

a difference in intracellular water structure and order compared to normal cells 

(280, 281). T1 has also been suggested to change during cell cycle and mitosis 

in vitro, a phenomenon also attributed to different levels of water-macromolecule 

interactions (282, 283). However, very early work in MRI-detectable isolated 

large cells such as Xenopus oocytes and Aplysia neurons confirmed that cell 

nuclei exhibit higher T1 values than the cytoplasm (1.85 vs 1.2s respectively for 

Xenopus oocytes at 7T), and that degradation/permeabilization of the nuclear 
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envelope causes an equilibration of T1 values (284, 285). A more recent study 

reported anomalously rapid hydration water diffusion dynamics near DNA 

surfaces, which demonstrates that water interacts differently with DNA compared 

to protein. More precisely, water behaves like free water near DNA (286), which 

would explain both the higher nuclear T1, and the change in T1 observed during 

mitosis when the chromatin is condensed and DNA is less accessible to water 

molecules and the nuclear membrane completely disappears. 

 

Poorly or undifferentiated neuroblastoma are defined as small round nuclei with 

stippled chromatin (diffuse open chromatin) with scant eosinophilic cytoplasm 

and indistinct cell borders. This definition is thus self-explanatory for the higher 

T1 values reported here in areas of dense, undifferentiated neuroblasts (dense 

cells with a high nuclear/cytoplasmic ratio and minimal extracellular 

compartment). We can also assume that any reduction in undifferentiated cell 

density, or change in cell phenotype and/or intracellular compartmentalization, in 

a sufficiently large number of cells would thus result in a reduction in T1 (77). The 

reduced native T1 associated with dense areas of differentiating neuroblasts, 

characterized by lower nuclear to cytoplasmic ratio, lower cell density, and 

possibly surrounded by abundant eosinophilic neuropil, supports this hypothesis. 

Many of the events occurring during apoptosis, including water loss, pyknosis 

and karyorrhexis, would also align with a reduction in T1 if happening in a 

sufficient number of cells (287). Interestingly, both pyknosis and karyorrhexis are 

steps common to apoptosis, necrosis and senescence, indicating a potential 

generic sensitivity of T1 to cell death. As virtually all undifferentiated neuroblasts 

in this model are positive (and apoptotic cells negative) for the proliferation 

marker Ki67 (204), this hypothesis corroborates the studies by McSheehy and 

colleagues showing that a reduction in native T1 positively correlates with Ki67 

staining (278, 279). 
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Potential further clinical applications in guiding risk stratification and surgical 

planning and early clinical trials to develop new drugs 

 

The differential diagnosis and risk-stratification for children with neuroblastoma is 

based on criteria including histological features such as the grade of tumour 

differentiation. The sensitivity of T1 mapping to regions rich in undifferentiated, 

apoptotic or differentiating neuroblasts seen in the Th-MYCN model herein 

suggests its potential to non-invasively classify tumours by favourable and 

unfavourable histology. It may also help identify anaplastic lymphoma kinase 

(ALK) positive regions, mutations associated with poor outcome in 

neuroblastoma, and for which small molecule inhibitors are currently being 

developed. Interestingly, ALK mutations have been shown to be associated with 

a differentiating molecular signature, confirmed at a pathological level in several 

MYCN- and ALK-mutated GEM models (206, 214, 249, 258). T1 mapping may 

also afford additional prognostic value in confirmed cases of neuroblastoma, in 

which high cellular density of proliferative cells is associated with poor outcome, 

whereas a high density of apoptosis suggests a more favourable outcome (288). 

Finally, T1 mapping may help identify the nature of tumours following the induction 

phase of frontline therapy, where it is uncertain if a mass is comprised of 

undifferentiated neuroblastoma or apoptotic or differentiated disease. In this 

regard, T1-mapping would provide additional and complementary information to 

semi-quantitative molecular imaging strategies such as MIBG and FDG-PET 

scans and help confirm the nature and heterogeneity of the disease associated 

with MIBG avid/non-avid and FDG (positive/negative) disease. This is important 

as discrepancies exist between the expression of the norepinephrine transporter 

(NET), responsible for the uptake of MIBG, and the presence of an aggressive 

cellular phenotype. These include MIBG non-avid disease that presents in ~10% 

of children, and reduced NET protein expression in high risk MYCN-amplified 

disease (289). Additionally, targeted therapies against MYCN or ALK can lead to 

the modulation of vascular perfusion (and hence the delivery of radiolabeled 

MIBG and FDG), glucose uptake and NET expression, which may potentially lead 

to a change in MIBG avidity which does not reflect, or makes it difficult to assess, 

changes in the extent of active disease using the current INRC guidelines. 

Treatment with the histone deacetylase inhibitor Vorinostat has for example been 
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shown to be effective against neuroblastoma while increasing NET transporter 

expression in neuroblastoma (290).  T1 mapping has the potential to help improve 

the accuracy of detection of active disease for enhance surgical tissue sampling, 

surgical resection planning and response assessment.  

 

Translating T1 mapping into the neuroblastoma clinic   

 

The voxelwise quantification of T1 is an essential component of many MRI-based 

functional and molecular imaging techniques being developed to study the 

tumour microenvironment and for the evaluation of novel targeted therapies, 

including immunotherapy (291-296). DCE-MRI, arterial spin labelling (ASL-) MRI 

and oxygen-enhanced T1-MRI are being evaluated clinically to assess tumour 

vascular perfusion/permeability and hypoxia. However, native tumour T1 maps 

acquired in the clinic are often only estimated and seldom reviewed or interpreted 

(41).  In contrast, the clinical adoption of native T1 mapping has increased the 

potential for the non-invasive and differential diagnosis of cardiac pathology (297, 

298) and the staging of chronic liver disease (299). The cardiac MR experience 

has shown that T1 mapping is simple to perform and analyse, minimally 

subjective, and highly reproducible (~2% CoV for a modified Look-Locker 

inversion recovery MOLLI sequence over 24 hours (300)). However, there are 

many acquisition schemes available for T1 mapping, and the measured T1 will 

depend on the precision and reproducibility of each scheme, and how is it 

affected by motion, flow and off-resonance effects. In our study, one of the 

advantages of the IR-TrueFISP technique, aside from its high accuracy, is that it 

is inherently flow compensated in the directions of slice selection and readout, 

especially at the blood velocity observed in tumours (301), allowing us to exclude 

changes in vascular flow as a source of reduction in native T1. Moving forward, 

including T1-mapping in an ethically-approved clinical study within the standard-

of-care frontline chemotherapy would provide the study to rapidly evaluate and 

validate T1-mapping potential for the neuroblastoma clinic. Such a study would 

also inform on the potential of native T1-mapping to help better define bone and 

bone marrow metastasis and its response to treatment.  

 

 



 191 

Beyond neuroblastoma 

 

The potential value of native T1 reduction as a generic biomarker of early tumour 

response to therapy was first demonstrated by McSheehy and colleagues (278, 

279). By understanding the spatial relationship of T1 mapping with regional 

variations in neuroblastoma phenotype, new light is shed into the biology 

underpinning native T1 contrast, based on cell anatomy. The data demonstrated 

in this chapter strongly support the use of T1 mapping as a generic approach to 

assess early response to cancer treatment, especially since i) the “small-blue-

round-cell tumour” phenotype, characterized by monotonous proliferations of 

small, undifferentiated or poorly differentiated cells with scant cytoplasm, is 

actually used to refer to the phenotype of a large group of highly aggressive 

tumours, including many high-risk paediatric malignancies such 

rhabdomyosarcoma and medulloblastoma (and adult cancers such as certain 

subtypes of sarcoma, carcinoma, lymphoma, and melanoma) and ii) both 

pyknosis and karyorrhexis are common steps to the major cell death processes. 

However, it would be important to understand the disease or tissue-specific 

factors, which may also affect native T1 including the presence of oedema, fat or 

melanin.  
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5.5 Conclusion  
 

In summary, Chapter 5 demonstrates that native T1 mapping can precisely and 

quantitatively map the rich histopathology of neuroblastoma tumours and its 

modulation by MYCN-targeted therapeutics in the clinically-relevant Th-MYCN 

model of neuroblastoma. By providing strong evidence for the sensitivity of native 

T1 to dense areas of undifferentiated neuroblasts, these data suggest further 

application for diagnosis, risk stratification and surgical planning, and that its 

potential as a biomarker of successful response to therapy could be extended to 

larger subsets of aggressive paediatric and adult tumours. Widely available on 

conventional clinical scanners, our study provides a strong rationale for the 

incorporation of T1 mapping both at the time of diagnosis and in early phase 

clinical trials to guide clinical decision making and the delivery of precision 

medicine to children with neuroblastoma.    
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Chapter 6 : Evaluating the sensitivity of ADC to childhood 
neuroblastoma pathology using gaussian mixture models and 
computational pathology in vivo.  
 

6.1 Introduction 
 

As discussed in Section 1.3.3.3, diffusion-weighted MRI is increasingly being 

used for assisting neuroblastoma diagnosis (302-304). The more benign forms, 

ganglioneuroma and ganglioneuroblastoma, are Schwannian stroma-rich 

tumours characterized by high median ADC value. On the contrary, aggressive 

undifferentiated or poorly-differentiated neuroblastoma are stroma-poor tumours 

characterized by monotonous proliferations of small, undifferentiated or poorly 

differentiated cells with scant cytoplasm, in which water diffusion is highly 

restricted (low ADC). Jain and colleagues recently reported a case study 

demonstrating the utility of DW-MRI in the diagnostic ganglioneuroblastoma 

nodular (GNBn) (305). DWI successfully detected and guided biopsy of a poorly 

differentiated neuroblastoma nodule within the context of a well-differentiated 

ganglioneuroma (Figure 1.7). 
 

6.1.1 Aim of this chapter 
 

The utility of ADC in the differential diagnosis in neuroblastoma is based on the 

discrimination of stroma-rich versus stroma-poor disease. In this chapter I use 

Gaussian mixture modelling and computational pathology methods in the MRI-

histopathology registered datasets to further evaluate the sensitivity of diffusion-

weighted imaging to the heterogeneous histopathology of stroma poor, poorly- 

and un-differentiated neuroblastoma using the Th-MYCN model of 

neuroblastoma. Since DWI is increasingly being used in the neuroblastoma clinic, 

and ADC is being actively investigated as an imaging biomarker of treatment 

response in oncology (306, 307), ADC is highly likely to be incorporated to 

evaluate response in early phase clinical trials designed to evaluate the efficacy 

of novel targeted therapies in children with high-risk neuroblastoma. Here, GMM 

analysis will be used to provide an essential understanding of the neuroblastoma-

specific histological determinants of median ADC, which may explain why no 

apparent change in median tumour ADC over 24 hours was detected in the 



 194 

tumours of the Th-MYCN model upon treatment with vistusertib, despite evidence 

of marked tissue response revealed by endpoint histological assessment.  

 

6.2 Materials and methods 
 

In vivo study design and protocol, including MRI acquisition and analysis, 

computational pathology methodologies for cell segmentation and classification 

are described in Chapter 5. The MRI-histopathological registration frame used in 

this chapter is described in Chapter 3.   

 

6.2.1 Gaussian mixture models for tumour clustering:  
 

From visual inspection of the registered ADC-H&E images, we identified 5 

pathological determinants of regional heterogeneity in ADC maps (Figure 6.1): 1) 

red blood cells accumulation, 2) large areas of tissue damage with low ADC 

(restricted diffusion), 3) monotonous sheet of small undifferentiated cells, 4) 

areas rich in islands of differentiating neuroblasts separated by neuropil and 5) 

large areas of tissue damage associated with very high ADC (unrestricted 

diffusion). We used GMMs to cluster data in an unsupervised way. To 

complement the visual assessment, we computed the Bayesian and Akaike 

information criteria (BIC, AIC) to determine the appropriate number of clusters (2-

10 were tested). GMMs were applied in 6 tumours from the vehicle-control group, 

containing representative proportions of all the areas of interest. A GMM was 

applied 1000 times on the ADC data with random initialisations and the median 

value of the threshold for each cluster was selected. 

 

Both vehicle control and vistusertib-treated tumours were then classified using 

the defined clusters. 
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6.3 Results  
 

Both BIC and AIC criteria indicated to cluster the data using between 3 to 8 

clusters, which we fixed to 5 based on the initial hypothesis. Application of the 

GMMs resulted in 5 compartments: ADCvl (0-188.10-6 mm2.s-1), ADCl (188-

452.10-6 mm2.s-1), ADCm (452-850.10-6 mm2.s-1), ADCh (850-1400.10-6 mm2.s-1) 

and ADCvh (1400-2000.10-6 mm2.s-1). Figure 6.1 show representative examples 

of segmented maps according to the ADC compartments and Figure 6.2 plots the 

mean size the compartment of the different tumours used in this study. Figure 6.3 

summarises representative histopathological features found in each of the ADC 

compartments. 

 

 
 

Figure 6.1 Representative maps of tumour ADC values and ADC compartments derived 
from Gaussian mixture models with registered histopathology-derived maps of cell 
density including undifferentiated and apoptotic neuroblasts in the Th-MYCN model of 
neuroblastoma, 24h following treatment with vehicle control or vistusertib. 
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Figure 6.2 Gaussian mixture modelling of the apparent diffusion coefficient distribution 
in the tumours of the Th-MYCN model of neuroblastoma prior and after treatment with 
vistusertib or vehicle control. 
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6.3.1 Median tumour ADC and ADC compartments are not sensitive to tissue 
response following treatment with vistusertib.  
  

As discussed in Chapter 5, treatment with vistusertib was not associated with any 

significant change in tumour median ADC over 24h (Figure 6.4). There was no 

correlation between the change in tumour median ADC and the change in native 

T1 which is shown to be a robust marker of response to treatment with vistusertib 

in Chapter 5. Interestingly there was a significant and strong correlation between 

change in ADC and MTR over treatment with vistusertib (Figure 6.5). However, 

the absence of significant change in median tumour MTR further corroborated 

the lack of sensitivity of median tumour ADC to tissue response to vistusertib. 

Vistusertib treatment was not associated with any change in the size of any of 

the ADC compartments, despite the significant reduction in tumour burden in all 

treated mice. Interestingly the median tumour ADC in vistusertib-treated tumours 

was higher than in the vehicle control cohort at the 24 hours timepoint 

(689±40.10-6 mm2.s-1 vs 584±26.10-6 mm2.s-1, P = 0.04). This was particularly 

associated with significantly larger ADCh and ADCvh compartments in treated 

tumours (22±3% vs 13±3%, P = 0.03 and 9±2% vs 4±1%, P = 0.01 respectively). 

It is, however, important to stress that there was no significant change in these 

two compartments over treatment. 

 

Visual inspection of H&E-stained images revealed marked tissue remodelling in 

tumour treated tumours, which was confirmed quantitatively by the significantly 

lower fraction of undifferentiated neuroblasts (66±4% vs 21±3%, P < 0.0001) and 

higher fraction in apoptotic cells (17±3% vs 57±3%, P < 0.0001) in vistusertib-

treated tumours compared to vehicle control tumours at 24h. However, there was 

no significant difference in the overall cell density between the two groups (Figure 

6.5).  
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Figure 6.4 A. Changes in tumour median apparent diffusion coefficient (ADC) in the Th-
MYCN model of neuroblastoma 24h following treatment with vehicle control or 
vistusertib. Note that there was not significant change in tumour median ADC over 
treatment. Interestingly there was significant difference in tumour median ADC between 
treated and vehicle control tumours at the study endpoint (24h). B. Difference in tumour 
median cell density, the ratio of undifferentiated neuroblasts and apoptotic cells to all 
cells in tumours 24h after treatment with vehicle control or vistusertib. 

 

 
 

Figure 6.5 Relationship between the change in median tumour ADC and the change in 
tumour median magnetisation transfer ratio (MTR) in tumours of the Th-MYCN model of 
neuroblastoma 24h after treatment with vistusertib. 
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6.3.2 Low native tumour ADC correlates with high red blood cell content 
 

Counterintuitively, median tumour ADC correlated positively with median tumour 

cell density (r= +0.65, P = 0.005, Figure 6.6). This result was confirmed by the 

compartment analysis with ADCm+ADCh, containing the majority of the cells, 

positively correlating with the overall cell density in vehicle control (r= 0.66, P = 

0.03, Figure 6.7). A significant negative correlation was also found between both 

ADCvl and ADCl with cell density in the vehicle control (r= -0.64, P = 0.03 and r= 

-0.67, P = 0.03). Based on the original hypothesis, we compared ADC maps with 

R2* maps showing that regions with high R2*, which correspond to areas rich in 

RBC as demonstrated in Chapter 4, were associated with low ADC values. Sub-

regional analysis corroborated this observation by demonstrating first that ADCvl, 

and ADCl tumour compartments, had significantly higher median R2* than the rest 

of the tumours (Figure 6.8). Reciprocally, sub-regional analysis using the 

empirical threshold on R2* maps defined in Chapter 4 (R2*< 70s-1 as no 

haemorrhage (308, 309) and > 250s-1 as purely RBC, and mixed regions of 

neuroblasts and RBC for the R2* values between) shows significantly different 

median ADC values for each R2* based compartment with ADC decreasing as 

R2* increased. Comparison of median tumour values showed significant negative 

correlation between R2* and cell density (r= -0.77, P = 0.0002) and R2* and ADC 

(r= -0.61, P = 0.005), indicating that red blood cell aggregation is a major 

determinant of low median ADC.  
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Figure 6.6 Relationships between median tumour ADC, median tumour R2* and median 
tumour cell density in neuroblasts in tumours of the Th-MYCN model of neuroblastoma 
24h after treatment with vistusertib or vehicle control. 
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Figure 6.8 A. Sub-regional analysis demonstrates that several ADC compartments have 
significantly different median R2*. *P<0.05, **P<0.01, ***P<0.005, Wilcoxon signed rank 
test. B. Box-and-whisker plot showing the difference in ADC in sub-regions categorized 
by low (< 70s-1), intermediate (70s-1 < R2* < 250s-1) and high (> 250s-1) values of R2* 
measured in Th-MYCN tumours treated with vehicle (n = 13). Data are medians and 
interquartile range.  
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6.3.3 Increasing cell death is associated with a gradual reduction in ADC.   
 

In treated tumours, the change in the proportion of cells composing the tumours 

would potentially explain why the relation between the ADC compartments and 

cell density disappeared. Figure 6.1 illustrates discrepancies in the relation 

between ADC and the underlying pathology of neuroblastoma, showing i) a 

treated tumour with no apparent difference in ADC or ADC compartment maps 

compared to a vehicle control despite marked differences in cellular composition 

(viable vs apoptotic cells) and ii) two treated tumours with marked differences in 

ADC and ADC compartment maps but that appear to have similar phenotype 

(reduced viable cells and high fraction of apoptotic cells). Sub-regional analysis 

was thus subsequently carried out to characterise the cellular composition of 

each compartment in vehicle control and treated tumours. The median T1 values, 

which provide insight on the longitudinal changes occurring upon treatment, were 

also included in the analysis having established the sensitivity of T1 to the 

underlying pathology of neuroblastoma, particularly its sensitivity for regional high 

density of undifferentiated neuroblasts (Chapter 5). 

 

The ADC compartments were associated with differences in T1, cell density and 

undifferentiated neuroblast density values.  

 

In vehicle-control tumours:  

 

• Not surprisingly, the ADCvl compartment had the significantly lowest 

median T1 and cell density, consistent with a high R2* value, which has 

been shown to be associated with a high content of RBC and very low 

undifferentiated neuroblast density (Figure 6.9).  

 

• For the other compartments, median T1 values correlated with the 

difference in undifferentiated density, reinforcing the undifferentiated cells 

density as a major determinant of native T1 in neuroblastoma. ADCm and 

ADCh compartments contained higher density of undifferentiated 

neuroblasts and had significantly higher T1 value than the rest of the 

tumour.  
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• Finally, ADCvh, which corresponds to ADC > 1400.10-6 mm2.s-1, associated 

with un- or less-restricted diffusion, was consistently associated with lower 

T1 median value and lower undifferentiated cell density. As a matter a fact, 

the size of ADCvh rapidly decreased with the increasing fraction of 

undifferentiated neuroblasts in vehicle control tumours (r = -0.85, P = 

0.001).  

 
Upon treatment with vistusertib: 
 

•  The median T1 of ADCl, ADCm, ADCh and ADCvh compartments, 

significantly dropped corroborating the significantly lower density of 

undifferentiated neuroblasts and concomitant higher density of apoptotic 

cells found in these compartments treated at 24h compared to vehicle 

control.  

 
• There was no correlation between the change in median native T1 and 

change in ADC upon treatment neither was a correlation between native 

T1 and ADC in the treated tumours. Note that ADCl, ADCm, ADCh, and 

ADCvh compartments have similar density of apoptotic cells in the treated 

tumours.  

 

In treated tumours, the size of ADC compartments was associated the density of 

undifferentiated neuroblasts:  

 

• The size of compartments ADCh and ADCm+h significantly and positively 

correlated to the ratio of undifferentiated cells (r = +0.81, P = 0.03 and r = 

+0.77, P = 0.02, respectively).  

 

• The size of compartments ADCvl and ADCl inversely correlated to the ratio 

of undifferentiated neuroblasts (r = -0.81, P = 0.03 and r = -0.83, P = 0.02, 

respectively) (Figure 6.10).  
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Conversely, these relations were inverted when compared with the ratio of 

apoptotic cells:  

 

• The size of compartments ADCh and ADCm+h negatively correlated to the 

ratio of apoptotic cells (r = -0.76, P = 0.04 and r = -0.80, P = 0.03, 

respectively). 

 

•  The size of compartments  ADCvl and ADCl positively correlated to the 

ratio of apoptotic cells (r = +0.83, P = 0.03 and r = -0.84, P = 0.02, 

respectively).  

 
Retrospective visual inspection of these regions in the original H&E images 

showed that large areas with a high amount of apoptotic cells representatively 

belong to the ADCm compartment (which contains the regions with high density 

in undifferentiated neuroblastoma in control tumours), while regions in which the 

level of apoptosis increased towards secondary necrosis or large regions of 

tissue damage are contained in the ADCl compartment, regardless of the 

presence of red blood cells.  

 

Finally, in vehicle control tumours, there was a significant negative correlation 

between the size of the ADCvh compartment, associated with unrestricted 

diffusion, and the density of undifferentiated neuroblasts. This relationship was 

characterised by a steep slope indicative of the strong effect of the characteristic 

tumour phenotype of dense small blue cells on that compartment. 
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Figure 6.9 Sub-regional analysis defining the cell density, the fraction of undifferentiated 
neuroblasts and apoptotic cells, and native T1 value associated with the ADC 
compartment   *P<0.05, **P<0.01, ***P<0.005, Wilcoxon signed rank test. 
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6.3.4 ADC is sensitive to areas of therapy induced maturation and areas rich in 
differentiating neuroblasts  
 
Some of the treated tumours did show higher ADC and consequently larger ADCh 

and ADCvh regions as shown in Figure 6.1. These regions spatially associated 

with regions with a high fraction of apoptotic neuroblasts. Yet visual inspection of 

these regions on the H&E images revealed areas with sparsely distributed mature 

ganglion (not normal) cells and abundant neuropil in the background, consistent 

with neuroblastoma maturation towards a ganglioneuroblastoma often seen at 

the time of surgical resection following induction chemotherapy. 

 

Based on the initial hypothesis, segmented ADCh regions spatially associated 

with regions rich in differentiating neuroblasts (Figure 6.11), usually characterised 

by islands of larger cells separated by abundant neuropil in the three control 

tumours characterised by a more differentiating phenotype described in Chapters 

4 and 5. 
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Figure 6.11 ADCh compartment derived from Gaussian mixture modelling spatially 
associates with area dense in differentiating neuroblasts in 3 cases of differentiating 
tumours arising in the Th-MYCN model of neuroblastoma. 
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6.4 Discussion  
 

The insights into neuroblastoma histopathology developed in the previous 

chapters guided the application of GMMs to derive ADC compartments in this 

chapter. This approach further demonstrated the sensitivity of DWI to tumour 

microstructure and the rich histopathology of neuroblastoma focusing on the 

characteristic Schwannian stroma-poor, poorly- or un-differentiated phenotype, 

which is characteristic of high-risk disease, which is faithfully recapitulated in the 

tumours of the Th-MYCN mouse model. However, this MRI-histopathology cross 

validation study demonstrates that median/mean tumour ADC cannot be used as 

a reliable early sensitive pharmacodynamic biomarker of response to targeted 

treatment in the Th-MYCN model. This study particularly demonstrates that ADC 

is unequivocally insensitive to the morphological cellular changes occurring 

during the apoptotic process and that the consequences of cell death on tumour 

architecture are associated with conflicting effects on ADC measurements; in 

particular extensive regions of tissue damage or convergent cell death, 

haemorrhagic or not, are associated with reduced ADC values, while tissue 

maturation and cellular differentiation are associated with high ADC values.  

DWI has become a powerful tool in the diagnostic oncology clinic as malignant 

lesions often have a lower ADC due to restricted water diffusivity (306, 307). This 

is mainly attributed to elevated tissue cellularity or density compared to normal 

tissue or more benign tumours which restrict translational water diffusion, which 

justified the introduction of DWI in the neuroblastoma diagnostic clinic (302-305, 

310). However, median/mean ADC can also be influenced by the ratio between 

free and bound water, the difference in the tortuosity of the extracellular space 

and the composition of the extracellular matrix. Focal necrosis, glandular 

structure and fibrosis are among the histopathological features that can also 

affect mean/median tumour ADC (311). ADC measurements are also affected by 
1H relaxation (T1 and T2) and paramagnetic substances. This study demonstrates 

that the main determinant of mean/median tumour ADC in the Th-MYCN mouse, 

is the extent of red blood cells extravasation associated with reduced ADC, 

consistent with the presentation of intracranial hematomas in the subacute phase 
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(during which RBC are intact) (312). As discussed in Chapter 4, clinically, the 

haemorrhagic nature of undifferentiated neuroblastoma, including nodular 

neuroblastoma components in the context of GNBn, is well described (313, 314), 

yet its routine reporting remains only anecdotal. It would be extremely valuable 

to introduce IS-MRI in the neuroblastoma clinic to understand the contribution of 

haemorrhage to the lower ADC values of high-risk disease in the clinic and its 

potential role to enhance the specificity of ADC in the differential diagnostis of 

neuroblastoma from its benign counterparts.  

The potential of ADC for early-detection of treatment response in solid tumours 

has been actively investigated (306, 307), based on the assumption that 

conventional chemotherapy or vascular-targeted therapy leads to early 

alterations in tissue microstructure: cell swelling and cell death are accompanied 

by a loss of cell membrane integrity and changes to tumour cell density. As these 

changes often precede a change in tumour volume, the resulting increase in the 

interstitial space leads to an increase in freedom of water molecules to move and 

an associated increase of the measured ADC. This was demonstrated in several 

in vivo studies in subcutaneous models of cancer (306, 307). This is true in the 

context of liquefactive necrosis, in which lysed cells are converted into a fluid 

phase within hours. Liquefactive necrosis is usually associated with bacterial 

infection and with ischemic injury in the brain (a poorly understood exception in 

the body) (315). Yet liquefactive necrosis is common in subcutaneous xenograft 

models of cancer (usually visible as hypertense regions on T2-weighted images). 

However, preclinical and clinical studies have shown the cyclic nature of the ADC 

response, due to contradictive effect of cell swelling and cell death on ADC. 

Others have shown no change in ADC, suggesting an incomplete necrotic 

process where partially-ruptured cell membranes remain an obstacle to water 

diffusivity (316), highlighting the crucial need for careful timing necessary to 

meaningfully interpret ADC measurements. In the Th-MYCN model, the 

extensive regions of tissue damage or convergent cell death are consistent with 

the appearance of coagulative necrosis (315). In contrast to liquefactive necrosis, 

coagulative necrosis, the other major pattern of necrosis, is characterized by the 

maintenance of normal architecture of necrotic tissue for several days after cell 

death and is the result of infraction or ischemia, and characteristic of radiation-
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induced necrosis. Characterised by homogeneous clusters and sheets of dead 

and degraded tumour cells that coalesce into an amorphous coagulum, 

coagulative necrosis has, not surprisingly, the opposite effect on ADC, i.e. it is 

characterised by extremely low ADC, as shown here in the Th-MYCN and 

previously in high-grade glioma (317, 318). Coagulative necrosis and may also 

be the major pathological determinant of the strong inverse correlation observed 

between the relative changes in median ADC and MTR over treatment with 

vistusertib. 

.  
The sensitivity of ADC, and especially an increase in ADC, to therapy-inducing 

apoptosis is a little more contentious, as illustrated by a study showing the 

sensitivity of ADC to conventional chemotherapy agent irinotecan but not to the 

apoptosis-inducing drug birinapant in a xenograft model of human colon 

carcinoma (319). Also, careful discrimination should be made between the terms 

“early biomarkers of therapy-induced apoptosis” and “early biomarkers of 

response to apoptosis-inducing drugs”. The Th-MYCN model of neuroblastoma 

recapitulates the MYCN driven, apoptosis-primed state in neuroblastoma, which 

thereby sensitizes the neuroblastoma cells to drug-induced apoptosis (320, 321). 

Destabilization of the MYCN protein by mTor inhibitors including AZD8055, the 

analogue of the clinical lead vistusertib, has been shown to lead to the rapid 

induction of widespread apoptosis in the Th-MYCN model (322) and thus 

represented an appropriate model system to understand the sensitivity of ADC 

for apoptosis in neuroblastoma. This MRI-cross validation study shows that 

tumour ADC is not an early biomarker of apoptosis, as supported by the ADCm 

compartment containing both regions of dense undifferentiated and regions 

dense in apoptotic cells. This is however not surprising as apoptosis is 

characterised by a series of typical morphological events designed to prevent the 

release of intracellular content which would led to an inflammatory response 

(323). These well-orchestrated events include shrinkage of the cell, the 

hypothesis for ADC potential sensitivity to apoptosis, and the fragmentation into 

membrane-bound apoptotic bodies. However, while this leads to the reduction in 

the overall cell volume, it is associated with no change or can even be associated 

with an increase in surface area due to the creation of the apoptotic bodies as 

elegantly described by Nunez and colleagues (324). The increase in cell 



 214 

membrane surface area will cause additional restriction to translational water 

diffusion. The final stage in the apoptotic process is the phagocytosis of the 

apoptotic bodies by neighbouring cells including macrophages. If phagocytosis 

does not happen, apoptotic bodies will be degraded in a process similar to 

necrosis, defined secondary necrosis. The full process is estimated to take 6-24h 

in vivo and as a result, within the time frame of our study. In subcutaneous 

xenografts, successful targeted therapy seldom leads to a rapid reduction in 

tumour burden but often leads to cytostatic/lentic effects over days. As a result, 

the apoptotic process within a persistent tumour volume will lead to an increase 

in extracellular space resulting in increased ADC. In this case, ADC could be 

considered an early biomarker of response to apoptosis-inducing treatment. 

However, as mentioned above, secondary (liquefactive) necrosis, native 

extracellular space and existing necrotic (liquefactive) areas, necrosis induced by 

inhibition of downstream signalling (i.e. angiogenesis) could also be responsible 

for an intermixed or combined necrosis/apoptosis scenario resulting in an 

increase in ADC. In the case of the Th-MYCN mouse model, the native reduced 

extracellular space (stroma-poor), the coagulative nature of necrosis and finally 

the rapid reduction in tumour volume, which emulates the chemosensitivity of 

MYCN-amplified tumours to frontline therapy, can only lead to a reduction in 

tumour ADC in the Th-MYCN tumours.  

This is actually contradictory with the small number of preliminary clinical studies 

that have shown a consistent increase in ADC in neuroblastic tumours especially 

with those showing a good response following induction chemotherapy (325-

328). However, this is after over >70 days of intensive chemotherapy (well 

beyond the time scale of the cell-death process) and the histopathology of the 

resected tumours has been shown to mirror the wide range of RECIST responses 

with the presence necrosis, scarring and areas of neuroblastoma-like, 

ganglioneuroblastoma-like and ganglioneuroma-like differentiation. Remarkable 

RECIST responses are typically associated with neuroblastoma maturation, 

which would thus be consistent with an increase in tumour ADC. In this study, we 

demonstrate the sensitivity of the higher GMM compartments ADCh to regions 

rich in differentiating neuroblastoma, characterised by islands of larger cells 

separated with increased neuropil background. Vistusertib-treated tumour 
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regions belonging to the ADCh and ADCvh compartments were associated with 

regions that resemble chemotherapy-induced neuroblastoma maturation, 

demonstrating that as early as 24hours, histological features with opposite effect 

on ADC can coexist, thereby rendering tumour ADC inadequate to assess 

response to treatment, at least on its own. As a matter of fact, the strong 

correlation between the change in ADC and the change in MTR over treatment 

also suggests a change in the content of free water, with the presence of positive 

and negative changes in MTR over treatment potentially reflecting opposite 

contributions from cell death and tissue maturation. Based on the results obtained 

in Chapter 5, incorporating T1-mapping in the routine clinic would improve 

specificity of ADC for active disease and cell death in neuroblastoma. A similar 

approach combining DWI and native T1-weigthed MRI has been shown to reliably 

identify and quantify necrosis clinically in Wilm’s tumours, the most common 

paediatric renal tumours (329).   

6.5 Conclusion 

 

This study re-iterates the great sensitivity but an apparent lack of specificity of 

ADC for tumour microstructure and the rich pathology of high-risk neuroblastoma. 

Based on the results presented in Chapter 4 and 5, Chapter 6 warrants further 

investigation into a multi-parametric or habitat imaging approach combining DWI, 

IS-MRI and T1-mapping to improve the specificity of MRI-based functional 

imaging to map the hallmarks of neuroblastoma pathology with the aim to 

enhance differential diagnosis and early response assessment to therapy.  
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Chapter 7 : Habitat imaging of childhood neuroblastoma using 
multi-parametric MRI and co-registered histopathology 
 
 
7.1 Aim of this chapter 
 
The previous chapters report on the in-depth understanding of the pathological 

determinants of single MRI biomarkers and their sensitivity to some of 

neuroblastoma histological hallmarks used clinically for risk-adaptation. As 

introduced in section 1.2.3, habitat imaging refers to the combination of the 

different MRI biomarkers to reveal regional differences in phenotype. Most of 

habitat imaging approaches are based on the clustering of the MRI data, followed 

by the attempt to histologically validate and explain the resulting clusters. The 

MRI-histopathology framework described in Chapter 3 potentially allows the use 

of more direct supervised learning approaches, using the quantitative 

computational histology data (e.g. cell density) as labels to train machine learning 

algorithms and predict the underlying histology from the multi-parametric MRI 

data. 

 

This chapter reports on a proof-of-concept study that explores the potential of 

combining R2*, native T1, and ADC to predict tumour histological properties and 

non-invasively map neuroblastoma pathology using two types of supervised 

learning approaches: 

 

• Classification. The results from the regional classification enabled by 

SuperHistopath (Chapter 2) are used as output (ground-truth) labels to 

train well-established machine learning algorithms to classify MRI values 

as distinct histologically-defined sub-regions (habitats). 

 

• Regression. The approach used to match the resolution of histology 

images to the MRI, results in continuous variables (e.g. density of 

undifferentiated neuroblasts in a pre-defined area), which are used as 

outputs for regression-based approaches for training algorithms to directly 

predict the values of the histological parameter from the MRI data. 
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7.2 Materials and Methods 
 

In vivo study design and protocol, including MRI acquisition and analysis, 

computational pathology methodologies for cell segmentation and classification 

are described in Chapter 5. The MRI-histopathological registration framework 

used in this chapter is described in Chapter 3.   

 

For this proof-of-concept study, 11 vehicle-control Th-MYCN mouse tumours 

were used from the cohort described in Chapters 5 and 6. 

 

7.2.1 Classifying tumour regions based on restrictions 
 

Based on the knowledge acquired from the studies described in Chapters 4, 5 

and 6, specific tumour regions (e.g. haemorrhage) can already be classified with 

high certainty without the need of a machine learning classifier. This section 

aimed to calculate what percentage of the tumour can be confidently mapped 

using simple robust restrictions based on our understanding of neuroblastoma 

pathology. A summary of these assumptions is presented in Table 7.1. 
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Tumour region Restriction 

Haemorrhage R2* >= 250 s-1 OR T1 <= 1000 ms  

OR ADC <= 100 10-6 mm2.s-1 

Extensive cell 

apoptosis/necrosis 

ADC <= 350 10-6 mm2.s-1 AND T1 < =1500 ms  

AND R2* >= 170 s-1 

Undifferentiated 

neuroblasts without 

the presence of blood 

1900 < T1 < 2300 ms 

 

Table 7.1 A summary of the empirical thresholds used to confidently characterise specific 
tumour regions in Th-MYCN mouse model of neuroblastoma.  

 

7.2.2 Habitat characterisation based on supervised machine learning 
 

The purpose of this section is to classify each pixel within the tumour into one of 

four distinct types of habitats: 1) region of undifferentiated neuroblasts, 2) 

extensive cell apoptosis/necrosis (tissue damage), 3) region of differentiating 

neuroblasts, and 4) haemorrhage. SuperHistopath results will be used as labels 

to train a machine learning algorithm to classify the MRI data. 

 

7.2.2.1 Spatial registration of MRI and SuperHistopath region classifier 
 

As described in section 3.3, the histology images are divided into non-overlapping 

square grids of 518x518 pixels and a representative value for each area is 

needed to process them to MRI resolution. Since each pixel in this area can have 

different classification values, the representative value of the area is determined 

by the class with the most occurrences. The results were registered to the native 

T1 maps using the CPD algorithm as described in Chapter 3. The method of 

‘nearest neighbour’ was used for interpolation.  
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7.2.2.2 Training dataset 
 

For training, I selected labels from four tumours (mice 2, 6, 7, 11) with a relatively 

balanced representation of all four classes and in which good registration was 

achieved upon visual inspection. This resulted in 5091 labels for regions of 

undifferentiated neuroblasts, 1211 labels for regions of extensive cell 

apoptosis/necrosis/tissue maturation, 677 labels for regions of differentiating 

neuroblasts and 616 labels for haemorrhage. To address the class imbalance 

problem, 1500/5091 labels for regions of undifferentiated neuroblasts were 

randomly selected.  

 

The resulting dataset was randomly split into training and validation (80% and 

20% respectively).  

 

7.2.2.3 Features 
 

Each MRI pixel was represented by three features: R2*, T1 and ADC values. To 

address the pixel-to-pixel mismatches between MRI and histology, median 

values of the pixels’ square neighbourhood (2 pixels width) for both T1 and ADC 

were added. The correlation between R2* values and theirs neighbourhood 

values was too high (r > 0.9) and therefore the value of the R2* pixel 

neighbourhood was not used as a feature. 

 

Each feature was normalised to the range of 0 to 1 by dividing it with a maximum 

value (300s-1 for R2* and 3000ms for both T1 and ADC). 

 

7.2.2.4 Machine learning algorithms  
 

A wide variety of machine learning algorithms for classification were incorporated, 

including models of logistic regression, linear discriminant analysis (LDA), k-

nearest neighbour (KNN), decision trees (CART), Gaussian naïve Bayes and 

support vector machines (SVM). Ensemble methods were also used including 

Adaboost, gradient boosting machines (GBM), random forest and extra trees 
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classifiers. The models were initially assessed using 10-fold cross-validation 

using the accuracy metric. 

 

All code was written in Python (v. 3.6.10) and the models were trained with the 

scikit-learn library (v. 0.23.2). 

 

7.2.3 Prediction of key histological features using a regression approach 
 

The purpose of this section is to predict and map key histological features, 

typically calculated from histological image analysis, such as the density of 

different cell populations, directly from the MRI data. The histology-derived 

features maps from the cell classifier were used as labels for supervised 

regression machine learning algorithms. Each MRI pixel is represented by the 5 

input features described in Section 7.2.2.3 and 5 histological labels used as 

outputs (cell density, density of undifferentiated neuroblasts, density of apoptotic 

cells, density of differentiating cells and density of RBC).  

 

The models were trained to both predict each label separately (single output) and 

all labels simultaneously (multiple output). The regression models incorporated 

in this approach included linear regression, lasso, elastic net, k-nearest 

neighbours, decision trees (CART), support vector regression (SVR), XGBoost 

(330) and light GBM. Ensemble methods were also used, such as Adaboost, 

gradient boosting machines, random forests and extra trees regressors. From the 

above algorithms, only the inherently multiple output algorithms were used to 

predict multiple labels.  

 
The training dataset was the same as in the classification Section 7.2.2.2 and 

was randomly split into training and validation (80% and 20% respectively).  The 

models were initially assessed using 10-fold cross-validation and the negative 

mean squared error metric. 

 
All code was written in Python (v. 3.6.10) and the models were trained with the 

scikit-learn library (v. 0.23.2). 
 
An overview of the method is presented in Figure 7.1. 
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Figure 7.1 An overview of the methodology for habitat imaging. The supervised 
machine learning algorithm was trained using the values from registered histology-
derived maps as labels to characterise distinct tumour sub-regions (classification) or 
predict the histology values (regression) from multi-parametric MRI (T1, R2*, ADC) data. 
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7.3 Results 
 

7.3.1 Empirical thresholds can confidently characterise a large proportion of the 
tumour  
 

On average, 57.2% of the tumour can be confidently characterised using the 

empirical thresholds (Table 7.2). Representative images of classified tumours 

using the empirical thresholds are presented in Figure 7.2. 

 

Mouse  Classification percentage (%) 

1 49.2 

2 71.1 

  3 55.3 

4 68.3 

5 39.4 

6 64.3 

7 70 

8 48.3 

9 76 

10 49.6 

11 37.9 
 

Table 7.2 Percentages of the tumour classified with high certainty after the application 
of empirical thresholds in all mice. 
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Figure 7.2 Representative examples of classified tumours using empirical thresholds for 
R2*, T1 and ADC. Note the unclassified intra-tumour areas in black. 
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7.3.2 Classification of neuroblastoma tumour habitats from multi-parametric MRI 
 

The random forest classifier consistently achieved the highest classification 

accuracy after the 10-fold cross-validation during the experimentation process, 

followed by the extra trees classifier. In addition, random forests are inherently 

resistant to overfitting and were therefore selected as the final classification 

model. An overview of the accuracies achieved after the 10-fold cross validation 

from all the methods is presented in Figure 7.3.  

 

Subsequently, the model was tuned and the final selected parameters were 100 

number of estimators (trees) and no maximum depth. The tuned model achieved 

69.2% accuracy after 10-fold cross-validation and 69.4% accuracy in the 

validation set.  

 

Finally, the similarity of the entire MRI-generated habitat maps was compared 

pixel-to-pixel to the region classification histology maps using the accuracy metric 

(equal to Jaccard similarity index, since the task is multi-label). The average 

similarity score achieved is 53.6%. Detailed scores for all tumours are given in 

Table 7.3. 

 

Representative classified tumours are presented in Figure 7.4. 
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Figure 7.3 Overview of the 10-fold cross-validation classification accuracies between the 
MRI-derived and histology-derived data achieved by the linear regression (LR), linear 
discriminant analysis (LDA), k-nearest neighbour (KNN), decision trees (CART), 
Gaussian naïve Bayes (NB), support vector machines (SVM), Adaboost (AB), gradient 
boosting machines (GBM), random forests (RF) and extra trees (ET) algorithms. 
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Mouse MRI-Histology similarity (%) 

1 59 

2 44.3 

3 46.9 

4 37.3 

5 66.3 

6 62.4 

7 41.2 

8 61.6 

9 46.6 

10 54.1 

11 70.1 
 

Table 7.3 Summary of pixel-to-pixel similarity between the MRI-derived habitats and the 
region classification maps from histology. The accuracy metric was used to measure 
similarity (note that accuracy equals to the Jaccard similarity index for a multi-label task). 
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Figure 7.4 Representative examples of multi-parametric MRI (mpMRI)-derived habitat 
maps and the region classification maps from histology (SuperHistopath). Note that 
many areas of haemorrhage are classified as tissue damage after the processing into 
MRI resolution of the SuperHistopath results, since areas of tissue damage very often 
include extensive haemorrhage. 
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7.3.3 Multi-parametric MRI can map the density of different cell populations 
 

The random forest classifier consistently achieved the lowest mean squared error 

after the 10-fold cross-validation during the experimentation process and was 

selected as the final regression model. Extra trees, XGBoost and light gradient 

boosting machines also performed well. An overview of the mean square error 

achieved after the 10-fold cross validation from all the methods is presented in 

Figure 7.5. 

 

 
 

Figure 7.5 Overview of the mean square error between the MRI-derived and histology-
derived data achieved after the 10-fold cross-validation by the linear regression (LR), k-
nearest neighbour (KNN), decision trees (CART), support vector regression (SVR), 
XGBoost, light gradient boosting machines (LGBoost), random forests (RF) and extra 
trees (ET) algorithms. 

 

Subsequently, the random forests model was tuned and the final selected 

parameters were 100 number of estimators (trees) and no maximum depth. The 

multi-output tuned model achieved 0.019 mean-squared error after 10-fold cross-

validation and 0.019 mean-squared error in the validation set.  
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Finally, the similarity of the entire MRI-generated habitat maps was compared to 

the region classification histology maps using the mean squared error (MSE) and 

structural similarity index (SSIM) metrics. The multi-output model (trained with all 

output labels) achieved an average MSE of 0.0037, 0.0089, 0.0016, 0.0014, and 

0.0008 for cellular density, undifferentiated neuroblasts, apoptotic neuroblasts, 

differentiating neuroblasts and RBC density respectively. The SSIM indexes were 

0.90, 0.88, 0.90, 0.88 and 0.92 for cellular density, undifferentiated neuroblasts’, 

apoptotic neuroblasts’, differentiating neuroblasts’ and RBC density respectively.  

 

The single-output model performed similarly for cellular density and 

undifferentiated neuroblasts density (MSE: 0.0037, 0.0089 and SSIM: 0.90, 0.87 

respectively), but performed slightly worse for apoptotic and differentiating cell 

densities (MSE: 0.0017, 0.002 and SSIM: 0.89, 0.87 respectively), indicating that 

the output values may not be entirely independent. Therefore, the multi-output 

model was selected. Detailed scores for all tumours using the multi-output and 

single-output models are given in Table 7.4 and Table 7.5 respectively.  

 

Representative MRI-generated cell density maps using the multi-output RF 

model are presented in Figure 7.6.  
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 Multi-output Random Forest model 

Mouse Cell 

density 

 

Undifferentiated 

neuroblasts 

density 

Apoptotic 

cells 

density 

Differentiating 

neuroblasts 

density 

RBC 

density 

1 MSE: 0.0062 

SSIM: 0.86 

MSE: 0.013 

SSIM: 0.83 

MSE: 0.0033 

SSIM: 0.86 

MSE: 0.001 

SSIM: 0.84 

MSE: 0.0006 

SSIM: 0.91 

2 MSE: 0.0038 

SSIM: 0.90 

MSE: 0.0068 

SSIM: 0.89 

MSE: 0.0032 

SSIM: 0.91 

MSE: 0.0004 

SSIM: 0.87 

MSE: 0.0005 

SSIM: 0.94 

3 MSE: 0.0039 

SSIM: 0.86 

MSE: 0.0079 

SSIM: 0.83 

MSE: 0.0016 

SSIM: 0.88 

MSE: 0.0016 

SSIM: 0.81 

MSE: 0.0019 

SSIM: 0.86 

4 MSE: 0.0029 
SSIM: 0.92 

MSE: 0.0059 
SSIM: 0.90 

MSE: 0.0014 
SSIM: 0.90 

MSE: 0.0004 
SSIM: 0.90 

MSE: 0.0008 
SSIM: 0.90 

5 MSE: 0.0044 

SSIM: 0.90 

MSE: 0.0064 

SSIM: 0.89 

MSE: 0.0011 

SSIM: 0.95 

MSE: 0.0077 

SSIM: 0.89 

MSE: 0.0001 

SSIM: 0.96 

6 MSE: 0.0022 

SSIM: 0.95 

MSE: 0.0033 

SSIM: 0.94 

MSE: 0.0004 

SSIM: 0.92 

MSE: 0.0002 

SSIM: 0.94 

MSE: 0.0003 

SSIM: 0.97 

7 MSE: 0.0047 

SSIM: 0.93 

MSE: 0.0033 

SSIM: 0.90 

MSE: 0.0006 

SSIM: 0.89 

MSE: 0.0014 

SSIM: 0.93 

MSE: 0.0016 

SSIM: 0.91 

8 MSE: 0.0042 

SSIM: 0.90 

MSE: 0.02 

SSIM: 0.86 

MSE: 0.0013 

SSIM: 0.87 

MSE: 0.0008 

SSIM: 0.87 

MSE: 0.0008 

SSIM: 0.91 

9 MSE: 0.0038 

SSIM: 0.88 

MSE: 0.013 

SSIM: 0.85 

MSE: 0.0023 

SSIM: 0.89 

MSE: 0.0005 

SSIM: 0.86 

MSE: 0.0013 

SSIM: 0.89 

10 MSE: 0.0038 
SSIM: 0.89 

MSE: 0.015 
SSIM: 0.85 

MSE: 0.0013 
SSIM: 0.95 

MSE: 0.0008 
SSIM: 0.85 

MSE: 0.0008 
SSIM: 0.91 

11 MSE: 0.0024 

SSIM: 0.93 

MSE: 0.0026 

SSIM: 0.90 

MSE: 0.0006 

SSIM: 0.90 

MSE: 0.0009 

SSIM: 0.94 

MSE: 5x10-5 

SSIM: 0.98 

Average MSE: 0.0037 

SSIM: 0.90 

MSE: 0.0089 

SSIM: 0.88 

MSE: 0.0016 

SSIM: 0.90 

MSE: 0.0014 

SSIM: 0.88 

MSE: 0.0008 

SSIM: 0.92 
 

Table 7.4 Summary of the mean square error (MSE) and structural similarity index 
(SSIM) between the MRI-derived maps and the histology-derived maps for all Th-MYCN 
tumours using the multi-output random forests algorithm. 
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 Single-output Random Forest model 

Mouse Cell 

density 

 

Undifferentiated 

neuroblasts 

density 

Apoptotic cells 

density 

Differentiating 

neuroblasts 

density 

1 MSE: 0.0064 

SSIM: 0.86 

MSE: 0.013 

SSIM: 0.83 

MSE: 0.0033 

SSIM: 0.86 

MSE: 0.0019 

SSIM: 0.83 

2 MSE: 0.0039 
SSIM: 0.90 

MSE: 0.0069 
SSIM: 0.89 

MSE: 0.003 
SSIM: 0.91 

MSE: 0.0016 
SSIM: 0.85 

3 MSE: 0.0041 

SSIM: 0.86 

MSE: 0.0083 

SSIM: 0.83 

MSE: 0.0017 

SSIM: 0.87 

MSE: 0.0024 

SSIM: 0.80 

4 MSE: 0.003 

SSIM: 0.92 

MSE: 0.006 

SSIM: 0.90 

MSE: 0.0017 

SSIM: 0.89 

MSE: 0.0008 

SSIM: 0.89 

5 MSE: 0.0045 

SSIM: 0.90 

MSE: 0.0064 

SSIM: 0.89 

MSE: 0.0012 

SSIM: 0.90 

MSE: 0.0079 

SSIM: 0.89 

6 MSE: 0.002 

SSIM: 0.95 

MSE: 0.0033 

SSIM: 0.94 

MSE: 0.0005 

SSIM: 0.94 

MSE: 0.0007 

SSIM: 0.93 

7 MSE: 0.0021 

SSIM: 0.93 

MSE: 0.0037 

SSIM: 0.90 

MSE: 0.0008 

SSIM: 0.90 

MSE: 0.0019 

SSIM: 0.91 

8 MSE: 0.0048 

SSIM: 0.90 

MSE: 0.02 

SSIM: 0.86 

MSE: 0.0014 

SSIM: 0.88 

MSE: 0.0012 

SSIM: 0.86 

9 MSE: 0.0044 

SSIM: 0.87 

MSE: 0.013 

SSIM: 0.85 

MSE: 0.0025 

SSIM: 0.86 

MSE: 0.0013 

SSIM: 0.86 

10 MSE: 0.0039 

SSIM: 0.89 

MSE: 0.0151 

SSIM: 0.84 

MSE: 0.0014 

SSIM: 0.88 

MSE: 0.0012 

SSIM: 0.85 

11 MSE: 0.0024 

SSIM: 0.93 

MSE: 0.0028 

SSIM: 0.90 

MSE: 0.0006 

SSIM: 0.94 

MSE: 0.0009 

SSIM: 0.94 

Average MSE: 0.0037 

SSIM: 0.90 

MSE: 0.0089 

SSIM: 0.87 

MSE: 0.0017 

SSIM: 0.89 

MSE: 0.002 

SSIM: 0.87 
 

Table 7.5 Summary of the mean square error (MSE) and structural similarity index 
(SSIM) between the MRI-derived maps and the histology-derived maps for all Th-MYCN 
tumours using the single-output random forests algorithm. 
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Figure 7.6 Representative examples of multi-parametric MRI (mpMRI)-derived and 
histology derived maps of different cell population densities.  
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7.4 Discussion 
 

In this chapter, I incorporated multi-parametric MRI and machine learning 

coupled with the MRI-histology pipeline to demonstrate the potential of multi-

parametric MRI to non-invasively characterise distinct tumour sub-regions 

(habitats) and quantitatively map the density of the different cell populations 

which constitute both tissue and cellular criteria currently used for risk-adapted 

treatment for children with neuroblastoma. 

 

The robust validation of the MRI biomarkers and deeper understanding of the 

pathological determinants of R2*, native T1 and ADC in neuroblastoma enabled 

the confident non-invasive characterisation of a significant proportion of the 

tumour through the use of empirical thresholds. This approach enabled by the 

incorporation of T1-mapping and IS-MRI could further assist radiologists and 

oncologists in decision making for guiding biopsies in areas of aggressive 

disease, avoid haemorrhagic areas and adequately assess areas of tissue 

damage (and potentially improve current response criteria). However, the 

translation of this approach in the paediatric clinical setting would be limited by 

the need for standardization of the protocols and equipment, a known limitation 

to the effective translation of quantitative MRI biomarkers.  

 

Supervised classification approaches are usually not incorporated for this kind of 

tasks because of MRI-histology mismatches, leading to many labelling mistakes, 

and making the building of a reliable training set challenging. Here, only four 

samples where the alignment and registration seemed best upon visual 

inspection were used to reduce the impact of wrong labels. Pixel-to-pixel 

comparison of MRI-derived habitats and the histology images was used to 

estimate the performance of the approach and achieve the moderate, but 

encouraging (taking into account all the known mismatch issues), average of 

53.6%. In future studies, overall tumour multi-resolution approaches based on 

human perception, such as the method used by Jardim-Perassi and colleagues 

(65) and developed by Costanza et al (331) and Kuhnert et al (332) could be 

incorporated to meaningfully compare the similarity between MRI and histology 

images.  
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In the Th-MYCN model, the inconsistent presence of blood in all histological 

tumour compartments, which affects the MRI measurements and the regional 

classification, represents a major obstacle to the characterisation of the tumour 

habitats (especially the presence of haemorrhage in regions of tissue damage 

leading to the classification as either category being correct). A potential solution 

would be the combination of the classification approach with the empirical 

thresholds, enabling the machine learning algorithm to decide only in the areas 

of higher uncertainty. (Yet the clinical translation will suffer from the same 

limitations described above) 

 

Tumours are inherently heterogeneous and providing a unique label assigned to 

a histological area as large as an MRI pixel (~ 230µm x 230µm) is actually not 

optimal especially in regions with intermixing cells and haemorrhage, as 

mentioned above, or regions of diffused apoptosis, for example. This is why a 

regression approach with multiple labels to map the density of different cell 

populations (including red blood cells) can potentially provide a more accurate 

and informative approach for the non-invasive mapping of neuroblastoma 

pathology. The MRI-derived histology maps showed good correspondence with 

the actual histology-derived maps in all tumour samples upon visual inspection, 

while achieving an average of 0.0047 MSE and ~0.90 SSIM scores for all 

categories in the MRI-histology comparison. Practically, regression also allows 

for more flexibility in building a machine learning training set. Neighbouring areas 

normally do not differ dramatically in terms of cell density, whereas a wrong label 

during training in a classification task is a more serious issue. It also allows for 

the easier training of under-presented classes, such as the differentiating regions 

in our dataset, as the algorithm essentially learns through negative examples, 

meaning that it learns which MRI features lead to small density values of 

differentiating neuroblasts. 

 

In this small dataset, the random forests algorithm was selected as the final model 

as it achieved the best score during the 10-fold cross validation and the validation 

dataset both in classification and regression methods. Random forests are a well-
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established and robust approach, generally resistant to overfitting. To further 

improve the performance in a larger and more representative dataset, 

combination, through stacked model approaches, with other methods that 

performed well, such as the extra trees, GBM and SVM in classification and extra 

trees, XGBoost and light GBM in regression, should be considered. In the future, 

the method will also be applied to the treated samples of our dataset (chapters 5 

and 6), as well as to a newly acquired larger dataset of various neuroblastoma 

mouse models. To achieve better results, especially in classification, the 

registration process will also be optimized by experimenting with newer state-of-

the-art algorithms, such as the Bayesian CPD (333).  

 

7.5 Conclusion 
 

This proof-of-concept study shows the potential of multi-parametric MRI to fully 

characterise neuroblastoma histology and provide quantitative data typically 

acquired from histology image analysis, such as maps of cellular density, 

densities of the different cell populations and classification of distinct tumour sub-

regions (habitats). Confirmation of this approach in a larger and more diverse 

dataset would demonstrate the full potential of multi-parametric MRI for “non-

invasive” or “virtual” biopsies to capture the entire tumour volume and enhance 

non-invasive diagnostic and treatment monitoring for children with neuroblastoma 

and pave new ways in studying and monitoring tumour evolution alongside liquid 

biopsies.   
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Chapter 8 : Conclusions 
 

8.1 Summary of results 
 
8.1.1 Novel computational approach for enhanced quantitative histopathology  
 
8.1.1.1 Superpixel-based Conditional Random Fields (SuperCRF): Incorporating global 
and local context for enhanced deep learning in melanoma histopathology 
 

I have implemented a framework which fuses traditional machine learning with 

deep learning to model the way pathologists incorporate large-scale tissue 

architecture and context across spatial scales, to improve single-cell 

classification in large whole-section slide images. Using this approach, a marked 

11.85% overall improvement in the accuracy of the state-of-the-art deep learning 

SC-CNN cell classifier was demonstrated. SuperCRF can be implemented in 

combination with any single-cell classifier and represent valuable tools to study 

the cancer-stroma-immune interface, which I used to identify predictors of 

survival in melanoma patients from conventional H&E stained histopathology. I 

particularly demonstrated that in accordance with the immune-excluded 

phenotype that, tumours rich in stromal cells had a marked poorer prognosis in 

patients with melanoma. With p-value lower by two orders of magnitude, this 

method provided stronger predictive power than by using a deep-learning cell-

morphology-only method for cell classification. 

 

8.1.1.2 SuperHistopath: A deep learning pipeline for mapping tumour heterogeneity on 
low-resolution whole-slide digital histopathology images 
 

I also developed and validated the SuperHistopath framework, which combines 

the application of the SLIC superpixels algorithm directly on low magnification 

H&E-stained WSIs (5x) with a CNN for the classification of superpixels in distinct 

tumour regions. SuperHistopath was applied successfully to characterise three 

cancer types with disparate histology (melanoma, breast and neuroblastoma) 

without any changes (just retraining), showing that the approach could be virtually 

extended to any type of cancer. SuperHistopath’s results of enhanced speed for 

both training and application (~5mins for classifying a WSI and ~30 mins for 

network training) and the efficient and simple collection of ground-truth datasets 
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make SuperHistopath particularly attractive for research in rich datasets and 

would facilitate its adoption in the clinic to accelerate pathologist workflow in the 

quantification of predictive/prognosis markers derived from global features of 

interest.   

 

8.1.2 A robust MRI-histopathology cross-validation pipeline 
 

The Th-MYCN model of childhood neuroblastoma represents a robust platform 

not only for the evaluation of novel therapeutics, but also for the evaluation and 

validation of imaging biomarkers of response. I demonstrated that the use of 

anatomical landmarks visible on T2-weighted images for guiding the excision and 

sectioning of tumours provide sufficient spatial correspondence for the 

comparison of MRI with histopathology in the GEM models of neuroblastoma. 

The addition of both in-plane registration using the CPD algorithm and resolution 

matching of the histological maps to the MRI maps, further enhance our ability to 

robustly compare the regional distribution of MRI- and histology-derived 

parameters. The registration achieved with our pipeline will not only enhance the 

information provided by conventional statistical comparison of representative 

tumour values, (median, mean tumour) but more importantly, allow the use of 

more advanced spatial analysis to reflect the tumour heterogeneity and validate 

habitat imaging.  

 

8.1.3 Imaging the hemodynamic vasculature of neuroblastoma with susceptibility 
MRI for the non-invasive prediction of response to anti-angiogenic treatment 

 
The application of the MRI-histopathology cross correlation platform 

demonstrated that IS- and SC-MRI are robust non-invasive imaging techniques 

to characterize, quantify, and map the unique vascular phenotype of 

neuroblastoma and its therapeutic modulation with the panVEGFR small 

molecule inhibitor cediranib. Importantly, the data presented in Chapter 4 strongly 

suggest that both baseline tumour fBV and R2* are predictive of the longer-term 

tumour response to VEGFR-targeted therapies. With the central role of 

angiogenesis in determining and predicting the clinical behaviour of 

neuroblastoma, baseline fBV and R2*, have the potential to provide diagnostic 

and prognosis information at the time of diagnosis and provide currently 
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unavailable predictive and pharmacodynamic biomarkers for antiangiogenic 

therapy against neuroblastoma. 

 

8.1.4 Non-invasive MRI native T1-mapping detects response to MYCN-targeted 
therapies in the Th-MYCN model of neuroblastoma 
 

Chapter 5 demonstrated that native T1-mapping can precisely and quantitatively 

map the rich histopathology of neuroblastoma tumours and that a reduction in 

native T1 is a robust biomarker of response to treatment with MYCN-targeted 

therapeutics in the clinically-relevant Th-MYCN model of neuroblastoma, 

including Aurora A kinase inhibitor, alisertib and mTOR inhibitor vistusertib. By 

providing strong evidence for the sensitivity of native T1 to dense areas of 

undifferentiated neuroblasts, the data afforded by the MRI-Histology pipeline 

suggests further application for diagnosis, risk stratification and surgical planning, 

and that its potential as a biomarker of successful response to therapy could be 

extended to larger subsets of aggressive paediatric and adult tumours.  

 

8.1.5 ADC is sensitive to the microstructure of poorly- or un-differentiated 
neuroblastoma but is a not an early biomarker of response to apoptosis-inducing 
MYCN-targeted therapies.  
 

The insights into neuroblastoma histopathology developed in the previous 

chapters guided the application of GMMs to derive ADC compartments to further 

demonstrate the sensitivity of DWI to tumour microstructure and the rich 

histopathology of neuroblastoma focusing on the Schwannian stroma-poor, 

poorly- or un-differentiated phenotype, which is characteristic of high-risk disease 

and faithfully recapitulated in the tumours of the Th-MYCN mouse model. 

However, this MRI-histopathology cross-validation study demonstrates that 

median/mean tumour ADC cannot be used as a reliable early sensitive 

pharmacodynamic biomarker of response to targeted treatment in the Th-MYCN 

model. This study particularly demonstrated that ADC is unequivocally insensitive 

to the morphological cellular changes occurring during the apoptotic process and 

that the consequences of cell death on tumour architecture are associated with 

conflicting effects on ADC. More specifically, extensive regions of tissue damage 
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or convergent cell death, haemorrhagic or not, are associated with reduced ADC 

values, while tissue maturation and cellular differentiation are associated with 

higher ADC values.  

 

8.1.6 Habitat imaging: Towards non-invasive pathology for children with 
neuroblastoma.   
 

Finally, in Chapter 7, I used supervised machine learning classification and 

regression approaches to combine the parametric maps of native R2*, native T1 

and ADC and demonstrated the potential of multi-parametric MRI to fully 

characterise neuroblastoma histology. This proof-of-concept study shows that the 

approach can non-invasively provide quantitative data typically acquired from 

histology image analysis, such as maps of cellular density, densities of the 

different cell populations and classification of distinct tumour sub-regions. 

Confirmation of this approach in a larger and more diverse dataset would 

demonstrate the full potential of multiparametric MRI for “non-invasive” or “virtual” 

biopsies to capture the entire tumour volume and enhance non-invasive 

diagnostic and treatment monitoring for children with neuroblastoma and pave 

new ways in studying and monitoring tumour evolution alongside liquid biopsies.  

 

Figure 8.1 summarises the result and progress in this project in relation to the 

initial hypothesis presented in Figure 1.11. 
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Figure 8.1 Towards non-invasive pathology: summary of the results 
 

8.2 Future Directions  
 

8.2.1 A mouse hospital and co-clinical approach 
 

This thesis provides a strong rationale for the incorporation of T1-mapping and 

IS-MRI alongside diffusion weighted MRI (which is already increasingly used 

clinically) both at the time of diagnosis and in early phase clinical trials to guide 

clinical decision making and the delivery of precision medicine to children with 

neuroblastoma. Widely available on conventional clinical scanners, T1-mapping 

and IS-MRI are rapid, contrast-free scans that have been successfully 

incorporated across international multi-center and multi-scanner platforms to 

assess liver function as a part of a multiparametric approach LiverMultiScan 

(Perspectum Diagnostics, Oxford, UK) to measure fat content and correlates of 

iron, fibrosis and inflammation in chronic liver disease. Including T1-mapping and 

IS-MRI in an ethically-approved clinical study within the standard-of-care frontline 
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chemotherapy would allow for the rapid evaluation and validation of the potential 

of the habitat imaging approach for the neuroblastoma clinic.  

 

8.2.1.1 MAGNIFY: comprehensive MAppinG of high-risk Neuroblastoma heterogeneIty 
to predict and target reFractorY disease  
 

Based on the work of this thesis, Dr Jamin has initiated MAGNIFY: a clinical study 

within the context of standard-of-care for localised neuroblastoma and a team 

science effort between Great Ormond Street Hospital, GOS Institute of Child 

Health, the ICR and the Royal Marsden Hospital. In MAGNIFY, functional 

imaging (T1, R2*, ADC and contrast-enhanced T1-weigthed MRI) will be used 

alongside molecular imaging (MIBG scans) to guide multi-regional tumour 

biopsies at the time of diagnosis and post-induction treatment, together with 

interval serial blood (ctDNA), to map the regional heterogeneity of genomic, 

transcriptomic and microenvironmental (including immuno-proteomic) signatures 

at diagnosis, and their evolution following induction chemotherapy to discern 

subclasses of high risk disease, especially signatures associated with resistance 

to therapy. These signatures will enhance our understanding of the biology of 

high-risk disease and help us develop new clinical studies of biomarker-driven 

risk-adapted therapies. Incorporating this information into routine clinical practice 

is the key to a better understanding of neuroblastoma heterogeneity across 

length scales i.e. from the tissue level to the genomic level, essential for 

enhancing clinical decision-making. This study would also provide a unique 

opportunity to validate the habitat imaging approach clinically.  

 

8.2.2 Incorporating MRI biomarkers of the tumour microenvironment   
 

Once the habitat imaging approach has been validated in a larger cohort for the 

accurate detection of active disease, the next step would be to integrate 

functional and molecular MRI scans to capture the regional heterogeneity of 

microenvironmental factors within region of active disease including 

biomechanics (MR-elastography), blood supply (SC-MRI, contrast-enhanced 

T1w-MRI, arterial spin labelling) hypoxia (oxygen-enhanced T1w-MRI) and 

metabolism (Deuterium Metabolic Imaging) and demonstrate the application of 
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the approach i) for the monitoring and guiding of the multi-omics characterization 

of resistant disease in GEM models of genomic variants (MYCN, ALK, ATRX) 

and ii) in GEM models of chemo-refractory disease as well as iii) it potential for 

monitoring tumour evolution.  

 

8.2.3 Refining the MRI-Histopathology pipeline  
 

8.2.3.1 A larger and more diverse dataset  
 
Moving forward, the methodologies developed here will be optimized and applied 

in a new independent dataset including GEM models of genomic variants of 

neuroblastoma (MYCN, ALK, TrP53, ATRX) as well as tumours treated with 

targeted modulators of these genomic drivers and of the microenvironment, and 

finally with tumours that acquire resistance to frontline chemotherapy.  

 

8.2.3.2 Improving registration    
 
The current 2D registration CPD algorithm will be compared with new state-of-

the-art methods (333-335). Also, 3D registration approaches that involve the 

precise cutting of the whole  tumour, such as those described in Chapter 3, should 

be considered.  

 

8.2.3.3 Improving cell classification for the enhanced characterisation of the tumour 
ecosystem  
 

For the cell classification step of the pipeline, the SuperCRF framework will be 

used, as the classifier based on CRImage, despite being successful in this 

dataset suffers from the known limitations of classical machine learning 

algorithms. As a first step in that direction, the state-of-the-art cell 

detection/classification algorithms, SC-CNN (143) and MapDe (336), have 

already been applied, but they both severely underperformed in the case of 

differentiating neuroblasts, resulting in over-detection, likely because of their 

bigger size and the presence of multiple nucleoli. Due to the morphology of these 

cells, including their very clear cell boundaries, cell segmentation approaches, 

such as U-Net or U-Net-like deep learning architectures (131, 188) are more likely 

to succeed. Moreover, the region classification part of the SuperCRF framework 
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will be updated with the deep learning SuperHistopath pipeline. I will further 

explore the spatial interactions across length scales to provide a deeper 

understanding of the cancer-immune-stroma interface. Ultimately, my aim is to 

establish a network which will provide a complete characterization of every 

component of the tumour microenvironment where all the parts will interact with 

each other like an ecological landscape.  
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Appendix 

 

Additional Materials and Methods of Chapter 4 

 

Animals 

 

Transgenic Th-MYCN mice were genotyped to detect the presence of the human 

MYCN transgene (18). The study was performed using both male and female 

hemizygous mice, which developed palpable tumours at 50 to 130 days with a 

25% penetrance. Tumour development was monitored weekly by palpation by an 

experienced animal technician. Mice with palpable tumours were then enrolled 

(day 0) and their tumour volume was subsequently monitored by MRI. A total of 

68 mice were enrolled with a median tumour volume of 801 ± 63 mm3 (median ± 

1 s.e.m., ranging from 143 to 2055 mm3). Mice were housed in specific pathogen-

free rooms in autoclaved, aseptic microisolator cages (maximum of four mice per 

cage). 

 

Preclinical study design 

 

Study 1. We first evaluated the sensitivity of MRI to cediranib-induced acute 

modulation of neuroblastoma vasculature. IS- and SC-MRI were performed prior 

to (day 0) and 24 hours after treatment started (day 2). Mice were treated on day 

1 with 6 mg/kg of cediranib orally (obtained under material transfer agreement 

with AstraZeneca, n = 10) or vehicle (n = 8). One mouse was excluded due to 

failed remote contrast injection. The 24-hour imaging timepoint was chosen 

based on i) preliminary evidence that cediranib does not elicit any significant 

volume reduction at this timepoint in the highly chemosensitive Th-MYCN model 

(12) and ii) cediranib caused significant reductions in DCE-MRI parameters at 

this timepoint in the adult phase I clinical trial (19). 

 

Study 2. In an additional cohort (n = 12) we further evaluated the effect of 

sustained daily treatment, with IS- and SC-MRI performed prior to, 24 hours and 
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7 days after daily treatment with 6 mg/kg cediranib. MRI data were not collected 

from two mice at the 24-hour timepoint. 

 

Study 3. Guided by the results of Study 2, we subsequently acquired IS-MRI data 

from additional Th-MYCN mice (n = 25) prior to daily treatment with cediranib for 

7 days (bringing the total number of mice from which pre-treatment R2* data were 

acquired to 37). The volumetric response to cediranib over 7 days treatment was 

monitored by T2-weighted MRI only, and compared with that from mice treated 

daily with vehicle (n = 12). 

 

MRI 

 

All MRI studies were performed on a 7T Bruker horizontal bore MicroImaging 

system (Bruker Instruments) using a 3 cm birdcage volume coil. Anaesthesia was 

induced by an intraperitoneal 5 mL/kg injection of a combination of fentanyl citrate 

(0.315 mg/mL) plus fluanisone (10 mg/mL; Hypnorm, Janssen Pharmaceutical) 

and midazolam (5 mg/mL; Roche) and water (1:1:2). A lateral tail vein was 

cannulated with a 27G butterfly catheter (Hospira) for remote administration of 

USPIO particles. Core temperature was maintained at approximately 37 °C with 

warm air blown through the magnet bore. 

 

For all the mice, anatomical T2-weighted transverse images were acquired from 

20 contiguous 1-mm-thick slices through the mouse abdomen, using a rapid 

acquisition with refocused echoes (RARE) sequence with four averages of 128 

phase encoding steps over a 3x3 cm field of view, an echo time (TE) of 36 

milliseconds, a repetition time (TR) of 4.5 seconds and a RARE factor of 8. These 

images were used to determine tumour volumes, and for planning the 

subsequent functional MRI measurements, which included optimization of the 

local field homogeneity using FASTmap algorithm and the measurement of the 

baseline transverse relaxation rate R2* (second-1), which is sensitive to the 

concentration of paramagnetic species, principally deoxyhaemoglobin. R2* was 

quantified using a multiple gradient-recall echo (MGE) sequence with eight 

averages, and an acquisition time of 3 minutes 20 seconds. Images were 
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acquired using eight echoes spaced 3 milliseconds apart, an initial TE of 6 

milliseconds, a flip angle a = 45° and a TR of 200 milliseconds. A dose of 150 

μmol Fe/kg of the USPIO particle preparation P904 (overall particle size ~25–30 

nm diameter; Guerbet) was then administered intravenously. After 3 minutes to 

allow for equilibration, a second set of identical MGRE images acquired. 

 

All the MRI data were acquired with a matrix size of 128x128 over a 3x3 cm field 

of view. Tumour volumes were determined using segmentation from regions of 

interest drawn on T2-weighted images for each tumour-containing slice using 

OsiriX. Tumour R2* maps were calculated from regions of interest drawn for each 

tumour-containing slice from the MGRE images acquired prior to and following 

administration of USPIO particles by fitting a single exponential to the signal 

intensity echo time curve on a voxel-by-voxel basis using a robust Bayesian 

approach using in-house software (ImageView, developed in IDL; ITT Visual 

Information Systems). Parametric maps of tumour fBV (%) were subsequently 

calculated using the USPIO-induced change in R2* (DR2*), as described 

previously (20). 

 

Additional Materials and Methods of Chapters 5-7 

 

Animals, imaging, and drug treatment schedule 

 

Transgenic Th-MYCN mice were genotyped to detect the presence of the human 

MYCN transgene (7). The study was performed using both male and female 

homozygous mice, which developed a single palpable abdominal tumour at 40–

80 days old with 100% penetrance. Tumour development was monitored weekly 

by palpation by an experienced animal technician. A total of 46 mice were 

enrolled with a median tumour volume of 861 ± 86 mm3 (derived from T2-weighted 

MRI; median ± 1 s.e.m., ranging from 280 to 2557 mm3). MRI was performed 

prior to treatment (day 0). Mice were left to recover for 24 hours, and then treated 

(Day 1) with 30 mg/kg orally of alisertib (MLN8237, purchased from Selleckchem, 

n = 11) or vehicle (10% 2-hydroxypropyl b-cyclodextrin, 1% NaHCO3, n = 9), or 

25 mg/kg orally of vistusertib (AZD2014, obtained under material transfer 
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agreement with AstraZeneca, n = 14) or vehicle (5% DMSO, 95% PEG300, n = 

12). Post-treatment MRI was performed 24 hours after treatment started (Day 2). 

Mice were housed in specific pathogen-free rooms in autoclaved, aseptic 

microisolator cages (maximum of 4 mice per cage) and allowed access to sterile 

food and water ad libitum. 

 

MRI 

 

All MRI studies were performed on a 7T Bruker horizontal bore MicroImaging 

system (Bruker Instruments) using a 3 cm birdcage volume coil. Anaesthesia was 

induced by an intraperitoneal 5 mL/kg injection of a combination of fentanyl citrate 

(0.315 mg/mL) plus fluanisone (10 mg/mL; Hypnorm, Janssen Pharmaceutical) 

and midazolam (5 mg/mL; Roche) and water (1:1:2). Core temperature was 

maintained at approximately 37 °C with warm air blown through the magnet bore. 

 

For all the mice, contiguous anatomical T2-weighted transverse images were 

acquired through the mouse abdomen for the quantification of tumour volume, 

optimization of the local field homogeneity using the FASTmap algorithm, and for 

planning the subsequent multiparametric MRI measurements. In addition to IR-

TrueFISP MRI for quantification of the spin-lattice (T1) and spin-spin (T2) 

relaxation times, these also included measurement of the apparent diffusion 

coefficient (ADC), the transverse relaxation rate R2* and the magnetization 

transfer ratio (MTR) using the MRI sequences and parameters listed in Appendix 

Table A1. 

 

Tumour volumes were determined using segmentation from regions of interest 

drawn on each tumour-containing T2-weighted MRI slice using OsiriX. All the 

multiparametric MRI data were fitted voxelwise using in-house software 

(ImageView, working under IDL, ITT) with a robust Bayesian approach that 

provided estimates of T1, T2, ADC and R2*. MTR (%) was calculated as MTR = 

(1-M25ppm/M100ppm) x 100 and fitted voxelwise using in-house code written in 

Matlab (The Mathworks). 
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Sequence 

 

Parameters TE 

(ms) 

TR 

(ms) 

NS FOV 

(cm2) 

Matrix 

size 

Slices Slice 

thickness 

Sequence 

specific 

parameters 

T2-

weighted 

RARE 

Tumour 

volume 

(mm3) 

36 4500 4 3x3 128x128 20 1 mm RARE factor = 

8, TT=3min40s 

IR- 

TrueFISP 

T1 (ms),  

T2 (ms) 

1.2 2.5 8 3x3 128x128 1 1 mm 8 segments, 

scan TR= 10s, 

50 TI = 28-

1930ms), 

TT=10min 40s 

Diffusion-

weighted 

MRI 

ADC 

(10-6 mm2.s-

1) 

32 1500 4 3x3 128x128 3 1 mm EPI readout 

5b-values = 

200 to 

1000 s.mm−2, 

TT= 4min 

MGRE R2* (s-1) 6 200 4 3x3 128x128 3 1 mm 8 echoes, 3ms 

apart, TT= 

3min 20s 

MT-RARE MTR (%) 7.5 1600 4 3x3 128x128 1 1 mm RARE 

factor=8, 

Saturation 

pulse length= 

1.3s, strength 

B1= 8 μT, 

offset 

frequency= 

+25ppm (MT 

effects “on”) 

and +100ppm 

(MT effects 

“off”), TT= 

1min 36s 

 

Table A.1 Summary of the MRI sequences and parameters used in this study 


