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Abstract

Introduction

Non-Hodgkin Lymphoma (nHL) is a common type of cancer, accounting for over 10,000

annual diagnoses in England. Diagnostic procedures for nHL require analysis of tissue

biopsies by highly skilled histopathologists. Procedural demand has increasingly outpaced

supply, with potential for negative impact on patient care. In this thesis, methods of

automating high burden, subjective procedures and of extracting additional value from

routine samples are proposed, with a focus on the most common forms of nHL: Follicular

Lymphoma (FL) and DLBCL.

Methods

A pipeline of processes are proposed for automation of FL cytological grading, involving

quanti�cation of cancerous B-cells (centroblasts). Two novel methods of clustering FL

and DLBCL patients on cell populations are presented. Finally, FL and DLBCL are

grouped on presence of informative proteins (immunohistochemistry).

Results

High cytological grade was found to associate with increased survival risk but, the au-

tomated procedure classi�ed a group of FL patients with good outcome. Cell-based

clusters associated with mutation in FL and survival in DLBCL. Automated immuno-

histochemistry estimates clustered patients on gene expression pro�les, informative of

survival. Prediction of immunohistochemistry clusters using routine (H&E) biopsy slides

was successful with state-of-the-art pathology image representations.
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Chapter i. Abstract

Conclusions and future work

Classi�cation of a low risk patient group through automated cytological grading evidenced

potential utility of centroblast subtypes as indicators of good outcome in FL. Perfor-

mance of automated immunohistochemistry quanti�cation in clustering gene expression

groups evidenced utility of automated procedures for reduction of histopathologist bur-

den. Successful classi�cation of immunohistochemistry with H&E evidenced feasibility,

by extension, of gene expression prediction.
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Abbreviations and Glossary

Disease terms

� FL: Follicular Lymphoma (a common, often indolent Non-Hodgkin Lymphoma

characterised by arrangement of tumour cells in follicles and BCL2 gene transloca-

tion)

� DLBCL: Di�use Large B-cell Lymphoma (a common, aggressive group of

Non-Hodgkin Lymphomas characterised by sheets of large neoplastic cells)

� HL: Hodgkin Lymphoma (an aggressive Lymphoma, characterised by sparse,

multinucleated, neoplastic Reed-Sternberg cells)

� BL: Burkitt's Lymphoma (an aggressive Non-Hodgkin Lymphoma characterised

by MYC gene translocation and classic `starry sky' appearance, due to sparse tin-

gible body macrophages within uniform sheets of medium-sized neoplastic cells)

� Ig: Immunoglobulin (Scienti�c term for an antibody protein, produced by B-

cells. Though often associated with secreted forms, the antigen-binding portion is

derived from the membrane-bound B-cell receptor)

� BCR: B-cell receptor (Surface protein of B-cells responsible for antigen binding,

consisting of a heavy chain, IgH, and light chain, IgL)

� GC: Germinal Centre (The sites within lymph tissue where naive B-cell somatic

mutation events occur, with controlled selection of cells exhibiting a�nity for de-

sired antigens)

� SHM: Somatic Hypermutation (Somatic mutation performed by naive B-cells

within GCs. Error-prone DNA repair mechanisms introduce mutations within DNA

regions encoding antigen binding sites within the B-cell receptor. This mechanism

leads to diversi�cation of antibody binding characteristics and thus, target antigens
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Chapter i. Abbreviations and Glossary

in clonal B-cell populations)

� CSR: Class Switch Recombination (A controlled somatic mutation event in

activated B-cells wherein DNA regions encoding e�ector cell binding sites (not

antigen binding sites) of the B-cell receptor are substituted for alternative isotypes.

This leads to changes in downstream responses of antibody binding and kinetics of

antibodies, optimising performance for a range of environments and pathogens)

� fDC: Follicular Dendritic cell (Antigen-presenting cells responsible for coordi-

nation of GC events. These include GC initiation upon immune challenge, selection

of naive B-cells with preferable antigen-binding characteristics and recruitment of

macrophages for clearance of apoptotic cells)

� TBM: Tingible-body Macrophage (Specialised macrophages found within GCs

responsible for clearance of apoptotic naive B-cells)

Clinical terms

� NHS: National Health Service (The public health authority in England)

� WHO: World Health Organisation (A key international organisation in rec-

ommendations for classi�cation and treatment of disease)

� ICC: International Consensus Classi�cation of myeloid neoplasms (An

international group of experts in cancers a�ecting blood and lymphoid tissues that

provide specialist recommendations for those conditions)

� HMRN: Haematological Malignancy Research Network (A consortium of

experts in blood-related cancers in the North of England, involved in data collection

and reporting on those conditions)

� ICD-10: 10th version of the International Statistical Classi�cation of

Diseases (Standardised numeric classi�cations of disease, intended to improve con-

sistency in reporting between sites and states)

� LDH: Lactate dehydrogenase (An enzyme responsible for catalysing reactions
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of glycolysis and anaerobic respiration within cells. Serum concentration is used to

assess extent of cellular damage and patient risk)

� B2M: β2 microglobulin (A subunit of the antigen-presenting HLA complex re-

sponsible for cytotoxic immune responses, expressed on nucleated cells. Serum

concentration in the context of lymphomas is used to assess patient risk, though

the mechanism behind this is not known)

� ECOG: Eastern Cooperative Oncology Group Performance Status (An

index for assessing impact of disease on patient livelihood/independence, ranging

from no impact to complete loss of motility and death)

� IPI: International Prognostic Index (a prognostic index for DLBCL, account-

ing for patient age, stage, serum LDH concentration, performance status (ECOG)

and involvement of non-lymphoid tissue, termed extranodal sites)

� FLIPI: Follicular Lymphoma International Prognostic Index (A prognostic

index for FL, comparable to IPI in DLBCL, taking into account age, disease stage,

serum LDH, serum haemaglobin and extranodal involvement)

� PRIMA-PI: PRIMA Prognostic Index (A prognostic index for FL taking into

account serum B2M concentration and bone marrow involvement)

� POD24: Progression of disease within 24 months (A binary measure of

patient outcome accounting for poor response to initial measures of disease man-

agement. Evidenced to be informative of longer term patient outcomes in at least

some lymphomas.)

� R-CHOP: Rituximab, cyclophosphamide, doxorubicin, vincristine and

prednisolone (A common immuno-chemotherapy regimen for the treatment of

aggressive B-cell lymphomas consisting of Rituximab, an antibody speci�c to the

B-cell marker CD20 (immuno- portion of therapy), cytotoxic molecules (CHO; -

chemo portion of therapy) and a steroid to modulate in�ammation (prednisolone;

P))
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� W&W: Watch and Wait (Also referred to as `watchful waiting', it is a common

management strategy in asymptomatic and indolent cancers like FL, where immuno-

and/or chemotherapy are not considered immediately bene�cial. Instead, patients

undergo a period of regular observation and re-assessment of optimal management

strategy)

Pathology terms

� FFPE: Formalin Fixed Para�n Embedded (A procedure for tissue preserva-

tion for long-term storage. This involves dehydration and �xation through poly-

merisation with formalin - a mixture of methanol and formaldehyde - and `sealing'

of tissue within para�n wax)

� H&E: Haematoxylin and Eosin (A routine pathology staining panel, leading to

purple colouration of negatively-charged, nucleic acids (chromatin) and pink to red

staining of positively-charged amino groups within proteins (cytoplasmic proteins

and vesicular nuclei, such as in the case of immunoblasts))

� IHC: Immunohistochemistry (Staining of speci�c proteins within pathology

samples for the purposes of di�erential diagnosis, subgrouping and prognosis. Com-

monly, this involves oxidation of 3,3'-diaminobenzidene, DAB, using peroxidase-

conjugated antibodies speci�c to proteins of interest, leading to deposition of brown

precipitate in regions of protein presence)

Image terms

� WSI: Whole Slide Image (A scanned biopsy slide. These are large images, often

measuring over 10,000 pixels in height and width)

� ROI: Region of Interest (A portion of a WSI, often representing areas with

prognostic value. These are much smaller than the WSI and thus, are often more

feasible to parse and analyse in computational e�orts)
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Computational terms

� ML: Machine Learning (Iterative processes (algorithms) for determination of a

process, given that starting data and at least some conditions of the outcome of the

process are de�ned)

� DL: Deep Learning (A subset of ML characterised by training of processes in-

volving many, often hundreds, of `learned' steps and subsequently, use of complex,

abstract relationships within data)

� Epoch: An iteration in �tting ML models (A single cycle of modifying internal

parameter values with the aim of better achieving required output conditions using

input data)

� Weight: Linear co-e�cient (A co-e�cient value which is optimised during ML

model training, with the objective of meeting the stated output conditions)

� ANN: Arti�cial Neural Network (An ML model type involving sequential ma-

trix multiplications with optimised weights and potentially non-linear transforma-

tions of data)

� Perceptron: A single transformation unit of an ANN (Comprising matrix

multiplication with optimised weight values and transformation using an activation

function)

� Activation function: A decision function (A transformation, such as Sigmoid

or Recti�ed Linear (ReLu), applied in perceptrons to values resulting from matrix

multipication, often to bound values within a desired range)

� Loss function: Transformation to determine distance (loss) between data

and desired output conditions (Used in training of ML/DL methods to inform

which parameters require tuning)

� Backpropagation: The process of optimising ANN parameters to better

reach desired output conditions (Starting from the perceptron layer closest to
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the output, loss (between values and desired output) and extent of changes required

to individual weights (called gradients) are calculated. An optimisation function is

used to change weight values with the aim of better predicting the required output

in the next iteration)

� Optimiser: Function informing weight value changes in backpropagation

(A function, such as stochastic gradient descent, that uses gradients to adjust weight

values with the aim of better predicting required output data)

xx



Introduction

Problem de�nition

Healthcare in crisis

Histopathology is the study of disease through microscope analysis of tissue samples[1].

Pathologists specialised in this work (histopathologists) are involved in a wide range of

clinical investigations including disease diagnosis, subclassi�cation and determination of

cause of death. Supply of pathology specialists does not meet demand[2]. This de�cit

likely contributes to general increases in diagnostic wait times[2], with 1
4
of patients

waiting over 6 weeks for test results[3]. This has been evidenced to directly impact

patient outcome in aggressive cancers[4, 5], with up to 8.7% increase in overall survival

risk for each additional day before treatment in lung cancer.

The number of microscopy slide analyses required annually in England may have grown

to over 37 million by 2025, following a 4.5% annual increase[6, 7]. With limited scope for

drastically increasing workforce size to meet demand, the NHS has prescribed adoption

of digital technologies to increase productivity of existing specialists[8].

Non-Hodgkin Lymphoma

Non-Hodgkin Lymphomas are common cancers of lymphoid tissues (such as lymph nodes,

bone marrow and thyroid) with over 10,000 annual diagnoses in England[9]. The vast

majority involve B-lymphocytes, responsible for antibody responses. Between 2,100-2,500

cases of Follicular Lymphoma (FL; ICD-10 code: C82) and 5,800-6,400 cases of Di�use

Large B-cell Lymphoma (DLBCL; ICD-10 code: C83) are diagnosed in England, annually

[9, 10].

These diseases have speci�c needs of histopathology. With respect to aforementioned de-

lays in NHS diagnosis time, median time for non-Hodgkin Lymphoma diagnosis following
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referral to specialist care was 28 days in 2014. Local wait times in Kent (34 days), the

West Midlands (32 days) and Lancashire (31 days) were substantially higher[11]. Given

additional waits for referral to specialist from primary care (GP practices) and evidence

of almost doubled waiting list size since 2014[3], it is reasonable to estimate median wait

times of over 35 days for diagnosis from an initial GP visit. For low risk cases, with low

prognostic index values (International Prognostic Index, IPI, score below 3), these wait

times may not signi�cantly impact outcome[12]. In fact, watchful waiting (observation,

without immuno-/chemotherapy till evidence of bene�t) remains a recommended course

of action in asymptomatic FL, especially in elderly patients[9]. Yet, higher risk patients

with disease spread throughout the body (Ann Arbor stage III-IV), potentially includ-

ing non-lymphoid tissue (extranodal site involvement) and experiencing greater impact

on their independence (ECOG performance status > 1) have substantially worse out-

comes with increased wait times[12]. This highlights the �rst histopathology challenge in

non-Hodgkin Lymphoma: faster diagnosis for high risk patients (with IPI score above 2).

Secondly, survival of FL and DLBCL patients has seemingly bene�tted less from tech-

nological advancements and improving standards of care than other non-Hodgkin Lym-

phomas. Mortality has decreased by 31% in FL and 29% in DLBCL (between 2004 and

2019), while Burkitt Lymphoma (53% decrease), Marginal Zone Lymphoma (47% de-

crease) and Mantle Cell Lymphoma (38% decrease) have seen greater improvements in

long-term care[13].

In the commonly indolent lymphoma FL, outcomes are often good with over 90% 5-year

survival in patients under the age of 60[14]. The indolent nature of the disease means

that it is not curable, so, clinical challenges lie in determining an optimal strategy for

long term treatment. Existing prognostic indices stratify risk well in patients undergoing

immuno-/chemotherapy[15], though they do not make use of a plethora of information

provided by histopathology.

Progression of disease within 24 months (POD24) is a key indicator of outcome, with 86%

of patients that respond well to initial disease management surviving for over 10 years

compared to 66% of those experiencing early progression[16]. The presence of this e�ect
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across treatment regimens evidence a subgroup of FL patients for whom current gold

standards have limited bene�t[17]. Early classi�cation of these patients, before initial

treatment failure and disease progression, may have utility in optimal treatment choice

and patient wellbeing.

In the aggressive lymphoma, DLBCL, 65% of patients have been cured, in some settings,

with current standards of care[18]. Like in FL, challenges lie in determining which patients

would respond poorly to standard of care. A range of mutational and gene expression pro-

�les have been identi�ed, with signi�cant survival di�erences in some cases[19�22]. The

tests for determining these features remain costly and so, are not routine[23, 24]. In the

case of cell-of-origin expression in DLBCL[19], expression must commonly be predicted

using microscopy slides, further increasing histopathologist workloads[22, 23, 25]. There

are considerable limitations to these analyses compared to gene expression, with greater

subjectivity, imperfect agreement with expression (around 85%) and limited utility, since

only one expression pro�le is classi�ed against all others[26].

Even with information on expression pro�le, clinical trials have evidenced limited ben-

e�ts of speci�c therapies for expression groups[27]. Despite substantial increases in risk of

chronic heart failure (>3×, compared to the population[28]), R-CHOP immunochemother-

apy has remained the standard of care for almost two decades. Access to e�ective means

of determining mutational and expression status of patients in ways that minimise ad-

ditional histopathologist burden, and limited utility of results in treatment choice limit

improvements in DLBCL patient care.

Summary of requirements

In summary, major challenges in Non-Hodgkin lymphoma lie in:

� Prediction of FL patients likely to respond poorly to the standard of care, often

experiencing disease progression within 2 years

� Prediction of a range of mutational and expression pro�les (rather than one against

all others), with minimal increases to pathologist burden
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� Prediction of patient groups informative in treatment choice

Nuances of non-Hodgkin lymphoma

Utility of lymphoid tissue

B-cells are vital for humoral responses to immune challenge, those involving secreted

molecules over direct cell-cell contact with pathogens. B-cell e�ectors, termed plasma

cells, secrete high volumes of immunoglobulin (Ig; antibodies) which lead to recruitment

of e�ector cells and sequestration of pathogens upon binding to targets[29�31]. The

importance of humoral defence is highlighted in individuals de�cient in key B-cell com-

ponents, who often experience severe and recurring bacterial infections[32].

B-cell responses must be, paradoxically, speci�c yet versatile to maintain delicate home-

ostasis between host cells and the microscopic ecosystem on the body's border. They

must overcome intracellular threats (cancer, viruses and microbacteria); eukaryotic para-

sites (helminth and Plasmodium) and extracellular pathogens (bacteria and fungi) while

maintaining bene�cial interactions with microbes and modulating responses to prevent

autoimmunity[33�36].

Somatic mutations

This contradictory set of requirements are ful�lled in B-cells through three controlled,

somatic mutation events targeting the B-cell receptor (BCR). This complex ultimately

forms the antigen-binding portion of antibodies. Somatic mutations create a pool of B-

cells with immense immunoglobulin diversity from identical starting genetics[30, 37�39].

These processes are:

V(D)J recombination In the bone marrow, progenitor B-cells undergo `assembly' of

the genes encoding the BCR. Unique to each cell, these are the result of random choice

of Variable (V), Diversity (D) and Joining (J) regions. Double strand breaks and ligation
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are catalysed in genes encoding antigen-binding sites (Ig heavy chain, IgH, and light

chain, IgL, genes). Joining combinations of V,D and J regions (VDJ in IgH and VJ in

IgL) forms the completed BCR[37�39].

Somatic hypermutation (SHM) Upon immune challenge, B-cells are recruited to

nearby lymph nodes. B-cells without prior activation through simultaneous binding to an

appropriate antigen and activation (in�ammatory) signals, termed naive B-cells, migrate

to germinal centres (GCs). In these temporary structures, antigens are presented to naive

B-cells, their intrinsic apoptosis escape mechanisms (mediated by the BCL-2 protein) are

suppressed and point mutation mechanisms are activated (SHM). Naive B-cells with

adequate binding to the required antigen receive survival signals and undergo successive

rounds of mutation and error-prone repair (SHM) in V regions of immunoglobulin genes

(IgH and IgL)[30, 37, 38].

Class Switch Recombination (CSR) While V(D)J recombination and SHM intro-

duce variation in antigen-binding kinetics, diversity is required in the mechanics of Ig

and downstream immune responses caused by antigen binding. Adaptations for humoral

defence in mucosa di�er from those needed in blood; neutralisation of cancerous cells

require distinct downstream processes compared to parasitic fungi. Partially random

exchange of the IgH constant region, responsible for downstream signalling and Ig trans-

port creates diversity in immunoglobulin responses. Alternative constant region isotypes

are adapted for speci�c transport behaviours (such as crossing the placenta) and down-

stream immune e�ects (such as complement �xation), facilitating appropriate responses

for a wide range of pathogens. Ultimately, this process produces a pool of di�erentiated

B-cells (plasmablasts), producing antibodies with similar antigen speci�city but a range

of environmental and situational adaptations[30, 38, 40, 41].

Non-Hodgkin Lymphoma pathogenesis

Despite being crucial in defence, errors in these somatic mutation processes lead to de-

velopment of non-Hodgkin lymphomas:
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� CSR and SHM can lead to translocation of the highly-expressed IgH gene to the c-

Myc oncogene, leading to aggressive Burkitt and di�use large B-cell lymphomas[22,

42�44]

� V(D)J recombination leading to translocation of IgH to the anti-apoptotic BCL-2

gene, facilitating continued BCL-2 expression in the GC. The mutation, allowing

apoptosis escape in GCs, is a hallmark of classical Follicular Lymphoma[45, 46]

� SHM leading to successive cycles of mutation in DLBCL and higher risk FL[47, 48]

An additional risk in B-cell lymphomas uncommon in many other cancers is the high

initial motility of a�ected cells. Disease is often delocalised at diagnosis, limiting treat-

ment options. This e�ect is evidenced by the 82% of DLBCL patients and 84% of FL

patients presenting with more than one a�ected site at diagnosis (Ann Arbor Stage >

1)[46, 47], and involvement of vital organs such as lung, central nervous system, liver or

bone marrow in almost 40% of DLBCL patients[49].

Ultimately, a `perfect storm' of features required for e�ective defence against a myriad of

potential pathogens lead to development of B-cell cancers, primed with innate mutation

activities and high motility.

A comparison of non-cancerous (reactive) lymph node features, FL and DLBCL are

presented in Figure 1.1, below. In reactive tissue (left column), the GC architecture

is clear: visible `light' zones composed of tingible-body macrophages (TBMs) resolving

apoptotic debris and dark mantle zones surrounding GCs. GCs are largely concentrated

on the lymph node periphery, closest to where molecules from surrounding tissues drain

into the lymph node and contact antigen presenting cells. In FL (middle column), GC-

like structures appear to form but their architecture is unlike GCs (therefore named

follicles, not GCs): no observable `light' zones and unclear mantle zones. These follicles

are distributed throughout the lymph nodes. Closer inspection reveals absence of TBMs,

with large numbers of centrocytes and some centroblasts. In DLBCL (right column), no

GC-like structures are observed. Neoplastic B-cells (centroblasts) form sheets, pervading

the tissue.
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Figure 1.1: Overview of classic histopathology features of FL and DL-
BCL in H&E slides, with respect to reactive (non-cancerous in�am-
mation) lymph nodes. Key features are annotated with arrows. Ab-
breviations: fDC = Follicular Dendritic Cell; TBM = Tingible-Body
Macrophage; GC = Germinal Centre. Relative magni�cation refers
to viewer magni�cation (QuPath[50]) used to extract images. Further
scaling was performed to �t images to an A4 page size. Cell annotations
were made by VC.

7



Chapter 1. Introduction

Opportunities

Previous e�orts

Subgrouping of Non-Hodgkin Lymphoma

Recent work has highlighted value of mutational signatures in FL and DLBCL. In FL,

patients with mutations of TP53 and related genes appear at signi�cantly increased

overall survival (OS) and progression-free survival (PFS) risk[51, 52]. Classi�cation of

DLBCL and FL mutation identi�ed a subgroup of FL harbouring similarities to DL-

BCL and signi�cantly higher mutation in genes associated with errors in SHM (such as

BCL7A)[48]. This group was found to be at higher risk of transformation to aggressive

disease (DLBCL), often carrying worse prognosis.

Likewise, TP53 mutation appears to lead to signi�cantly worse PFS in DLBCL[53].

Besides TP53, simultaneous mutations or over-expression of two or more lymphoma-

associated genes (anti-apoptotic BCL2, the oncogene c-MYC and/or the germinal tran-

scription regulator BCL6 ) are associated with poor 5-year OS of 22-43%[54].

A recent, novel mutational signature incorporating markers of B-cell di�erentiation and

BCR signalling appears to predict lower PFS risk in a range of datasets[55].

Gene expression pro�les have long been used to stratify risk in DLBCL, with evidence

of higher risk in late stage (plasmablast-like) germinal centre and Burkitt Lymphoma-

like expression[19, 56]. Work aiming to resolve expression to the level of speci�c cells

demonstrated signi�cantly increased OS and PFS risk with abnormally low (`depleted')

and high (`in�ammatory') levels of immune cell expression[57].

These studies present clear utility of mutation and expression assays in stratifying patient

risk, though, the procedures remain prohibitively expensive for routine use.

Cytological grading of FL

A series of e�orts by the laboratory of Metin Gurcan aimed to improve inter-observer

agreement in H&E cytological grading of FL[58�63], a burdensome and highly subjective
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task. Despite their e�orts, utility of the FL automated grading system (FLAGS[63]) was

limited due to reliance on additional staining (CD20 immunohistochemistry), incurring

additional costs, and the lack of survival analyses to investigate potential clinical bene�t.

Automation of cytological grading was not accepted as standard. The manual process is

no longer recommended by the WHO[23] due to poor reproducibility and limited evidence

of clinical utility. Yet, independent groups of experts continue to recommend cytological

grading for potential bene�ts in stratifying at-risk patients[24].

Recent work has evidenced relationships between uncommon pro�les of mutation (in-

volving the STAT6 gene) and di�use arrangements of lymphoma follicles[64], indicating

potential of mutation pro�le prediction in histopathology. Additionally, other work in FL

has evidenced clinical utility in cell heterogeneity and presence of speci�c cell types[65].

Together, these results evidence potential utility in subgrouping and quantifying cells, as

well as their arrangements in FL.

Cell types in DLBCL

Recent work evidenced clinical utility of nuclear morphology in DLBCL[66]. This echoed

previous �ndings in which heterogeneity of cells and nuclear morphology were either infor-

mative of genetics or of survival[67, 68]. As yet, diagnostic procedures in classi�cation of

morphology and protein markers, as recommended by international organisations[23, 24],

are conducted manually. As with FL, classi�cation of these features likely su�ers from low

reproducibility due to high reliance on subjective features and variation in equipment[61,

69�71]. The work of Vrabac et al.[66] evidence utility of automated approaches, with

potential for higher consistency in analyses. Use of such systems for `second opinions'

may improve histopathologist consistency, as demonstrated with the FLAGS system[63],

while providing information on features not feasibly quanti�ed by human observers (such

as cell heterogeneity).

Key questions

Given �ndings above, the following questions remain in FL and DLBCL:
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� Is there clinical utility to cytological grading in FL?

� Can cellular subtypes be resolved in routine histopathology slides?

� Can molecular subtypes, originating from mutation or gene expression pro�les, be

resolved in histopathology slides?

� What is the clinical utility, with respect to OS of histopathology clusters in FL and

DLBCL?

Computational Pathology

Considerations in Histopathology

Tissue biopsies must be preserved, sliced and stained for routine histopathology assess-

ments in non-Hodgkin Lymphoma. A common procedure for this formalin �xation and

para�n embedding (FFPE).

First, tissue is dehydrated and `�xed', a term to describe formation of covalent bonds to

preserve microscopic structures, using an ethanol/formaldehyde mix (formalin). Next,

biopsies are sealed in para�n wax for long term storage, forming structures commonly

referred to as `tissue blocks'. Tissue blocks are sliced �nely (up to 5µm in thickness) using

a microtome to allow light transmission through the tissue. Next, tissue is stained. Com-

monly, this consists of haematoxylin and eosin (H&E), which stain nucleic acids purple

(DNA and RNA) and proteins pink (cytoplasm and ribosomes), respectively. In addi-

tion, speci�c proteins can be targeted using enzyme-conjugated antibodies in a process

termed immunohistochemistry (IHC). In DLBCL, this process is standard for detecting

cells producing markers of naive and plasma B-cells, as part of estimations of their expres-

sion pro�le (Hans algorithm[25]). Deposition of coloured precipitate by the antibodies,

commonly brown precipitate from 3,3'-diaminobenzidene (DAB), stains regions enriched

for the target protein.

The above steps can each lead to noticeable image features not representative of the

underlying pathology (artefacts), highlighting need for adequate quality control measures
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in histopathology[72]. For example, delays in �xation and use of blunt blades in tissue

slicing can lead to fragmentation of tissue layers. Loose blades can lead to tissue sections

of variable thicknesses and hence, hues. Exposure time with each of the stains mentioned

can lead to variation in staining between slides, with variable thresholds for regions

containing the target biological entities.

These phenomena must be distinguished from `real' features of disease, those resulting

from the underlying pathology.

Digital slides

Histopathology slides can be digitised through scanning at high resolution. The ad-

vantages of using digital images over glass slides for histopathology analyses include

greater e�ciency in indexing; scope for consultations from geographically-distant special-

ists (tele-pathology) and scope for computer-aided analysis[73]. Individual case studies

have evidenced long-term �nancial bene�ts to digitisation, albeit high initial costs[74].

This process presents unique challenges, though. To e�ectively resolve informative fea-

tures of tissue, slides must be scanned at high magni�cations of 20× and 40× (further

information on magni�cation in digital images provided in Appendix Section 1). This

results in images on the gigapixel scale (> 109 pixels), displaying only several centimetres

squared of tissue, while using dozens of gigabytes of computer memory to store (without

image compression). Storage and use of these images for routine histopathology present

technical challenges. These become more acute where computational analyses are desired,

as the image �les are too large to parse whole for consumer grade computers.

For this reason, digitised slides must often be split into many smaller image `patches'

or parsed at a lower magni�cation (termed `downsampling' in this thesis) for use with

computational analyses.

Machine Learning

Machine learning (ML) refers to a group of mathematical procedures aimed at deter-

mining the steps behind a desired transformation: given an input X and conditions of a
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desired output f(X), ML methods aim to estimate the nature of f()[75]. For instance,

lifestyle characteristics, X, may be known for a set of individuals, such as weekly alcohol

consumption, social media use, compliance with tra�c safety protocols etc. Whether

they have ever been at fault in a motor vehicle incident, f(X), may also be known. A

machine learning task may be developed to �nd a series of steps, the function f(), which

determines likelihood of ever being at fault in a vehicle incident, given lifestyle habits.

This di�ers from traditional statistics such as correlation, which can identify relationships

between data but makes no assumptions of processes involved in interconversion of data.

ML is especially useful in automating or making inferences on relationships between data

where the relationships are complex, involving interactions between multiple variables.

Common ML tasks include grouping of data points (clustering), classifying data into

types (classi�cation) or predicting numerical values from a set of starting conditions (re-

gression).

ML methods are `�tted' to perform a process through iterative optimisation of internal

parameters often called `training'. Through comparisons of input data to desired output

conditions, parameters are modi�ed according to de�ned criteria in an algorithmic pro-

cess. When a de�ned set of criteria are met, training ends and the modi�ed parameters

are collectively commonly referred to as the trained model.

The underlying assumptions, characteristics and limitations of ML methods di�er between

distinct model types and the choice of model parameters. The number of optimisable

parameters roughly indicate the complexity of the process that an ML method will �t:

more parameters often mean training of a more complex sequence of processing steps.

ML methods also di�er in the nature of processing steps, meaning that some `train' more

complex processes, inherently. For example, logistic regression models train a series of

linear relationships (`weights') between data to make predictions. On the other hand,

Classi�cation and Regression Tree (CaRT or decision tree) models train a series of binary

conditions to make predictions. Relationships between input data are more complex in

CaRT, where not only increase or decrease in values in�uence predictions (as in logistic

regression), but whether values meet thresholds.
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The advantages of more complex models lie in identi�cation of novel relationships be-

tween data, too abstract to otherwise be formulated. If the complexity more accurately

represents the relationship between features in input data, complex models can lead to

better performance in tasks (where less complex models `under�t' the true complexity of

relationships).

Disadvantages in complex models lie in increased computational demands, and potentially

worse performance, if the model trained over-estimates the complexity of relationships in

data (termed `over-�tting')[75, 76]. Fitting ML methods for a given task depends on iden-

tifying an acceptable balance of complexity, to accurately model the general relationships

between features in the input data and desired output criteria.

Deep Learning

Deep Learning (DL) methods are a subgroup of ML methods, with hundreds to many

billions of optimisable parameters, united by the use of arti�cial neural networks (ANNs)

somewhere in their design[75, 77]. The larger scale of parameters compared to ML in-

creases the complexity of processes �tted, meaning that typically, more complex rela-

tionships can be identi�ed between input features. For example, prediction of exact

plant height from genetic sequences may potentially be more accurately performed with

DL than ML, since height is in�uenced by complex relationships between thousands of

so-called quantitative trait loci (qTLs), as well as thousands of other sites in�uencing

interactions with the environment, metabolism and resource management.

ANN models generally involve sequential layers of nodes, commonly termed perceptrons.

Input data is either passed directly to the �rst layer of perceptrons or preprocessed. Be-

tween layers of perceptrons, matrix multiplication is performed with data values from

previous layers and trainable parameters. The results are transformed by a decision

function (commonly called an activation function) to obtain new data values, passed to

subsequent layers. Trainable parameters mentioned above are optimised in model training

(often termed `weights'). This has the e�ect of modulating in�uence of each perceptron to

each one in the next layer, facilitating an immense range of possible processes that can be
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�tted to the data. Considerations such as number of perceptrons in each layer, number of

perceptron layers, activation function chosen, data preprocessing steps and interactions

between distant perceptrons can lead a vast range of di�erent trained processes and thus,

qualities of model[75�77]. A reference on ML/DL speci�c terminology is provided in the

Glossary.

Histopathology methods

ML and DL paradigms common in computational histopathology[78] and relevant to the

work presented include the following:

� Convolutional Neural Networks (CNNs): ANNs which use image `convolution'

transformations similar to di�erentiation in pre-processing of data. Progressively

more complex properties of image regions, from boundaries between objects to tex-

tures, are captured by successive layers of convolution[77]. CNN variants which use

values from a range of convolution layers, and so, encode features over a range of

morphological complexities are called UNet models[79]. These have demonstrated

success in encoding distinctive image features, as evidenced through classi�cation

of nuclei from images and image reconstruction[80�83].

� Graph Convolutional Networks (GCNs): ANNs which use a topographical represen-

tation of input data (graphs), describing not only feature values but relationships

between data points. While the ANNs described above have grid-like structures,

with data passed sequentially through layers of perceptrons, GCN architecture is not

bound to a grid structure. Perceptrons can be connected to any other perceptrons,

meaning that investigators have a wide range of choice in initial architectures. Data

�ow is also not restricted to a unidirectional progression through the network. It is

typically passed and transformed between adjacent nodes (weighted by respective

distance), using trained parameters to either model degree of in�uence from each

feature or update distances between perceptrons[84]. Graph convolutions relate

to progressive `rounds' of data transfer and transformation between perceptrons,

with gradual increase in in�uence from distant perceptrons. Such representations
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have outperformed CNNs in some contexts[85, 86], highlighting context-dependent

importance of interactions (near, far and bi-directional) in biological systems.

Example use of CNN or GCN networks in non-Hodgkin lymphoma are presented in Figure

1.2, below. In the presented case, the objective of models is to predict whether input

images show cancerous B-cell masses. The major di�erences between typical CNN and

GCN embeddings of histopathology data can be seen, with topographical maps in GCN

and extraction of abstract morphological features with CNN. Also exempli�ed are the

key di�erences in data transfer direction and network architecture constraints between

typical ANNs and GCNs.
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Figure 1.2: Simple examples of a convolutional neural network (CNN)
and graph convolutional network (GCN) in a non-Hodgkin Lymphoma
context: classi�cation of cancer given a naive B-cell region image.
In the CNN (top), convolution transformations are performed on parts
of the input image, typically increasing contrast of morphological fea-
tures. Convolution images are linearised and passed through an ANN.
Finally, data in the �nal ANN layer are transformed to make a predic-
tion of whether the input image showed a cancerous sample, or not.
In the GCN example (bottom), the image is converted to a graph rep-
resentation. In this case, nuclear subgraphs were constructed to rep-
resent cells likely to interact. Subgraph data is passed to the GCN,
which transforms features of nuclei according to connected nuclei. Ag-
gregation of data across subgraphs can provide a prediction of whether
the input image contained a cancerous mass. Line colour key: black
arrow = process step; Dashed black arrow = data transfer with learned
parameters; blue line = distance between adjacent objects in graph
representation; nuclear border in graph representation = a token set of
nuclear features, potentially cell type or expression pro�le
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Aims and output

The aims of this thesis are broadly to use developments in computational analysis of

histopathology data to subgroup non-Hodgkin lymphoma patients. These e�orts are

focused on subgroups informative on patient overall survival; molecular features (such as

mutation, expression and protein presence) and treatment-speci�c e�ects. Each chapter

includes use of nuclear morphology features, which inform histopathologist classi�cations

in lymphoma. Motivation for this focus over more abstract features was that they were

generally interpretable and, empirically, a bridge between the language of those con�ned

to the microscope (histopathologists) and the keyboard (me).

Thesis Structure

Chapter 1: Cytological Grading

In Chapter 1, we present an e�ort to automate cytological grading of Follicular Lym-

phoma. Composed of follicle (naive B-cell region) and naive B-cell (centroblast) classi-

�ers, it aimed to follow a similar procedure to histopathologists in cytological grading.

Novel aspects of this model are operation solely on H&E, routine in FL histopathology,

and (to the best of my knowledge) the �rst comparison of automated grades to mutation

pro�les and overall survival. The classi�er was validated against pathologist classi�ca-

tions and survival in internal and external (GALLIUM clinical trial) data.

Work was presented at ECDP 2023 (details below).

Chapter 2: Nuclear Signatures in Non-Hodgkin Lymphoma

In Chapter 2, we present unsupervised approaches of clustering non-Hodgkin Lymphoma

patients on nuclei detected within B-cell regions of histopathology samples. Two methods

are proposed with one operating on median cell concentrations (nuclear phenotype) and

the other on the distribution of all cells detected (nuclear distributions). Patient clusters

were compared on features deemed to have clinical utility: overall survival and mutation

in FL/cell-of-origin expression in DLBCL. Finally, validation was performed on external
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datasets (GALLIUM trial for FL and DLBCL-MORPH for DLBCL). Nuclear distribution

clusters were presented at ECDP 2024 and MIUA 2024, with subsequent publication of

proceedings (details below).

Chapter 3: Immunohistochemistry prediction in Non-Hodgkin Lymphoma

In Chapter 3, we present unsupervised FL and DLBCL clusters, grouped on protein

presence. Using popular methods of immunohistochemistry (IHC) data quanti�cation,

protein presence was estimated across panels of 11 and 13 lymphoma-associated proteins

in FL and DLBCL, respectively. Estimates were compared with pathologist estimates

for CD10, BCL6 and MUM1. Patients were clustered on estimates of IHC staining,

with comparison against mutation (FL) and expression pro�les (DLBCL). Finally, Graph

Neural Networks were trained to predict protein (IHC) clusters using H&E data, with

comparisons of overall survival and mutation/expression pro�les between groups. DLBCL

cluster characteristics were validated externally using the DLBCL-MORPH dataset. A

research paper manuscript is being written to report this work, with inclusion of nuclear

clusters from chapter 2 (details below).

Research output

Papers

� (Manuscript in progress) Volodymyr Chapman, Alireza Behzadnia, Cathy

Burton, Dan Painter, Alex Smith, Reuben Tooze, Andrew Janowzcyk & David

Westhead

Cellular phenotypes of disease in Follicular and Di�use Large B-cell Lymphomas.

Related to nuclear phenotype clusters in Chapter 3 and IHC clusters in

Chapter 4.

Contributions:

� VC: Conception, analyses and writing.

� AB: Annotation of nuclei.
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� CB, DP, AS, RT, AJ & DW: Feedback on methods and manuscript.

� Volodymyr Chapman, Alireza Behzadnia, Cathy Burton, Dan Painter, Alex

Smith, Reuben Tooze, Andrew Janowzcyk & David Westhead (2024)

The FLy-HEi index for overall survival prediction in Follicular Lymphoma patients

undergoing watchful waiting. In Thomas, C., Kendrick, C., Cootes, T., Reeves,

N., Yap, M. H., Zwiggelaar, R. ed. Medical Image Understanding and Analysis,

24th-26th July 2024, Manchester UK. Frontiers in Medical Technology, pp. 136-

141. ISBN:9782832512449. DOI:10.3389/978-2-8325-1244-9.

Related to nuclear distribution clusters in Chapter 2: Patient nuclear

subgroups.

Contributions:

� VC: Conception, analyses and writing.

� AB: Annotation of nuclei.

� CB, DP, AS, RT, AJ & DW: Feedback on methods and manuscript.

Conference Presentations

� Volodymyr Chapman, Alireza Behzadnia, Reuben Tooze, Cathy Burton, Dan

Painter, Alex Smith, Andrew Janowczyk & David Westhead (2024) Nuclear dis-

tribution clusters associate with mutation pro�le in Follicular Lymphoma. 20th

European Congress on Digital Pathology (ECDP), Vilnius, Lithuania.

� Volodymyr Chapman, Alireza Behzadnia, Reuben Tooze, Cathy Burton, Dan

Painter, Alex Smith, Andrew Janowczyk & David Westhead (2023) Automation

of cytological grading in Follicular Lymphoma evidences polarising impact of im-

munochemotherapy in high grade cases. 19th European Congress on Digital

Pathology (ECDP), Budapest, Hungary.
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Conference Posters

� Volodymyr Chapman, Alireza Behzadnia, Reuben Tooze, Cathy Burton, Dan

Painter, Alex Smith, Andrew Janowczyk & David Westhead (2024) FLy-HEi nu-

clear distribution clusters associate with clinical features in Follicular Lymphoma.

28th UK Conference on Medical Image Understanding and Analysis

(MIUA), Manchester, UK. Winner of Best Poster Award - Abstract pa-

per category.

� Volodymyr Chapman, Alireza Behzadnia, Reuben Tooze, Cathy Burton, Dan

Painter, Alex Smith, Andrew Janowczyk & David Westhead (2024) Histopathology

classi�er for high risk Di�use Large B-Cell Lymphoma. 20th European Congress

on Digital Pathology (ECDP), Vilnius, Lithuania.
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Chapter 2

Cytological Grading

1 Abstract

Introduction

Cytological grading in Follicular Lymphoma (FL) involves quanti�cation of neoplastic

cells, centroblasts, within naive B-cell regions of lymph nodes (follicles). Manual grading

is laborious, su�ers from poor reproducibility, and is susceptible to sampling bias, limiting

evaluation of its clinical utility. Previous e�orts have successfully improved inter-observer

agreement with computer assistance but did not investigate relationships between grade

and survival. We present an automated pipeline with associated survival analysis.

Methods

335 H&E whole slide images (WSIs) of the HMRN dataset, scanned at 40× magni�cation

were used for development (n = 27) and internal validation (n = 308) of an automated

cytological grading pipeline. External validation was performed on 526 WSIs of the GAL-

LIUM trial dataset.

First, naive B-cell regions (follicles) were classi�ed using an ensemble of 3 UNet models,

trained on 9 exhaustively-annotated WSIs and evaluated on 6 further WSIs.

Then, HoVerNet was used for segmentation of nuclei within follicle regions. 67,000

pathologist-labelled nuclei were used to train a centroblast classi�er, utilising the 5 most

informative features from 66 nuclear features. Grade was assigned on number of centrob-

lasts per unit area, calibrated against pathologist annotations. The automated pipeline

was evaluated against pathologist grade using a range of regression and classi�cation met-
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rics. Clinical utility of cytological grading was assessed using Cox Proportional Hazards

models.

Results

The follicle region classi�er performed similarly to published classi�ers with naive B-

cell region DICE scores of 0.70 and 0.41 against H&E and CD10 IHC ground truth,

respectively. Centroblast counts showed high agreement with a pathologist assisted by

a quadrat, achieving R2 score of 0.68 on validation data. Grading of regions of interest,

with �xed magni�cation and �eld of view, resulted in agreement comparable to published

inter-pathologist agreement, with a Cohen κ of 0.55. The model performed similarly

to the published FLAGS system, achieving AUC-ROC of 0.88. Classi�cation of high

grade at the slide level resulted in Cohen κ close to 0, evidencing poor agreement with

pathologists. Pathologist high grade was associated with signi�cantly increased hazard

against low grade (HR high grade = 2.62 (95% CI: 1.29-5.32) while machine high grade

was associated with reduced hazard on the same data (HR high grade = 0.22; 95% CI:

0.03-1.63).

Conclusions

Results evidenced signi�cant clinical utility of cytological grading. The proposed pipeline

achieved centroblast classi�cation and quanti�cation with high pathologist agreement,

but substantial di�erences were observed in aggregation of results for a whole slide image

classi�cation.
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2 Introduction

2.1 Challenges in Follicular Lymphoma

Follicular Lymphoma (FL) is a success story of treatment innovation in indolent cancers,

with a 5-year relative survival increase from 66% to 92% in 30 years [87]. Prognostication

still relies heavily on clinical features such as age, Ann Arbor stage and presence of B-

symptoms[88, 89], despite burdensome pathologist analyses. Ideal outcomes in terms of

analysis time, e�ciency of pathology experts and patient care would be for procedures

with little clinical utility to be limited or delegated to software and/or for greater value

to be extracted from routine pathology procedures. These needs become ever more acute

with global pathologist shortages[1]. Cytological grading of Follicular Lymphoma is one

such time-intensive pathology procedure, with con�icting recommendations for use[23,

24] and an algorithmic process seemingly well-suited for computer automation. In this

study, we aim to:

1. Automate cytological grading

2. Assess its clinical utility

3. Ascertain whether

A) It has value in the modern age of immunochemotherapy

B) Automation provides value for clinicians and ultimately, patients

2.2 Cytological Grading

In the highly dynamic follicular lymphoma lymph node environment, tumour burden

from motile, migratory B-cells is assessed indirectly using `cytological grade'. In this

procedure, concentration of neoplastic B-cells at the early, centroblast stage is quanti�ed

within abnormal B-cell regions, follicles, with loss of cell polarisation present in otherwise

non-cancerous in�ammation (reactive germinal centres; GCs). Using arbitrary thresholds,

patients are assigned cytological grade from one to three on aggregation of ten sample
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follicles. Grade 3 is further subdivided into 3A, where more developed centrocyte cells

are present and 3B, characterised by homogeneous centroblast regions.

Some evidence exists that classi�cation of high grade has clinical utility in treatment

choice, especially in patients with symptomatic disease [90�93].

2.3 Limitations of grading

The grading procedure su�ers critical limitations which lead to poor consistency, repro-

ducibility and inter-observer agreement:

� Sampling bias through evaluation of a small fraction of naive B-cell regions[63]

� Subjectivity in nuclear classi�cation[59]

� Error introduced through inconsistencies in grading procedure[61, 94]

Agreement between experts can vary wildly with reported Cohen's kappa values between

0.18 and 0.71[59, 61]. Such inconsistencies have led to con�icting recommendations for

the procedure, with re-assignment as an optional assay by the WHO[23] but guidance on

continued usage by an international committee of haematopathology experts[24].

2.4 Previous Work

Immunohistochemistry Dependence

Previous e�orts have successfully improved inter-observer agreement in centroblast clas-

si�cation and grading[61, 63]. These strategies relied on immunohistochemistry (IHC)

for selection of naive B-cell regions to be graded[63, 95, 96]. Though clearly e�ective in

those e�orts, IHC presents a considerable additional expense[97], has limited utility in

di�erential diagnosis of FL and so, is not routinely or consistently performed. Where it

is available, error can be introduced through:

� Serial sections of biopsy slides, cut 2-5µm apart potentially resulting in large dis-

tances between IHC slide regions and the corresponding H&E, for which they inform

region selection
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� Variable presence of the naive B-cell markers CD10 and BCL2. These markers are

more frequently absent in the higher grade cases for which grading may hold clinical

utility[98, 99](Figure 2.1 second and third rows, respectively)

� Potential for poor contrast with the general B-cell marker CD20, previously used[63,

95, 96](Figure 2.1 right). High concentrations of B-cells within all areas of the lymph

node, even in high grade disease[99], may potentially limit scope for selection of

speci�c regions

Region selection with H&E staining also presents technical challenges, namely in variable

contrast between lighter, lower cell density naive B-cell regions and classically darker,

high cell density interfollicular regions (Figure 2.1 top row). Despite this, an automated

approach relying solely on H&E would have wider application within the FL diagnosis

process.

25



2. INTRODUCTION Chapter 2. Cytological Grading

Figure 2.1: Comparison of naive B-cell region staining methods. Red
arrows pointing to naive B-cell region (follicle) landmarks between com-
parable regions of stained serial sections of FFPE tissue from the HMRN
dataset[100]. H&E = Haematoxylin and Eosin staining. CD10, BCL2
and CD20 refer to immunohistochemistry staining of the corresponding
B-cell protein markers.
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Centroblast Classi�cation

A range of methods have been used for centroblast classi�cation, with earlier methods

operating on texture, intensity and geometric features[58, 60] while later models utilised

nonlinear embeddings of intensity features[62, 101]. Validation of all models identi�ed

has involved comparatively small datasets of 30-220 centroblasts.

As in many cases of FL, centroblasts are recognised as the neoplastic cell in Di�use

Large B-cell Lymphoma[102]. In this related disease, interpretable geometric features of

nuclei predicted to be neoplastic, such as area and Feret diameter, were used to predict

survival, achieving a concordance index of 0.64[66]. This work evidenced clinical utility

of geometric features, but interpretation of results is complicated by the choice of model

used to classify neoplastic cells (HoVerNet[103]). In empirical analyses, we found that

HoVerNet classi�ed almost all cells within naive B-cell regions as neoplastic, even in

non-cancerous samples (Figure 2.2). This observation evidenced that cell concentrations

were a confounding variable in this analysis, with the method used to aggregate feature

values for all nuclei within a sample (mean) sensitive to the balance between small, jagged

centrocytes and large, more circular centroblasts. Overall, results from Vrabac et al.[66]

evidenced utility of geometric features in lymphoma survival prediction and indirectly,

utility in classi�cation of centroblasts with modern nuclear segmentation methods.
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Figure 2.2: HoVerNet[103] inference on non-cancerous, reactive lymph
node naive B-cell region (germinal centre), demonstrating erroneous
widespread classi�cation of cells in these regions as neoplastic. Border
colour prediction key: Red = neoplastic; Green = in�ammatory; Black
= other. Image from H&E slide of HMRN dataset[100].

In summary, previous e�orts have shown promise in centroblast classi�cation using in-

terpretible geometric, texture and intensity features as well as abstract embeddings of

colour intensity. Most e�orts have su�ered from comparatively low centroblast numbers

in evaluation, leading to uncertainty of true performance.

2.5 Work summary

In this study, we evaluate methods of centroblast classi�cation from those operating on

geometric, texture and intensity features (random forest model on nuclear features) to

more recent methods operating on abstract embeddings of intensity (DenseNet169 and

E�cientNetV2s on nuclear images). Next, we create a pipeline of supervised naive B-cell

region (follicle) and centroblast classi�cation to perform automated cytological grading,

operating on entirely on H&E slides. Finally, for the �rst time (as far as the authors are

aware) we perform survival analyses with predicted grades.
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The particular items of novelty in this study are:

1. Development of a supervised H&E follicle classi�er, with performance evaluated

against H&E and IHC

2. Benchmarks of a supervised centroblast classi�ers utilising objective nuclear fea-

tures against deep learning approaches

3. Development of a cytological grading tool operating solely on H&E WSIs, allowing

widest usage

4. Evaluation of the clinical utility of cytological grading, with respect to overall sur-

vival
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3 Methods

3.1 Experiment Work�ow

Figure 2.3: Automated Cytological Grading work�ow

The proposed method aimed to follow the clinical guidelines of cytological grading closely

[104], with narrowing of cell analysis to naive B-cell regions (termed follicles) and sub-

sequent quanti�cation of cells predicted to be centroblasts within those regions. Finally,

grade was assigned through comparison of centroblast counts against grading thresholds.
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3.2 Patient Data

Data used are from the UK population-based Haematological Malignancy Research Net-

work (HMRN) dataset[100], comprising data on all novel hematological malignancies from

14 hospitals in the Yorkshire & Humberside regions from the 1st September 2004 to the

31st August 2012. Clinical characterisation, including diagnosis, treatment choice and

tracking of outcome until the 31st December 2018 was conducted by the Hematological

Malignancy Diagnostic Service (HMDS; www.HMDS.info).

Slide scanning was initiated on 548 patient samples, diagnosed with Follicular Lymphoma

(FL) according to International Classi�cation of Diseases for Oncology, Third Edition

[105], with previous targeted sequencing [46].

Whole slide, H&E-stained images of the GALLIUM trial dataset [106, 107], were used

for external validation of the classi�er.

3.3 Ethics statement

Fully anonymised data was collected from HMDS patient records following ethical ap-

proval (Research Ethics Committee reference 04/Q1205/69).

3.4 Whole slide images

Formalin �xed para�n embedded (FFPE) tissue was prepared and stained with H&E by

the HMDS as part of a routine diagnostic process. Prepared slides were scanned by the

Slide Scanning Service, St. James's University Hospital, Leeds using a Leica Aperio AT2

scanner at 40× magni�cation. All downstream analyses were performed using Python

3.8.18. Whole slide images (WSIs) were parsed with OpenSlide 3.4.1, using OpenSlide-

Python 1.3.1 for Python bindings. WSIs were visually inspected before use, with exclusion

of slides containing features which would likely lead to excess noise in classi�cation tasks,

including the following:

� needle core biopsies
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� low tissue content, de�ned as less than 1000×1000 pixels of tissue

� excess �brotic tissue (evidencing necrosis or sclerosis)

� poor �xation

� anomalous staining

� artefacts, such as excessive dust

Comparable visual quality control was performed on external validation data.

For the majority of patients in both the HMDS and GALLIUM cohorts, a single H&E

slide was available for analysis. For 4 patients in the HMDS cohort, multiple slides were

available. These were from biopsy samples stored in separate FFPE blocks, likely due

to tissue separation or sampling from multiple sites during the surgical procedure. Since

there was a chance that samples were taken from di�erent biological sites, results of

multiple slides for a patient could not be reliably merged through averaging. Each slide

was therefore treated as a separate data point.

3.5 Data partitions

Data acquisition was performed throughout the duration of the reported work. Initial

data available was randomly partitioned into training and internal validation partitions.

Subsequent WSIs were added to the internal validation partition. All slides underwent

visual quality control (QC), as described above. Following QC, the GALLIUM trial

dataset was assigned into three (partially overlapping) groups on quality:

1. Su�cient tissue, de�ned as slides with at least 10 patches of 1000×1000 pixels at

the highest magni�cation level of the image. This included images scanned at 20×

magni�cation and needle core biopsies.

2. Passes, with further �ltering for scanning at 40× magni�cation; exclusion of needle

core biopsies and other slide level artefacts.

3. Strict passes, with further exclusion of slides on artefacts caused by cover slips,
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staining etc.

Partitioning schema and exclusion criteria are outlined in CONSORT diagrams (Figure

2.4) below. For the HMRN dataset, cases were �rst excluded on slide QC features (79/414

excluded) then split into a model training (n = 27) and validation partition (n = 308).

With GALLIUM trial data, slides containing tissue from outside of lymph nodes or with-

out associated clinical data were excluded (490/1070 excluded). Next, cases were �ltered

on su�cient tissue (>10 patches; 54/580 excluded) and �nally, slides were assigned to

groups with increasingly stringent QC selection criteria.

Figure 2.4: Visual quality control and partitioning of the
datasets

Partition clinical characteristics are described in Appendix Table A.1 Patient character-

istics.
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3.6 Nuclear Segmentation

Algorithms

To identify an optimal nuclear segmentation algorithm for the proposed use case, seg-

mentation performance was compared against manually segmented nuclei. In total, 831

ground truth nuclei were segmented in 50 128×128 pixel tiles extracted from naive B-cell

regions of 4 FL WSIs.

Three published segmentation algorithms were evaluated: StarDist[108], CellPose (ver-

sion 1)[109] and HoVerNet[103]. For Cellpose and HoVerNet, multiple publicly available

versions of the models were evaluated. These versions, referred to as `checkpoints', were

created by the algorithm developers through training of the same underlying model ar-

chitectures with di�erent datasets. The `cyto' and `nuclei' checkpoints of Cellpose were

evaluated, trained on �uorescent cytoplasmic markers and nuclear segmentations, respec-

tively, as reported[109]. The CPM-17[110], CoNSeP[110], PanNuke[111] and Kumar[112]

checkpoints of HoVerNet were evaluated (trained as previously reported[103] on the rele-

vant datasets). The MoNuSAC checkpoint was also used[113]. Finally, both Cellpose and

StarDist required selection of hyperparameters in inference. To evaluate general model

performance, results were aggregated over a wide range of parameters for each method (n

= 216 sets for Cellpose and n = 300 sets for StarDist). Therefore, median performance

values presented (Table 2.1) were calculated using 1 prediction for 50 ground truth im-

ages in the case of HoVerNet checkpoints; 300 predictions for each ground truth image in

StarDist (n = 1,500) and 216 predictions per ground truth image for Cellpose checkpoints

(n = 1,080).

3.7 Naive B-cell Region Classi�cation

Naive B-cell regions (follicles) of tissue were classi�ed to direct nuclear sampling. To

begin, preprocessing was conducted through tissue region classi�cation and removal of

artefacts based on methods in HistoQC [114]. First, tissue regions were segmented using

�ltering of grayscale image intensity at 1× magni�cation. An empirically determined
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minimum intensity threshold of 0.2 removed dust and other dark artefacts in digital

slides and maximum threshold of 0.8 removed light background. Next, binary erosion

was performed to remove objects with area lower than 5,000 square pixels, such as small

pieces of tissue and fat. This was conducted using the Scikit-Image library [115].

Following preprocessing, 3 UNet models[79] were trained on 9 H&E WSIs, exhaustively

annotated using Quick Annotator[116] at 1× magni�cation to classify follicle pixels (pro-

cess displayed in Figure 2.5, below). These adapted convolutional neural network (CNN)

models accepted image patches as input, which underwent local aggregation procedures

termed `convolution'. During this, �lters were used to e�ectively `emphasise' image fea-

tures, including horizontal and vertical boundaries. Each sequential convolution layer

resulted in emphasis of more complex image properties from lines, to compound shapes

and �nally, texture features. Following four layers of convolution, aggregated, complex

image features were reconstructed into naive B-cell region masks of the same shape as the

input image, termed `deconvolution'. The UNet architecture used was distinguished from

the CNN described through `skip connections' (lines between convolution and deconvolu-

tion layers in Figure 2.5), in which image features extracted from each convolution layer

were made available during image reconstruction (deconvolution), as opposed to just the

most complex features extracted.

A voting ensemble was formed of the three top-performing models, with respect to AUC-

ROC on training data, in which classi�cation of each pixel (B-cell region or not) was

determined through a mojority model vote.

Models were evaluated against exhaustively annotated H&E (n = 6) and CD10 IHC (n

= 5; registered to H&E[117]) ground truth using a range of segmentation metrics. Image

patches used in downstream analyses were �ltered for a minimum of 90% tissue coverage.
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Figure 2.5: The architecture of a single UNet model, as used for pre-
diction of naive B-cell regions (follicles). Final follicle classi�cation was
performed using voting with 3 UNet models.

3.8 Centroblast Classi�cation

Two broad methods of centroblast classi�cation were evaluated. The �rst was a ma-

chine learning approach, using random forest classi�ers [118] trained on nuclear features

describing morphology, colour intensity and texture. The second was a deep learning

approach using pretrained computer vision models to classify nuclei, in a process called

transfer learning.

A dataset of pathologist labelled nuclei was created for training of algorithms, selection

of an optimal one and evaluation of the �nal model. To enable classi�cation of cen-

troblasts across a range of morphologies, tissue samples were used from three types of

non-Hodgkin Lymphoma with naive B-cell (blastoid cell) involvement, as reported by the

WHO[23]: Burkitt Lymphoma (BL), Di�use Large B-cell Lymphoma (DLBCL) and Fol-

licular Lymphoma (FL). 15 RGB region patches were extracted from 3 WSIs each of BL,

FL and DLBCL (totalling 9 WSIs and 45 region patches). 67,786 objects were segmented

in these patches using the MoNuSAC checkpoint of HoVerNet [103]. Segmented objects

were labelled by a pathologist into three classes - Centroblast, non-centroblast nucleus

and non-nucleus - using Patch Sorter[119].

Nuclei were randomly split into training (n = 40,671; 60%), cross validation (for selection

of an optimal model; n = 13,557; 20%) and test (for evaluation of the best-performing
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model; n = 13,558, 20%) partitions.

All approaches to centroblast classi�cation used identical data partitions. Algorithms

were trained to predict the multiclass pathologist label of objects (non-nuclear, centrob-

last and non-centroblast). Once an optimal general approach had been identi�ed, that

model was trained on the binary task of predicting centroblasts vs. non-centroblasts,

with exclusion of non-nuclear objects from training data.

Machine Learning approach

66 Nuclear features describing texture, morphology and intensity were measured for each

nucleus (Scikit-image library features used for morphology and intensity: region features;

texture features described in Supplementary �les, Chapter_1 folder, Texture_features.xlsx).

Feature values were clipped at the 1st and 99th percentiles, to reduce the impact of

outliers. Features were then linearly scaled to the range of 0 and 1 to promote equal

contribution in model �tting.

To maximise the signal-to-noise ratio, redundant features and those not informative for

classi�cation of cell types were removed. Features with Spearman's rank correlation val-

ues above an empirically-determined value of 0.7 were considered to be redundant and

were �ltered o� (except the �rst feature). Next, informative features were �ltered on util-

ity in classi�cation and feature importance using permutation importance and recursive

feature elimination (RFE), respectively. Both of these methods used a Random Forest

classi�er of 100 decision tree models (classi�cation and regression tree; CART) with max

tree depth of 5, trained on the training data partition. Permutation importance, de�ned

as predictive performance loss due to random permutation of a feature (described in Sec-

tion 10 of [118]), was used to �lter informative features. Features for which permutation

led to net model performance loss were deemed to be informative. Permutation impor-

tance was calculated over 50 permutation cycles (repeats). Performance was calculated

using accuracy loss, de�ned as the reduction in model accuracy upon random shu�ing

(permutation) of the feature. Features with 95% con�dence intervals above zero were
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deemed to be informative. Finally, to �lter for the most informative features, RFE was

used for step-wise elimination of less informative features. A step size of 1 was used

with Gini impurity as a measure of feature importance, averaged over 5 cross validation

partitions.

A �nal random forest classi�er was trained using a grid search over 150 parameter sets.

5-fold cross validation was used to select for models with capacity to generalise to unseen

data. To reduce the impact of class imbalance in model �tting, SMOTE[120] was used

to synthetically oversample under-represented classes of objects (centroblasts and non-

nuclei) in training data.

Deep Learning approach

Two general image classi�cation deep learning (DL) algorithms were evaluated in nuclear

classi�cation: DenseNet169 [121] and E�cientNet v2-s [122]. Models were initiated with

pretrained parameters (also called weights and checkpoint; ImageNet V1). Final layers,

responsible for classi�cation, were substituted for ones with 3 classes that corresponded

with the pathologist labels. In training, only parameters associated with the �nal layers

were trained.

Images of nuclei were preprocessed to increase signal-noise ratio, ensure pixel intensities

were within required thresholds and input image sizes were as required for each DL model

- 224 × 224 pixels for DenseNet169 and 384×384 pixels for E�cientNet v2-s. All masking

and padding steps described involved setting pixel values to zero.

Bounding box images of objects segmented using HoVerNet (above, section 3.8) were

extracted from WSIs at 40x magni�cation. Background pixels were masked (with values

of zero) to reduce potential noise from nearby nuclei and cytoplasm artefacts (Figure 2.6,

left images of each pair). Images of nuclei were transformed as necessary for DL models,

consisting of:

1. Padding of masked images on all sides, with final image side length
8

pixels
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2. Crop of the centre of images, with crop side lengths equal to final image side length
4

pixels

3. Scaling of the central crop to the required image size

4. Normalisation of pixel intensities for each colour channel, with respect to parameters

used in model training:

� Red: mean = 0.485, SD = 0.229

� Green: mean = 0.456, SD = 0.224

� Blue: mean = 0.406, SD = 0.225

Examples of images of nuclei following processing are displayed in Figure 2.6, right images

of each pair.
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Figure 2.6: Nuclear image pairs displaying nuclear images after mask-
ing of background pixels (left of each pair) and after subsequent pre-
processing for use in deep learning models (right image in each pair,
denoted by `Transformed' title). Pathologist ground truth labels are
displayed above pre-transformation objects (left images in each pair).
Non-CB = non-centroblast; CB = centroblast; Non-nucleus = labelled
as non-nuclear material, such as an erythrocyte or apoptotic body.
Note: Transformed images displayed were transformed with training
augmentations, including rotation. Therefore, transformed images dis-
played did not necessarily have identical rotation to masked images
displayed.

3.9 Automated Cytological Grading

A minimum of 10 and maximum of 200 1000×1000 pixel regions of interest (ROIs) were

extracted from naive B-cell regions of slides at 40x magni�cation, depending on tissue

availability. Nuclear segmentation and centroblast classi�cation was performed on each

ROI, as described in sections 3.6 and 3.8, respectively. Median number of centroblasts

(per ROI) was used for slide-level cytological grading. Grade thresholds were determined

with comparison against pathologist grade for 15 ROIs (named the calibration set). 5

ROIs were used for validation.
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3.10 Inference on validation data

Cytological grading was performed on GALLIUM trial data[106, 107] using models and

parameters trained on HMRN data.

Region selection was conducted using the Naive B-cell region classi�er, trained on HMRN

FL slides (Section 3.7). Nuclear segmentation was conducted using the MoNuSaC check-

point of HoVerNet[103]. Nuclear features were measured and linearly scaled using pa-

rameters determined on a set of over 177,000 unlabelled nuclei across Non-Hodgkin Lym-

phomas (Chapter 3 Section 3.5 Pan Non-Hodgkin lymphoma nuclear dataset). Features

were also linearly scaled with respect to all nuclei in the GALLIUM dataset. Therefore,

2 sets of scaled nuclear features were created - one scaled to HMRN parameters and one

to the GALLIUM trial. This was conducted to allow evaluation of performance across

data acquisition work�ows.

Centroblasts were classi�ed on scaled nuclear features using a Random Forest model,

trained on labelled HMRN FL nuclei (Section 3.8). Finally, classi�cation of slides into

low and high grade (relating to cytological grades 1-2 and 3, respectively) was achieved

through comparison of median number of centroblasts per ROI against a high grade

threshold determined with pathologist annotations (Section 3.9). These grades were

compared against pathologist grades assigned during the GALLIUM trial[107].

Predicted centroblast cell counts were validated against pathologist cell counts of:

� centroblasts on the 15 calibration set patches (HMRN dataset)

� large cell nuclei that could conceivably be centroblasts on 64 ROIs of the 'Strict

pass' partition (GALLIUM dataset)

� centroblasts, immunoblasts, endothelial cells, macrophages and follicular dendritic

cells (fDCs) on 30 ROIs of the 'Strict pass' partition (GALLIUM dataset)

Though not requested, the pathologist reported use of a quadrat for cell counts in GAL-

LIUM data but not HMRN data. For GALLIUM data, only centroblasts predicted in the

HMRN-scaled feature set were evaluated.
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3.11 Survival analysis

Kaplan-Meier estimators were used for display of survival data.

Association with patient features

The Pearson correlation coe�cient was calculated between binary classi�cation of high

cytological grade and patient clinical features. Given di�erences in clinical features mea-

sured and potential di�erences in procedures, correlation was calculated separately for

HMRN and GALLIUM trial data.

Cox Proportional Hazards Models

The contribution of cytological grade in survival risk was assessed using Cox Proportional

Hazards (Cox) models (Equation 2.1, below). To test the core assumption of Cox models,

that hazards were proportional over time, the `check_assumption' function of the lifelines

library[123] was used for all Cox models �tted. In this, extent of time-scaled Schoenfeld

residual divergence from a Chi-squared distribution was used to assess a null hypothesis

(proportional hazards) for each variable. A signi�cance threshold of 0.01 was used. The

null hypothesis was not rejected for any variable or model.

For risk features: {X1, X2, ..., Xn} and associated risk co-e�cients: {β1, β2, ..., βn}:

λ (t|X1, X2, ..., Xn) = λ0(t) e
β1X1+β2X2+...+βnXn (2.1)

Where λ is the hazard function at time point t and λ0 is the baseline risk to

the patient.

Overall survival time and patient vital status at this time, with an event de�ned as death

by any cause, were used for �tting. This de�nition of an event was used over death

attributed solely to lymphoma �rstly, to maximise number of observed events in �tting

and secondly, to reduce noise in attribution of death to lymphoma. Using death by any

cause to de�ne events could conceivably increase noise from deaths with no contribution
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from FL but, the systemic burden of FL was assumed to be substantial enough to have

contributed to most deaths.

Contribution of cytological grade in overall survival was measured using the exponential

coe�cient value eβ from Cox models, the hazard ratio (HR). The coe�cient values β

assigned by Cox models were dependent on features used in �tting. In e�ect, HRs can be

in�ated if models are �tted with features that predict events poorly. Common practice

to prevent such over-estimation of HRs includes �tting of models with the inclusion of

features assumed to be important in predicting events - often age, Ann Arbor Stage and

performance status (ECOG) - in a process termed `correction'.

Statistical signi�cance

P-values were calculated for clinical feature associations (Section 3.11, above) using

Welch's t-test on clinical features of patients assigned to high grade against those as-

signed to low grade.

P-values were calculated for Cox model coe�cients using the Wald test of a single param-

eter. This calculated the probability of the observed or more extreme data, with respect

to a null hypothesis in which individual coe�cient values were zero (HR = 1).

For all p-values, a signi�cance threshold of 0.05 was used, with Bonferroni multiple test-

ing correction (where applicable).

Evaluation metrics

De�nitions and equations for all evaluation metrics used are provided in Appendix section

4.1 Evaluation metrics.

43



4. RESULTS AND DISCUSSION Chapter 2. Cytological Grading

4 Results and Discussion

4.1 Dataset characteristics

The HMRN and GALLIUM datasets displayed considerable di�erences in patient charac-

teristics, as expected when comparing population and clinical trial datasets. As displayed

in Appendix Table A.1 Patient characteristics, key di�erences between GALLIUM and

HMRN datasets were:

� lower male populations than HMRN data (40.1-44.7% vs. 51.3%)

� 2.0-7.9% higher proportions of patients with B-symptoms (nights sweats, fever and

weight loss)

� Higher median performance status (ECOG) and Ann Arbor stage in GALLIUM

(ECOG 1 vs ECOG 0 & stage 4 vs. 3)

� Substantially greater proportion of patients with disease involvement beyond lymph

nodes, with over 2× higher proportion of extranodal involvement and 19.5-22%

higher bone marrow involvement

� Over 11% higher proportions of elevated LDH (with respect to centre-speci�c thresh-

olds) in GALLIUM

� Substantially greater use of immuno- and chemotherapy in GALLIUM, with all

patients receiving each. As opposed to 35.1% administration of immuno- and 38%

chemotherapy in HMRN. 61.1% of patients in HMRN either underwent radiotherapy

or watchful waiting (watch & wait).

� Use of Obinutuzumab and Rituximab immunotherapy in GALLIUM, as opposed

to only Rituximab in HMRN

� Preference in GALLIUM for administration of Bendamustine (≃65% vs. 0.3%

HMRN) and CHOP (24.3-28.6% vs. 9.2% in HMRN)

� Preference in HMRN for administration of CVP (24.6% vs. 6.3-10.6%)
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� Over 3× higher administration of radiotherapy in HMRN (21.8% vs. 5.6-6.8%)

Current selection criteria for immunochemotherapy are the presence of systemic (Ann

Arbor stage 2+) and symptomatic disease [88, 89]. This can explain most di�erences

between datasets including higher B-symptom prevalence; involvement of non-lymphoid

tissue; stage; performance status; elevated LDH and administration of both immuno- and

chemotherapies.

Conversely, radiotherapy is currently advised for localised (Ann Arbor stage 1) disease,

which explains higher administration of this treatment in HMRN.

Finally, collection of the HMRN cohort of patients began in 2004 [100], before publication

of results from the STiL and BRIGHT trials evidencing improved complete and partial

response to Bendamustine, compared to CHOP and CVP [124, 125]. Since enrollment for

the GALLIUM trial commenced several years after publication of initial results from the

STiL trial, stark di�erences in administration of Bendamustine in HMRN and GALLIUM

datasets could potentially be explained by changing standard of care after 2009.

Recommendations for management of FL distinguished patients on extent of disease

spread (Ann Arbor stage and involvement of organs outside of lymph nodes), symp-

tomatic disease (presence of B-symptoms) and risk of transformation to DLBCL. Con-

siderable confounding variables existed when comparing disease managed through im-

munochemotherapy, radiotherapy and watchful waiting so, these treatment partitions

were evaluated separately. With respect to external validation, the GALLIUM trial

data was deemed suitable for comparison with immunochemotherapy patients of the

HMRN dataset only. Despite evidence of improved progression-free survival with Obin-

utuzumab[107] and Bendamustine[125], both administered in far greater proportions in

GALLIUM data, no signi�cant di�erences in overall survival have yet been demonstrated

(to the best of my knowledge). Therefore, comparison of overall survival events was cho-

sen over progression-free survival, to allow for direct comparison between GALLIUM and

HMRN despite considerable di�erences in immunochemotherapy regimens.

Finally, there was almost no overlap in scanning hardware used in the HMRN and GAL-

LIUM datasets, with use of Leica Aperio and Hamamatsu scanners, respectively. Scanner
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variability has previously been shown to negatively impact performance of deep learning

tools[126]. Evidence has led to gold standard practices of stain normalisation[127] with

computer vision models, but the utility of these with a random forest classi�er operating

on tabular data is unknown. To try to account for potential performance di�erences of

nuclear segmentation models in GALLIUM data, nuclear features were linearly scaled to

maximum and minimum values of nuclei in HMRN and GALLIUM datasets, separately.

Finally, over 90% of patients that received chemotherapy in the HMRN dataset also

received immunotherapy (107/117). For accuracy, the term `chemotherapy' was used

throughout this thesis to refer to those patients, but it should be noted that almost all

technically received immunochemotherapy.

4.2 Nuclear segmentation methods

Published nuclear segmentation algorithm performance was compared against manually-

segmented nuclei from the internal HMRN dataset, with results displayed below.

Model Checkpoint
Median Metric value (IQR)

DICE DICE

2

AJI AJI+ DQ SQ PQ

Cellpose
Cyto 0.52

(0.43

-

0.59)

0.64

(0.59

-

0.70)

0.34

(0.26

-

0.39)

0.34

(0.26

-

0.40)

0.41

(0.30

-

0.52)

0.62

(0.60

-

0.65)

0.26

(0.18

-

0.33)

Nuclei 0.37

(0.25

-

0.44)

0.47

(0.40

-

0.57)

0.19

(0.14

-

0.24)

0.20

(0.14

-

0.25)

0.14

(0.07

-

0.24)

0.58

(0.53

-

0.62)

0.08

(0.04

-

0.14)

HoVerNet

CPM-17 0.61

(0.54

-

0.67)

0.72

(0.64

-

0.76)

0.41

(0.34

-

0.48)

0.42

(0.35

-

0.48)

0.60

(0.49

-

0.69)

0.69

(0.67

-

0.72)

0.41

(0.34

-

0.49)
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CoNSeP 0.28

(0.09

-

0.63)

0.69

(0.63

-

0.83)

0.14

(0.05

-

0.41)

0.14

(0.05

-

0.41)

0.24

(0.03

-

0.52)

0.74

(0.15

-

0.77)

0.17

(0.03

-

0.39)

Kumar 0.76

(0.65

-

0.81)

0.84

(0.74

-

0.87)

0.58

(0.48

-

0.64)

0.59

(0.48

-

0.65)

0.75

(0.64

-

0.82)

0.80

(0.78

-

0.82)

0.60

(0.51

-

0.68)

MoNuSAC 0.77

(0.72

-

0.83)

0.85

(0.78

-

0.89)

0.61

(0.52

-

0.68)

0.61

(0.52

-

0.68)

0.76

(0.67

-

0.83)

0.82

(0.79

-

0.84)

0.62

(0.54

-

0.68)

PanNuke 0.72

(0.63

-

0.78)

0.81

(0.74

-

0.84)

0.55

(0.44

-

0.62)

0.56

(0.44

-

0.63)

0.72

(0.62

-

0.79)

0.78

(0.74

-

0.80)

0.56

(0.47

-

0.61)

StarDist 2D H&E 0.72

(0.64

-

0.78)

0.83

(0.75

-

0.87)

0.54

(0.45

-

0.62)

0.55

(0.45

-

0.63)

0.71

(0.62

-

0.81)

0.79

(0.76

-

0.81)

0.56

(0.47

-

0.64)

Table 2.1: Results of segmentation algorithm evaluation on 50 manually
annotated follicular lymphoma patches. Higher median values indicate
better segmentation performance. IQR = Interquartile range of per-
formance across all images. Top performing model for each metric in
bold.

The MoNuSaC checkpoint of HoVerNet was found to have best performance in all eval-

uation metrics, with respect to the annotated nuclei, evidencing optimal segmentation

performance for the required use case (Table 2.1). Evaluation metric values evidenced

comparable performance between Kumar, MoNuSaC and PanNuke checkpoints of HoV-
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erNet as well as StarDist, with overlapping interquartile ranges (IQRs; Figure 2.7).

Figure 2.7: Nuclear segmentation algorithm evaluation. Higher values
indicate better segmentation performance. Where multiple pretrained
parameter sets were tested for a model architecture, model variants are
presented in brackets.

Visual inspection evidenced poor nuclear classi�cation as the likely cause of poor perfor-

mance with the CoNSeP checkpoint of HoVerNet and CellPose (Figure 2.8). Inspection

also revealed potential errors in ground truth annotations, especially evident in missed

nuclei in images 1, 4 and 5. This likely led to erroneously low performance values for the

CPM-17 checkpoint of HoVerNet, which appeared to segment missed nuclei well.
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Figure 2.8: Nuclear Segmentation Algorithm Visual Inspection. Green
borders indicate ground truth segmentation. Blue borders indicate pre-
dicted segmentations.
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Discussion

Quantitative evaluation evidenced that the optimal algorithm for nuclear segmentation

on the HMRN dataset was the MoNuSaC checkpoint of HoVerNet. In most metrics, the

interquartile range of performance overlapped with the Kumar and PanNuke checkpoints

of HoVerNet, and the 2D H&E checkpoint of StarDist. This evidenced suitability of those

algorithms in the proposed lymphoma use case also.

Qualitative assessment of algorithms through visual inspection �rstly evidenced poten-

tial mistakes in manual segmentation. This was especially visible to the centre right of

image 4, where CPM-17, Kumar and PanNuke checkpoints of HoVerNet segmented an

apparently large, jagged nucleus with numerous nucleoli. This object was not segmented

by the human observer or the MoNuSac checkpoint.

Secondly, visual inspection evidenced similar segmentation and nucleus detection perfor-

mance of the top four models, as well as the CPM-17 checkpoint of HoVerNet.

Together, high similarity in both quantitative and qualitative performance, as well as

uncertainty in annotation of a ground truth indicate that an optimal model among the 5

checkpoints referenced was challenging to distinguish.

With respect to segmentation and detection most closely resembling performance of the

human observer, both qualitative and quantitative evaluation evidence that this was

achieved by the MoNuSaC checkpoint.

This optimal model achieved performance values above 0.75 in DICE and segmentation

quality (SQ), evidencing good performance in segmentation of pixels belonging to nuclei.

Similar performance in distinction quality (DQ) evidenced good performance in segmen-

tation of individual nuclei. Performance values were lower for AJI than DICE in all cases,

evidencing a stricter metric. Similar performance in AJI and the object-wise AJI+ metric

evidenced

4.3 Naive B-cell region classi�er

Follicle segmentation algorithms, developed on manually annotated H&E slides at 1x

magni�cation were evaluated on 6 exhaustively annotated H&E slides, with results dis-
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played below.

Evaluation data Model
Median Metric value (IQR)

DICE DICE

2

AJI AJI+ DQ SQ PQ

H&E

A 0.69

(0.63

-

0.73)

0.26

(0.14

-

0.52)

0.17

(0.08

-

0.40)

0.37

(0.27

-

0.48)

0.39

(0.23

-

0.49)

0.69

(0.65

-

0.71)

0.27

(0.15

-

0.34)

B 0.70

(0.63

-

0.75)

0.41

(0.19

-

0.56)

0.28

(0.11

-

0.45)

0.40

(0.27

-

0.51)

0.43

(0.25

-

0.49)

0.70

(0.65

-

0.71)

0.30

(0.16

-

0.35)

C 0.68

(0.63

-

0.75)

0.49

(0.26

-

0.58)

0.39

(0.17

-

0.48)

0.44

(0.30

-

0.51)

0.42

(0.24

-

0.49)

0.69

(0.67

-

0.71)

0.30

(0.16

-

0.34)

Ensemble 0.70

(0.63

-

0.75)

0.43

(0.20

-

0.57)

0.30

(0.12

-

0.46)

0.42

(0.28

-

0.51)

0.43

(0.25

-

0.49)

0.70

(0.68

-

0.71)

0.30

(0.17

-

0.34)

CD10 IHC

A 0.41

(0.38

-

0.46)

0.01

(0.00

-

0.01)

0.00

(0.00

-

0.01)

0.04

(0.03

-

0.06)

0.00

(0.00

-

0.00)

0.00

(0.00

-

0.57)

0.00

(0.00

-

0.00)

B 0.41

(0.36

-

0.46)

0.01

(0.00

-

0.02)

0.00

(0.00

-

0.01)

0.04

(0.03

-

0.10)

0.00

(0.00

-

0.00)

0.56

(0.00

-

0.63)

0.00

(0.00

-

0.00)
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C 0.40

(0.34

-

0.46)

0.01

(0.00

-

0.02)

0.00

(0.00

-

0.01)

0.05

(0.05

-

0.10)

0.01

(0.0 -

0.02)

0.55

(0.53

-

0.57)

0.00

(0.00

-

0.01)

Ensemble 0.41

(0.36

-

0.46)

0.01

(0.00

-

0.02)

0.00

(0.00

-

0.01)

0.04

(0.04

-

0.10)

0.00

(0.00

-

0.01)

0.56

(0.00

-

0.59)

0.00

(0.00

-

0.00)

Table 2.2: Results of naive B-cell region (follicle) segmentation algo-
rithm evaluation on exhaustively-annotated follicular lymphoma whole
slide images. Higher median values indicate better segmentation per-
formance. H&E = Inference on Hematoxylin & Eosin (H&E)-stained
slides with evaluation against ground truth segmentations made with
the same H&E slides. CD10 IHC = Inference on H&E slides with eval-
uation against ground truth segmentations made with registered serial
CD10 immunohistochemistry (IHC) slides. IQR = Interquartile range
of performance across all images. Top performing model(s, in case of
ties in median and IQR values) for each metric in bold.

Of individual models, B and C performed best, with model B outperforming C in all

metrics but DICE 2, AJI and AJI+ (Table 2.2; rows 1 - 4). Median Model A performance

was substantially worse than models B and C but, due to low sample number, was within

the respective IQRs of the other models (Figure 2.9).

The ensemble performed similarly to model B alone in all metric values, achieving joint

best performance in the same metrics.

Segmentation was further evaluated with respect to an immunohistochemistry ground

truth, the naive B-cell marker CD10 (Appendix Figure A.1). Again, model B and the

ensemble achieved similar results, with joint highest DICE and Segmentation Quality

(SQ), evidencing optimal performance in pixel level classi�cation. Performance on the

IHC ground truth was close to 0 for all models in all metrics except, DICE and SQ (Table

2.2; rows 5 - 8) evidencing that object-wise segmentation performance (per naive B-cell

region) was poor.

52



Chapter 2. Cytological Grading 4. RESULTS AND DISCUSSION

Figure 2.9: Follicle Segmentation Algorithm performance on test data
against H&E ground truth. A, B, C = individual UNet models used
in follicle segmentation. Ensemble = segmentation using pixel-level
voting with models A, B and C, where �nal classi�cation is the modal
classi�cation.

Visual inspection of follicle segmentation (blue lines indicating boundaries; Figure 2.10,

below) showed segmentation similar to ground truth (green lines indicating boundaries)

where follicles were clearly visible (top row; 2.10). The model appeared to segment far

greater areas than in ground truth where follicles were less clearly visible (bottom row;

Figure 2.10) . This was also the case with IHC ground truth (bottom row; Appendix

Figure A.1).
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Figure 2.10: Visual inspection of ensemble Follicle Segmentation Algo-
rithm performance on test data. SQ = Segmentation Quality metric
score, per slide. Green border = Ground Truth. Blue border = Ensem-
ble prediction.
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Discussion

Quantitative evaluation of H&E results evidenced inferior performance of model A, with

no apparent redeeming value in the ensemble. Models B and C appeared to perform with

complementary strengths, with each achieving top performance in approximately half of

the performance metrics used. These results evidence a negative impact of model A in

the ensemble, while models B and C each appeared to add value to the �nal ensemble.

Qualitative evaluation through visual inspection evidenced performance close to a human

annotator in images where follicles were clear (top images Figure 2.10). Where follicles

were less clear, ensemble and human segmentations diverged, as was seen in Figure 2.10,

from top to bottom. In such a low con�dence segmentation task, it was not possible to

determine whether the cause of lower performance was an increase in model misclassi�-

cation or greater segmentation errors in the ground truth.

E�orts to determine the causes of poorer performance using an IHC ground truth (the

naive B-cell marker CD10) evidenced poor distinction of individual follicles, through low

performance (up to 0.10) in AJI+ and distinction quality (DQ) (Table A.1). Ensemble

DICE and segmentation quality (SQ) were higher at 0.41 and 0.56, respectively, indicating

moderate performance in classi�cation of follicle pixels. Again, model A under-performed

with respect to models B and C.

Qualitative evaluation through visual inspection (Figure A.2a bottom) evidenced overly

high classi�cation of follicle regions, with respect to ground truth. Comparison of follicles

in H&E and CD10 ground truth staining (Figure A.2b middle) showed low intersection.

Though H&E and CD10 ground truths were not compared in this study, follicles in H&E

appeared to cover far larger areas than regions stained for CD10. This qualitatively evi-

denced poor agreement between CD10 IHC and H&E in classi�cation of follicle regions,

with ground truth annotations in H&E including large regions of false positive pixels,

with respect to IHC. An improved H&E follicle classi�er would likely require training of

models with ground truth generated using CD10 IHC, eliminating some error introduced

during annotation of follicles in IHC. Low availability of IHC limited such an e�ort here.

With respect to existing classi�ers of naive B-cell regions, performance of the H&E clas-
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si�er was close to existing classi�ers of germinal centres when compared with the CD10

(germinal centre marker) IHC ground truth. DICE scores of 0.41 compared well with 0.48

for HookNet,0.30 for other UNet models and 0.38 for MRN[128]. Low DICE values across

models further evidence the complexity and challenge of naive B-cell region classi�cation.

In classi�cation of tertiary lymphoid structures, which potentially more closely resemble

the H&E follicles that our model was evaluated on, our model (DICE 0.70) performed

worse than HookNet, MRN and other UNet models (DICE scores: 0.85, 0.83 and 0.81,

respectively).

Overall, despite low performance against CD10 IHC ground truth, the proposed naive B-

cell region classi�er appeared to perform favourably compared to some previous germinal

centre classi�cation e�orts but less well than the multi-resolution HookNet architecture.

4.4 Centroblast Classi�cation

As described in Methods section 3.8, centroblast classi�cation was performed using com-

plementary methods: deep learning methods (Methods section 3.8) and a random forest-

based machine learning method aimed at simpler interpretability (Methods section 3.8).

ML approach

In the ML approach for centroblast classi�cation, elimination of correlated features re-

sulted in �ltering of 66 features to 18. Further �ltering on permutation accuracy resulted

in reduction of features to 13 deemed as informative (Appendix Figure A.3a). Finally,

5-fold CV recursive feature elimination was used to determine the 5 most informative

features for nuclear classi�cation on maximal F1-score (Appendix Figure A.3b). These

features were:

� Area

� Maximum intensity (red channel)

� Minimum intensity (red channel)

� Edge ratio (proportion of pixels in the �rst and last quartile of local binary patterns)
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� Number of dark spots

Classi�er evaluation

Classi�ers were evaluated using multiclass (non-nucleus vs. non-centroblast vs. cen-

troblast) and binary classi�cation (centroblast vs. non-centroblast, with exclusion of

non-nuclear objects) tasks on a cross validation partition of pathologist labelled nuclei.

The top-performing classi�er was further evaluated on a test partition. Evaluation metric

values are presented in Table 2.3.

Task Model partition AUC-ROC Acc Prec Sens F1 Spec

MC

DN169

CV

0.95 0.82 0.65 0.86 0.70 0.91

ENV2s 0.94 0.85 0.69 0.81 0.72 0.89

RF 0.93 0.79 0.65 0.83 0.70 0.89

BC

DN169 0.90 0.90 0.65 0.90 0.70 0.90

ENV2s 0.86 0.92 0.66 0.86 0.71 0.86

RF 0.90 0.94 0.70 0.90 0.76 0.90

MC RF
Test

0.93 0.80 0.66 0.83 0.71 0.89

BC RF 0.90 0.94 0.71 0.90 0.77 0.90

Table 2.3: Evaluation of nuclear classi�er performance.
CV = Cross validation partition. MC = multiclass classi�cation of
centroblasts, non-centroblast nuclei and non-nuclei. Binary = binary
classi�cation of centroblasts vs. all other object classes. Acc. = Ac-
curacy. Prec. = Precision. Sens. = Sensitivity. Spec. = Speci�city.
F1 = F1 score (macro averaged in multiclass mode). AUC-ROC =
Area under the receiver-operating curve (macro averaged results used
in multiclass mode, using one vs. rest classi�cation). Final classi�er
performance is presented on the test partition, in terms of multiclass
and binary classi�cation of centroblasts.
For each metric, higher values indicate better performance. Top per-
formance for each metric in bold.

Deep learning (DL) classi�ers marginally outperformed the random forest classi�er (RF)

in the multiclass task, with the largest performance disparity observed in accuracy (0.79

RF vs. 0.85 E�cientNetV2s). In binary classi�cation, the RF achieved highest (or joint
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highest) performance in all metrics, with disparities of up to 0.05 with respect to next

best performing approaches.

Greater interpretability of the RF approach was considered an advantage over marginally

better performance o�ered by DL approaches in multiclass tasks so, the RF approach was

selected for downstream classi�cation tasks.

Metric values between CV and test partitions were comparable for the RF classi�er, with

maximum disparity of 0.01 in values. Confusion matrices for performance on the test

partition (Figure 2.11a) evidenced that the vast majority of classi�cation errors were

false positive non-nuclei and centroblasts in the multiclass and binary tasks, respectively.

Visual inspection (Figure 2.11b) con�rmed this, with classi�cation disparities evident in

distinction of large, jagged centrocytes and larger centroblasts, with greater numbers of

large nucleoli (bottom row, far left and far right columns).

(a) Confusion matrices of RF classi�er performance. Left: In a multiclass task. Right: In a
binary classi�cation task.

58



Chapter 2. Cytological Grading 4. RESULTS AND DISCUSSION

(b) Visual inspection of binary nuclear classi�cations. Top row: predicted non-centroblasts.
Bottom row: predicted centroblasts. Blue text: Agreement. Red text: Disagreement.

Figure 2.11: Evaluation of the random forest classi�er on test partition
data using confusion matrics (A) and visual inspection (B).

Discussion

Firstly, stable metric values between CV and test partitions evidenced acceptable gener-

alisability of the RF classi�er to unseen data.

Secondly, comparison of the RF classi�er against published centroblast classi�ers (Table

2.4, below) evidenced performance closest to Saxena et al.[129], which achieved a pub-

lished F1 score of 0.82. The RF displayed noticeably worse performance than CLEM and

COB[62] for which published F1 scores were between 0.95 and 0.99. Despite this, the

proposed RF was evaluated on the largest dataset of centroblasts, yet, with over 13,000

involved as compared to the nearest previous e�orts of 447 (CLEM and COB). The per-

formance of the RF classi�er wass therefore possibly more reliable than previous e�orts,

using far lower numbers of cells in model evaluation.

Method
Precision

(95% CI)

Sensitivity

(95% CI)

F1

(95% CI)

n

(CB)

Proposed RF 0.71 0.90 0.77 13,558 (486)

Saxena et al.,

2023
[129]

0.78

(0.62-0.94)

0.90

(0.80-1.00)

0.82

(0.71-0.93)
58 (34)
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Method
Precision

(95% CI)

Sensitivity

(95% CI)

F1

(95% CI)

n

(CB)

Michail et al.,

2014
[101]

0.14

(0.11-0.17)

0.83

(0.77-0.89)

0.24

(0.19-0.29)
180 (70)

COB[62]
0.99

(0.98-1.00)

0.92

(0.91-0.93)

0.95

(0.93-0.97)
447 (213)

CLEM[62]
0.99

(0.97-1.00)

0.99

(0.97-1.00)

0.99

(0.93-1.00)
447 (213)

Sertel et al., 2010[60]

Initial CB detection

0.03

(0.02-0.04)

0.92

(0.87-0.97)

0.06

(0.04-0.08)
? (78)

Sertel et al., 2010[60]

Final CB detection

0.17

(0.13-0.21)

0.79

(0.73-0.75)

0.27

(0.22-0.32)
? (78)

Belkacem-

Boussaid

et al., 2010[58]

0.81 0.87 0.84 436 (218)

Table 2.4: Published centroblast classi�er performance. Classi�er per-
formance was calculated from published results in the relevant publi-
cations. All classi�er results were reported with respect to binary clas-
si�cation tasks (centroblasts vs. non-centroblasts). Where image level
evaluation data was available, 95% con�dence intervals (CI) were esti-
mated using a t-distribution samples. For COB and CLEM[62], mean
metric values were calculated for sensitivity and precision; F1 was cal-
culated from these means and F1 con�dence intervals were calculated
through combination of uncertainties in sensitivity and speci�city. Con-
�dence intervals for F1 were estimated Where con�dence intervals are
not provided, metrics were calculated over all evaluation data. n (CB)
= number of nuclei that models were evaluated on, with number of cen-
troblasts in brackets.? = data was not found in the listed publication.

Lastly, confusion matrices (Figure 2.11a) highlighted that most binary classi�cation er-

rors were false positive centroblasts.

Qualitative evaluation through visual inspection showed little distinction between mis-

classi�ed and correctly classi�ed nuclei in some cases (Figure 2.11b). For example, the
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misclassi�ed nucleus on the top row has a similar size and distribution of small nucleoli

as the other larger, correctly classi�ed nuclei on the row. Likewise, there are similarities

in size, nuclear folds and presence of a single, large nucleolus between the misclassi�ed

left-most nucleus on the bottom row and the correctly classi�ed nucleus fourth from the

left on the same row. These results further highlight the subjective nature of centroblast

classi�cation.

An important factor in evaluation was that the labelled centroblast dataset, used in train-

ing, cross validation and evaluation, was created using annotations from one pathologist.

Performance reported was likely an overestimation of performance with respect to other

pathologists. Though not feasible here, a pathologist consensus as performed by other

investigators[58, 62] would be required to achieve gold standard ground truth. Evalua-

tion against such a dataset would be required to determine performance against a general

population of pathologists.

4.5 Centroblast counts evaluation

To validate performance of the classi�er in quantifying centroblasts, pathologist counts

of cells potentially resembling centroblasts were compared to predicted counts of centrob-

lasts made by the model (Methods section 3.10), reported in Table 2.5. An additional

classi�cation of `large cells' was also used, comprising all cells that could plausibly be clas-

si�ed as centroblasts in nuclear morphology alone, not taking into account surrounding

cells or cytoplasm. This was used to further evaluate model performance speci�cally on

centroblasts, against centroblast-like nuclei. Maximum metric values were used to evalu-

ate model classi�cations, with respect to potential misclassi�cation of visually-similar cell

types. For evaluation of correlation in cell counts, Pearson and Spearman correlations

were used. For evaluation of agreement between the RF and pathologist, the R2 metric

and Bland-Altman plots were used (Table 2.5 and Figure 2.12, respectively; as described

in Section 4.1). One region of interest (ROI) in the HMRN dataset `calibration' parti-

tion was excluded due to anomalously high number of centroblasts, which a pathologist

annotator deemed too high to reliably count.
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Count task Data Partition n
Pearson

r

Spearman

r
R2

Centroblast
HMRN Cal. 14 0.68 0.46 -2.84

GALLIUM

Pass

30 0.83 0.72 0.68

Large cell GALLIUM 64 0.53 0.55 -0.17

Immunoblast GALLIUM 30 0.16 0.18 -21.17

Endothelial GALLIUM 30 -0.41 -0.39 -25.62

Macrophage GALLIUM 30 -0.30 -0.28 -42.27

fDC GALLIUM 30 -0.09 0.05 -148.47

Table 2.5: Evaluation of pathologist cell counts against predicted cen-
troblast number. The count task column relates to the cell types
counted by a pathologist. Correlation (r) and agreement (R2) mea-
sures indicate agreement between cell counts for each pathologist cate-
gory and number of centroblasts counted by the machine.
GALLIUM trial partitions: Pass = Strict QC pass slides. HMRN parti-
tions: Cal. = Calibration of grading thresholds. fDC = Follicular Den-
dritic Cells. For each metric, higher values indicate better performance.
Top performance for each metric in GALLIUM external validation data
in bold. n = number of patches (1000 x 1000px) used in evaluation.
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(a) HMRN centroblast count agreement

(b) GALLIUM centroblast count agreement

Figure 2.12: Evaluation of agreement in centroblast counts against
pathologist counts of:
a) centroblasts in the `calibration' partition of the HMRN dataset
b) large nuclei which could be classi�ed as centroblasts (left) and high
certainty centroblasts (right) in the `strict pass' partition of the GAL-
LIUM dataset.
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Correlation between predicted centroblast and pathologist cell counts was highest be-

tween centroblasts in the GALLIUM dataset, with r of 0.83 and 0.72 for Pearson and

Spearman correlation, respectively (Table 2.5). Correlation between centroblast counts

in the smaller HMRN set of images was considerably lower (r values of 0.68 and 0.46

for Pearson and Spearman correlation, respectively). Moderate correlation was observed

with large cell counts (r values of 0.68 and 0.46 for Pearson and Spearman correlation, re-

spectively) while correlation with all other cell types was either closer to zero or negative

(Table 2.5).

Agreement, as measured with the R2 metric, was negative in all cases except centroblasts

in the GALLIUM dataset, where it was 0.68 (Table 2.5).

Bland-Altman plots displayed the di�erence between cell counts on the Y-axis, calculated

as number of predicted centroblasts subtracted from pathologist counts. In the HMRN

dataset (Figure 2.12a), the mean di�erence between cell counts was 19.6. This indicated

that the RF consistently predicted around 20 centroblasts more per region of interest than

the pathologist. The plot also appeared to show a positive gradient in datapoints, indi-

cating a greater scale of discrepancy with increased number of centroblasts present.93%

of datapoints were within a 95% con�dence interval (95% CI) of the mean di�erence.

These e�ects were not observed in the GALLIUM dataset (Figure 2.12b right), where

mean di�erence between centroblast counts was 1.0, and no visible gradient existed. 97%

of datapoints were within a 95% CI of the mean di�erence.

With respect to large cell counts, there was a mean di�erence of 7.2 cells, with 94% of

datapoints within a 95% CI and no visible gradient. All other cell types measured had

negative mean di�erences between -9.7 and -11.8, clear negative gradients and 93% of

datapoints within a 95% CI (data not displayed).

Discussion

Moderate to high correlation was observed between predicted and pathologist centroblast

counts in the HMRN and GALLIUM datasets, respectively. For the GALLIUM data es-

pecially, these correlation values were at least 0.30 and 0.18 higher than other cell types
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(general large cells) for Pearson and Spearman r, respectively. In addition, moderately

high R2 value and mean di�erence between pathologist and machine centroblast counts

close to zero in the Bland-Altman plot for GALLIUM data indicate moderately strong

agreement.

Correlation and agreement values were visibly lower in HMRN data than in GALLIUM.

Lozanski et al[61] reported systematic di�erences in methodology as key sources of error

in centroblast count tasks, leading to failure in reaching grading consensus in 6-59% of

cases. The methodology presented here attempted to follow the more reliable approach

reported by Lozanski et al. but failed to reach acceptable agreement with a pathologist

in HMRN data. It was subsequently found that a pathologist annotator had used a

quadrat in GALLIUM annotation but not in HMRN data, potentially accounting for the

stark di�erences in agreement. Though long used in ecology and haemocytometry, use

of a quadrat is not standard in the developing �eld of digital pathology. Nonetheless, far

higher agreement between computational tools and pathologist cell counts evidence it as

a simple but e�ective aid in increasing reliability.

4.6 Cytological Grading

A `calibration' set of 15 pathologist-graded ROIs was used to set centroblast thresholds

for cytological grades:

1. < 1.5 centroblasts

2. 1.5 ≤ centroblasts < 7

3. ≥ 7 centroblasts

Median centroblast number per ROI was used to aggregate cell counts over all ROIs of

a WSI. The above thresholds were used to assign a grade to each WSI. These thresholds

were evaluated in regression tasks (Table 2.6), predicting numeric grade and a classi�ca-

tion task, predicting high grade (grade 3; Table 2.7).
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Two sets of nuclear feature scaling parameters were used: those determined on labelled

nuclei in the HMRN dataset (termed HMRN scaling) and those determined on all nuclei

extracted in the GALLIUM dataset. This was conducted to assess generalisability of nu-

clear feature scaling to external centre conditions (such as slide acquisition and scanning

procedures).

Data Scaling Partition n Pearson r Spearman r R2

H H
Cal. 15 0.78 0.77 0.52

Val. 5 0.07 0.03 -1.14

G

H

A 523 0.10 0.04 -32.61

L 383 0.13 0.08 -41.93

P 271 0.13 0.12 -52.37

G

A 523 0.04 0.00 -3212.32

L 383 0.06 0.03 -4195.64

P 271 0.11 0.09 -4779.78

Table 2.6: Evaluation of cytological grade regression, with respect to
pathologist estimates of cytological grade (1-3). In HMRN data, esti-
mates of cytological grade made on 1000×1000 pixel regions of interest
were compared. In GALLIUM trial data, estimates made on whole slide
images were compared.
Datasets: H = HMRN data; G = GALLIUM data. Scaling referred to
parameters used to linearly scale nuclear feature values, either limits
from HMRN (H) or GALLIUM (G) datasets. HMRN partitions: Cal.
= Calibration of grading thresholds; Val. = validation data. GAL-
LIUM partitions: A = All slides with su�cient tissue; L = Slides in `A'
additionally �ltered for 40× magni�cation and passing initial quality
control, including those with potential concerns �agged; P = Slides in
`L' passing visual inspection (with no concerns �agged). For each met-
ric, higher values indicated better performance. Top performance for
each metric in bold.
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Task
Data-
set

Sca-
ling

Part-
ition

n Acc. Prec. Sens. F1 Spec.
AUC-
ROC

κ

Slide
grading

G

H
A 523 0.78 0.51 0.50 0.49 0.50 0.50 0.01
L 383 0.77 0.51 0.51 0.50 0.51 0.51 0.02
P 271 0.75 0.51 0.50 0.50 0.50 0.50 0.01

G
A 523 0.47 0.50 0.50 0.43 0.50 0.50 0.00
L 383 0.38 0.50 0.51 0.37 0.51 0.51 0.01
P 271 0.35 0.53 0.53 0.35 0.53 0.53 0.03

ROI
grading

H H
Cal. 15 0.93 0.88 0.96 0.91 0.96 0.96 0.81
Val. 5 0.80 0.75 0.88 0.76 0.88 0.88 0.55

Table 2.7: Evaluation of high cytological grade classi�cation.
Metric values were calculated in a binary high cytological grade
(3A/3B) vs. low cytological grade (1/2) con�guration.
`Slide grading' referred to comparison of cytological grades (1-3) as-
signed to whole slide images. `ROI grading' referred to comparison of
high grade classi�cations of 1000×1000 pixel regions of interest.
Dataset abbreviations: G = GALLIUM; H = HMRN. GALLIUM trial
partitions: All = All slides with su�cient tissue; Len. = Lenient QC
pass slides; Pass = Strict QC pass slides. HMRN partitions: Cal. =
Calibration of grading thresholds; Val. = validation data. Metric ab-
breviations: Acc. = Accuracy; Prec. = Precision; Sens. = Sensitivity;
Spec. = Speci�city; F1 = F1 score; AUC-ROC = Area under the
receiver-operating curve; κ= Cohen's kappa.
For each metric, higher values indicate better performance. Top per-
formance for each metric in bold.

Performance was either similar between GALLIUM- and HMRN-scaled data (precision,

sensitivity, speci�city, AUC-ROC and κ in classi�cation tasks) or noticeably worse (ac-

curacy and F1 in classi�cation, as well as all regression metrics; (Table 2.6); rows 3-6

compared with rows 7-9). Scaling to the GALLIUM data was ine�ective in improving

performance of models developed on a di�erent scanner manufacturer.

Cytological grading regression did not evidence association or agreement with patholo-

gist ground truth in any validation partitions (disregarding HMRN calibration partition),

with values of Pearson and Spearman r below 0.13 and highly negative R2 in all cases.

In classi�cation, grading of patches (regions of interest; ROIs) resulted in good perfor-

mance, with AUC-ROC score of 0.88 (bottom row; Table 2.7 ). Performance on whole

slide images (slide grading) was far worse, with AUC-ROC values close to 0.5, evidencing
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prediction no better than chance regardless of nuclear feature scaling strategy used.

Figure 2.13: Evaluation of automated grading on the `strict pass' QC
partition of GALLIUM trial data in:
left) Classi�cation of individual grade
right) Classi�cation of high grade (3)

Confusion matrices (Figure 2.13) identi�ed that major causes of disagreement were in

classi�cation of grade 3, with only 6 of 50 pathologist-assigned cases correctly classi�ed.

Discussion

Classi�cation of high grade (grade 3) WSIs evidenced performance close to random choice,

with values of precision, sensitivity, F1 and AUC-ROC close to 0.50. Cohen's κ values

were close to 0, indicating no agreement. Despite the low agreement, inter-pathologist

agreement was previously reported at similar levels (median κ of 0) in digital pathology

assessment of WSIs[61].

Finally, ROI grading on HMRN validation data yielded the highest values for all evalua-

tion metrics, with AUC-ROC close to that reported for the FLAGS system[63] (0.88 ours

vs. 0.87 FLAGS), and κ agreement marginally lower than inter-pathologist agreement

in ideal technical conditions (0.55 ours vs. 0.65 inter-pathologist)[61]. Notably, sample
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number was very low in this task at just 5 ROIs. Additional evidence of good model per-

formance is signi�cantly higher prevalence of patients diagnosed with large cell Follicular

Lymphoma (archaic nomenclature for high grade FL[89]) among those predicted to be

high grade in HMRN data (Chapter 5.3 Figure A.4a; Pearson r = 0.40).

In summary, the classi�er performed poorly in regression grading and classi�cation of

high grade. Despite this, levels of agreement between the machine and pathologist were

close to reported inter-pathologist agreement levels, under less stringent methodologies.

Where the classi�er demonstrated success in grading - ROI level grading, with �xed �eld

of view and magni�cation - sample number was too low for comparisons with suitable

statistical power. Signi�cant enrichment of large cell FL disease in patients predicted to

be high grade provides further evidence of acceptable performance in classi�cation of high

grade disease. Further validation e�orts under stringent pathologist grading conditions

would be required for conclusive evaluation.

4.7 Survival Analysis

Hazard ratio �ndings are summarised below in Figure 2.14. Complete Cox model metrics

for HMRN and GALLIUM data are provided in Supplementary documents, Cox_model_results.xlsx.

In HMRN radiotherapy and watch & wait partitions, few events in high grade partitions

led to extremely large 95% con�dence intervals.

In HMRN partitions, High grade (predicted) was found to associate with non-signi�cant

lower hazard (between 0.4 and 0.9; Figure 2.14a) compared to low grade, adjusted using

FLIPI and PRIMA-PI. In GALLIUM partitions using nuclear features scaled to HMRN

parameters, this e�ect was also observed, with hazard between 0.2 and 0.4 (left column;

Figure 2.14b). This e�ect was not observed when features were scaled to GALLIUM

dataset parameters (right column). This e�ect appeared consistent between datasets

though hazards were not signi�cant for cytological grade in any partition.

FLIPI quantiles and PRIMA-PI associated with signi�cant increased hazard in HMRN

(all treatments) data and in some groups of GALLIUM cases.
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(a) HMRN dataset
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(b) GALLIUM dataset

Figure 2.14: Cox proportional hazards model hazard ratios for cytolog-
ical grade, with respect to FLIPI and PRIMA-PI indices. Multivariate
models were �tted to overall survival events, de�ned as death by any
cause and the associated time to event. Where 95% con�dence interval
(95% CI) bars are not shown, they were calculated to be between 0 and
in�nity.
a) Fitted to treatment partitions of the HMRN dataset.
b) Fitted to quality control partitions of the GALLIUM dataset.

Kaplan-Meier estimators were �tted to overall survival (OS) events in HMRN treatment

partitions and the `Strict Pass' partition of GALLIUM data for pathologist-labelled and

predicted high grade, displayed in Figure 2.15. Kaplan-Meier estimators were also �tted

to progression-free survival events in HMRN data (Appendix Figure A.5).
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Figure 2.15: Overall survival events de�ned as death by any cause. High
cytological grade de�ned as grade 3A/3B. Number of events and cen-
soring events indicated below each Kaplan-Meier (KM) plot. Method
used for calculation of cytological grade indicated in text to the left of
boxes. Dataset indicated above columns of plots.

Pathologist-assigned high cytological grade (top right; Figure 2.15) associated with high

hazard (HR vs. low grade: 2.62). No signi�cant di�erences were observed between groups

for predicted cytological grade (predicted grade cells; Figure 2.15).
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4.8 Overall discussion

Comparison of correlations between predicted high grade and clinical features did not

identify any e�ects present in both HMRN and GALLIUM datasets (correlation matrices

presented in Appendix, Figure A.4). Both signi�cant relationships (following Bonferroni

correction) in high grade patients - moderately higher proportion of patients reported to

have `large cell FL' and slightly lower cell counts - could be explained by confounding

variables. Namely, that enrichment of `large cell FL', meeting requirements of `Follicular

Large B-cell Lymphoma' under more recent WHO recommendations and including cyto-

logical grade 3B cases[23] would be expected when considering all cases predicted to be

grade 3. Secondly, the relationship between high grade disease and lower cell densities

could likely be explained by a lower number of large cells, centroblasts, packing to �ll the

de�ned tissue space (ROI).

Pathologist-annotated high grade patients in the GALLIUM dataset experienced signi�-

cantly greater overall survival (OS) hazard than low grade, with hazard ratio of 2.62 (95%

CI: 1.29-5.32; p = 0.008; Figure 2.15 top right). The observed e�ect bore similarities to

that observed in previous immunochemotherapy trials[92]. These results evidenced in-

creased risk associated with high cytological grade in immunochemotherapy patients. By

extension, a performant classi�er of high grade, performing at least as well as a pathol-

ogist, would be expected to stratify a higher risk group of patients in the GALLIUM

dataset.

Analyses of OS with predicted high grade evidenced slightly reduced risk, albeit, not

signi�cantly. This was observed in all treatment partitions of HMRN data (Figure 2.14A)

and GALLIUM data linearly scaled according to HMRN parameters (Figure 2.14B, left).

Kaplan-Meier plots showed that all but 1 event occurred within two years (3 for 21

patients, total). No signi�cant di�erences were observed for PFS but event number was

low leading to underpowered analyses (Appendix Figure A.5).

In GALLIUM data linearly scaled according to feature ranges of GALLIUM nuclear data,

HRs for high grade were close to 1 in data �ltered on slide quality (1.08 in `Lenient Pass'
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and 1.13 in `Strict pass'; Figure 2.14B, right). In data �ltered on availability of tissue

alone (`All su�cient tissue'), HR was slightly below 1 (0.71). Kaplan-Meier showed that,

where HMRN scaling parameters were used, only one event was observed in the study

period (out of 31 patients).

These results evidenced considerable di�erences in patient subgroups classi�ed by the

automated route and pathologists, where high grade was associated with substantial

hazard. The small number of patients classi�ed as high grade by the classi�er appeared

to consistently experience lower long-term hazard, evidencing a lower risk subgroup.

Potential explanations of lower risk with higher concentrations of cells predicted to be cen-

troblasts may be in enrichment of `classical FL' cases, lacking uncommon morphological

features[23, 24]. Comparisons of classi�er and pathologist centroblast counts (Figure 2.12)

showed good agreement, evidencing that misclassi�cation of dendritic cells, macrophages

or other immune cells potentially involved in e�ective immune responses against neoplas-

tic cells was unlikely. Another potential explanation would be classi�cation of patients

with higher proportions of non-neoplastic centroblasts, potentially responding to neoplas-

tic cells. This could also explain disparities in machine/pathologist cytological grading at

a slide level, where pathologists may ignore centroblasts not displaying aberrant features

or `reactive' germinal centres, mounting responses to lymphoma cells. This further high-

lighted challenges in region selection for grading, given that canonical B-cell responses

to cancer involve formation of germinal centres. Simultaneous presence of neoplastic and

reactive germinal centres may have led to predictions that di�ered to pathologists, since

the naive B-cell region classi�er did not distinguish these entities.

Training a classi�er to distinguish reactive germinal centres (GCs) and neoplastic folli-

cles may be challenging using H&E alone, with loss of so-called `light' and `dark' zone

polarisation characterising the `follicle'[23]. Entropy measures of cell type disorder or

graph representations of ROIs may e�ectively capture the loss of heterogeneity expected

in transition of GCs to neoplastic follicles. Otherwise, presence of the anti-apoptotic

BCL2 protein is a classic feature of neoplastic follicles, while absent in GCs[130]. CD10
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is a classical GC marker commonly produced by neoplastic (except grade 3B) and reac-

tive centroblasts. It may therefore be feasible to train a classi�er of naive B-cell regions

using registered CD10 immunohistochemistry (IHC) and further distinguish regions into

reactive GCs and follicles using registered BCL2 IHC.

Di�erences observed between predicted cytological grade groups were not signi�cant, but

this is a common problem in analyses of FL. The indolent nature of most FL cases and

older age of incidence present substantial challenges in survival analyses. Firstly, low event

number (deaths, in the case of OS) mean that longer periods of observation are required

to gather su�cient data for estimations of risk, though such lengths of observation are

rarely feasible. Progression-free survival (PFS), time between diagnosis and progression

of disease (�rstline treatment failure) is often used to achieve greater statistical power

as treatment failure events are more common than death. Major clinical trials have

frequently observed signi�cant di�erences in PFS hazard but not in OS[107, 131, 132].

Secondly, older patient age, evidenced by median age at diagnosis close to 65 in the

UK[46] complicates analyses through increased risk of co-morbidity and death by other

causes. For signi�cant OS di�erences to be observed between groups, e�ect size must be

substantially higher than in younger age groups due to the increased `noise' of death by

other causes. Again, signi�cant di�erences in PFS between clinical trial groups (without

corresponding di�erences in OS) evidence lower impact of confounding factors associated

with age on disease progression.

In summary, pathologist classi�cation of high cytological grade was associated with sub-

stantial, signi�cant increased hazard against low grade (HR = 2.62). On the other hand,

classi�cation of high grade by the machine classi�er was associated with low hazard

(HRs of 0.22 - 0.81 between datasets and partitions), albeit not signi�cantly. Di�erences

between patients classi�ed as high grade by pathologists and the machine may lie in dis-

tinction of neoplastic and reactive (in�ammatory) naive B-cell regions by pathologists.

As such, the machine may preferentially classify a subgroup of patients mounting e�ec-

tive B-cell responses to lymphoma cells as high grade, potentially accounting for survival

di�erences.
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5 Conclusions and Future Work

5.1 Cytological grade

Cytological grading involves quanti�cation of naive B cells, centroblasts, in lymphoma-

a�ected lymph nodes and classi�cation of patients on concentration thresholds. The

process presents a considerable resource burden for pathologists, with high subjectivity

in cell classi�cation limiting reproducibility. With the aim of reducing pathologist bur-

den and subjectivity in this task, we developed an automated cytological grading tool

operating on objective nuclear features in H&E slides.

Summary of key results

The cell classi�er performed favourably with respect to published classi�ers of centrob-

lasts. Centroblast counts agreed well with a pathologist aided by a quadrat (Figure

2.16A), with an average di�erence in counts of 1. Performance was worse when a quadrat

was not used by the pathologist, further evidencing the high levels of subjectivity in the

task.

A deep learning model trained to classify naive B-cell regions (follicles), the sites assessed

in cytological grading, performed well with respect to ground truth H&E but poorly

against immunohistochemistry ground truth (the naive B-cell marker CD10), with pref-

erential classi�cations of false positive compared to IHC. Overall grades did not agree

with pathologists but were comparable to inter-pathologist agreement under certain con-

ditions.

Finally, while pathologist estimates of high cytological in GALLIUM trial data were

associated with signi�cantly increased risk (Figure 2.16B), prediction of high grade by

the classi�er were associated with small but reduced hazard (Figure 2.16C & D for HMRN

and GALLIUM datasets, respectively), consistent across datasets. Few OS events were

observed among patients classi�ed as high grade, evidencing unintentional classi�cation

of a lower risk subgroup of FL patients.
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Taken together, these results demonstrated that the automated route performed well in

centroblast quanti�cation, with respect to pathologists, but evidenced major di�erences

in how individual readings were aggregated for a slide, with potential exclusion of reactive

germinal centres by pathologists but not the machine.

Figure 2.16: Key results of Chapter 2: A) Bland-Altman plot of centroblast
counts made by a pathologist (using a quadrat) and the machine centroblast
classi�er. Blue dots = comparisons for individual image patches; Red dotted
line = mean di�erence in centroblast counts between pathologist and machine;
Grey dotted lines = 95% con�dence intervals.
B) Kaplan-Meier plot of overall survival events for the strict pass GALLIUM
dataset (all treatments), strati�ed by pathologist assigned high cytological grade.
Hazard ratios reported relate to univariate Cox proportional hazard estimators;
signi�cance testing performed using the Wald test.
C) Multivariate Cox proportional hazard ratios for overall survival events in
the chemotherapy partition of HMRN data. Red dots = HR; whiskers = 95%
con�dence intervals; High grade = grade predicted using machine learning model.
D) Multivariate Cox proportional hazard ratios for overall survival events in
the strict pass GALLIUM group. Red dots = HR; whiskers = 95% con�dence
intervals; High grade (H) = grade predicted using machine learning model on
nuclear features scaled with HMRN dataset parameters.
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5.2 Limitations

The �rst major source of error in the automated classi�er was low reliability in ground

truth annotation of follicles. Low contrast of follicles in some H&E slides complicated

annotation, potentially leading to disparities in performance, as compared to pathologist.

This was especially visible when evaluating H&E model performance with the more re-

liable CD10 (follicle B-cell marker) IHC ground truth. The use of IHC was speci�cally

avoided in inference to allow for widest usage, yet, use of IHC to guide annotation of H&E

ground truth may have led to more reliable ground truth and improved performance of

the region classi�er.

Secondly, evaluation on validation data did not evidence any bene�t of Model A in the

region classi�cation UNet. Removal or replacement of this model may have led to better

overall region classi�er performance.

Thirdly, region classi�cation was only trialled using one model type (UNet) on a single

magni�cation (1×), despite evidence of higher B-cell region classi�cation performance

with the multi-resolution HookNet architecture[128]. Future e�orts may bene�t from

integration of multiple resolutions in classi�cation of naive B-cell regions.

Finally, severe performance disparities between region of interest (ROI) and slide level

grading indicated systematic di�erences between machine and pathologist aggregation of

information for a whole slide. Further investigation of pathologist decision-making may

aid in increasing grading agreement.

5.3 Key takeaways

� Classi�cation of centroblasts on objective, interpretable nuclear features led to per-

formance comparable to other top-performing techniques

� Classi�cation of naive B-cell regions (follicles) was complicated in H&E by poor

contrast. These regions were far clearer in CD10 IHC, allowing for more reliable

ground truth annotations.
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� A classi�er of high cytological grade performed well at the region of interest level

but poorly at the slide level, indicating disparities between machine and pathologist

region selection or slide-level aggregation

� Pathologist high cytological grade was associated with over 2.5× increased hazard,

compared to low grade, while machine high grade on the same data was associated

with over 4.5× reduced hazard

5.4 Future directions

Firstly, survival analyses of pathologist-labelled high grade in the GALLIUM trial evi-

denced a signi�cantly increased risk for high grade patients.This demonstrated a clear

clinical utility for cytological grading in prognostication and hence, automated e�orts

such as presented here.

The weaknesses of the proposed cytological grading tool appeared to lie in region selection

and subsequently, agreement with pathologists on grade. The key to improved grading

performance may therefore lie in development of an improved region selection strategy.

A core aim of this work was for inference on H&E slides, to allow for widest usage.

Annotation of a reliable ground truth for training of a region classi�er was challenging

in H&E due to low contrast with background. On the other hand, there was a clear

contrast in CD10 IHC, allowing for a more reliable ground truth. An improved classi�er

and therefore automated cytological grading may require training on H&E slides, using

ground truth annotated on matched, registered IHC slides.

Secondly, machine classi�cations of high grade were associated with reduced OS hazard.

Further explanation of these classi�cations may aid in identi�cation of determinants of

good prognosis in FL, potentially involving presence of reactive B-cell regions. Since such

assessments are not conducted in FL, it may represent a novel biomarker in FL. Future

work in distinction of reactive and neoplastic B-cell regions, possibly using CD10 and

BCL2 immunohistochemistry data in training of H&E classi�ers, may improve the range

of histopathology-based prognosis methods in FL.
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Contributions

Labelling of the pathologist annotated dataset of nuclei was performed by Dr. Alireza

Behzadnia of the Leeds Teaching Hospitals NHS Trust (LTHT). Pathologist cell counts

and patch grading were performed by Professor Reuben Tooze of LTHT and the Uni-

versity of Leeds (UoL). Cytological grading of GALLIUM data was performed as previ-

ously reported[107]. Professors David Westhead (UoL) and Andrew Janowczyk (Geneva

University Hospitals, Switzerland and Emory University, USA) provided feedback on

methodology throughout. All other work was conducted by Volodymyr Chapman (UoL).
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Chapter 3

Patient nuclear subgroups

1 Abstract

Introduction:

E�orts in non-Hodgkin Lymphoma have not bridged relationships between molecular pro-

�les (expression and mutation), survival and cellular composition within routine haema-

toxylin and eosin (H&E) staining. We address this through clustering of patients on cell

populations, using nuclear features extracted from H&E slides. Finally, we assess clinical

utility through comparison with molecular features and overall survival.

Methods:

337 follicular lymphoma (FL) and 296 DLBCL FFPE H&E slides of the population-based

HMRN dataset were used to train clustering methods. Nuclear features (e.g. area and

dark blob number) were measured in unlabelled nuclei sampled from naive B-cell regions.

Nuclear data was aggregated for whole slides using two approaches: median concentration

of cell clusters (nuclear phenotype) and a distribution of all cells (nuclear distribution).

Patients were clustered separately on these aggregations, with optimal cluster number

determined using maximum Calinski-Harabasz score. Slide-level clusters were compared

to molecular features and overall survival (OS) of patients.

Results:

2 cellular phenotypes were identi�ed in FL, with signi�cantly higher proportions of un-

common mutation pro�les (STAT6 and aSHM) in the centrocytic group (p=0.03). In

DLBCL, patients clustered into centrocytic groups had substantially worse OS, espe-
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cially with cell distribution clustering (HR distribution 2 vs. rest = 1.95; 95% CI: 1.11 -

3.43; p = 0.02).

Conclusions:

These results evidenced distinct cellular subgroups of FL and DLBCL, with characteristic

nuclear morphologies, mutation and survival. Future work may integrate spatial features

to further resolve cases.

82



Chapter 3. Patient nuclear subgroups 2. INTRODUCTION

2 Introduction

2.1 Successes in non-Hodgkin Lymphoma

Recent work has provided an unprecedented insight into the pathogenesis of non-Hodgkin

Lymphoma. Major �ndings have included increased disease progression risk in mutational

subgroups of Follicular Lymphoma (FL)[52] and biomarkers associated with treatment

success in large B-cell lymphomas[133].

Within cellular studies, the following have been identi�ed:

� Utility of predicted neoplastic cell populations in DLBCL overall survival (OS)[66]

� Follicular dendritic cell marker presence (CD21+) and worse OS in FL cases with

transformation to DLBCL[134], otherwise not observed in untransformed cases[65]

� Lower density of CD68+ macrophages, density of immune in�ltrate and diversity

in immune cells associated with increased risk of early disease progression[65]

� Lower density of speci�c T-cell populations associated with increased risk of early

disease progression[135]

� Increased risk with immunoblastic cell phenotypes in DLBCL[67]

These studies have seldom focused on routine haematoxylin and eosin (H&E) pathology

slides. With evidence of substantial clinical value in cellular classi�cations, there remains

an unmet need in classi�cation of such biomarkers in routine pathology.

2.2 Unsupervised classi�cation

Many of the cell types involved in non-Hodgkin Lymphoma, including tingible body

macrophages, follicular dendritic cells and centrocytes are unique to lymph nodes, play-

ing crucial roles in controlled somatic cell mutation activities. As such, annotated samples

of these cells do not feature in openly-available nuclear datasets, even those that include

lymph node biopsies[136, 137].

Distinction of these cells in routine H&E is not trivial, with reliance on subjective fea-
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tures and high inter-observer variability[59, 61] complicating labelling of a reliable ground

truth dataset for training of nuclear classi�ers. Absence of quality public datasets fea-

turing these cell types and high innate uncertainty in expert annotation complicate tool

development for routine H&E.

Necessary steps for development of such tools are for extraction of objective nuclear fea-

tures, to improve consistency and for development of systems less dependent on unreliable,

subjective annotations. Unsupervised clustering of cells is one approach for meeting these

requirements, where patterns within objective nuclear features may guide classi�cation,

greatly reducing reliance on human annotation. Objective morphological features of nu-

clei have been used successfully for classi�cation of molecular states and risk in H&E[138,

139]. An advantage of these features over more complex features derived from deep learn-

ing models, such as image convolutions[81], is improved scope for interpretation, a key

requirement for integration of software tools into routine practice[140, 141].

2.3 Aims

In this study, we propose an unsupervised classi�er for quanti�cation of a range of cell

types in non-Hodgkin Lymphoma. Patients are clustered on cellular features with the aim

of identifying distinct patterns of cellular pathology in FL and DLBCL. Finally, patient-

level clusters are compared to molecular features (expression and mutation pro�les) and

overall survival to evaluate clinical utility.

The particular items of novelty in this study are:

1. Development of an unsupervised classi�er for a range of nuclei in non-Hodgkin

Lymphoma using objective nuclear features

2. Calculation of H&E nuclear signatures in FL & DLBCL

3. Evaluation of the clinical utility of clusters with respect to overall survival

4. The �rst quantitative evaluation of molecular features and cell morphology in FL

and DLBCL
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3 Methods

3.1 Experiment Work�ow

The ultimate goal of this work was to cluster FL and DLBCL patients on similarities in

cell composition. Two complementary methods were used to achieve this. Both methods

followed the same region selection, nuclear segmentation and nuclear feature extraction

procedures as outlined in Chapter 1 sections 3.7, 3.6 & 3.8, respectively.

Approach 1, termed `nuclear phenotype' aimed to classify cells in biopsy samples and

cluster patients on median concentration of cells (Figure 3.1 top).

Approach 2, termed `nuclear distribution' aimed to cluster patients on distributions of

cell features, circumventing classi�cation of cells (Figure 3.1 bottom).

Figure 3.1: Overview of nuclear phenotype and distribution approaches
for clustering patients on cell populations.
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3.2 Patient data

Models were trained on data from the UK population-based Haematological Malignancy

Research Network (HMRN; https://www.hmrn.org[100]) dataset. External validation

was performed on data from the GALLIUM[106, 107] and DLBCL-MORPH [66, 142,

143] datasets for FL and DLBCL, respectively. Mutation pro�les were calculated by

the HMRN as previously described for FL[46]. Cell-of-origin expression pro�les were

calculated by HMRN as previously reported [56, 144�146].

3.3 Whole slide images

Whole slide images retrieval and visual quality control was performed as described in

Chapter 2 Methods section 3.4 and associated publications. HMRN and DLBCL-MORPH

datasets were composed of images scanned at 40×magni�cation.GALLIUM trial data un-

derwent quality control including �ltration on magni�cation (40×) and visual inspection

(criteria outlined in Chapter 1). The partition used in the presented work was `Lenient

pass', otherwise referred to as `Pass and follow up'.

1000×1000 pixel patches, termed regions of interest (ROIs), were extracted from WSIs.

ROIs were �ltered for at least 90% tissue and naive B-cell region coverage (as outlined

in Chapter 2 Section 3.7 Naive B-cell Region Classi�cation). Between a minimum of 20

and maximum of 200 ROIs were extracted, depending on tissue availability.

3.4 Data partitions

As outlined in Chapter 2 Methods section 3.4, data collection was ongoing during the

duration of the work presented. Due to limitations in data availability, the `nuclear

phenotype clustering' work was trained on 144 of 337 FL slides. Inference on HMRN FL

and GALLIUM trial data was performed using this model.

Otherwise, results presented relate to models trained on all data available in the HMRN

dataset for FL (n = 337) or DLBCL (n = 296), respectively. Sample numbers displayed

may be lower than these �gures owing to missing data.
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3.5 Pan Non-Hodgkin lymphoma nuclear dataset

Measurements of over 170,000 unlabelled nuclei were used to create a `Pan Non-Hodgkin

Lymphoma nuclear dataset'. 42 regions of interest were extracted at a magni�cation of

40× from 15 WSIs (5 Burkitt Lymphoma, 5 FL and 5 DLBCL slides) by an observer.

This e�ort was aimed at capturing diversity in regions and cells and so patches were

taken across diverse regions including germinal centres, inter-follicular regions and vas-

cular regions.

177,280 nuclei were segmented using the MoNuSaC checkpoint of HoVerNet. The �ve

most informative features for nuclear classi�cation, identi�ed in Chapter 2 Section 3.8

Machine Learning approach were measured:

� Area

� Maximum intensity (Red channel)

� Minimum intensity (Red channel)

� Number of dark blobs

� Local binary pattern edge ratio

Features were clipped at the highest and lowest percentiles to limit impact of measurement

outliers. Features were linearly scaled in the range 0-1 to enforce more equal contribution

in clustering.

3.6 Unsupervised Non-Hodgkin cell classi�er

Unlabelled nuclei of the pan Non-Hodgkin dataset described above (Section 3.5) were clus-

tered into cell types using K-Means clustering. This distance-based clustering algorithm

was chosen speci�cally to divide the feature space into roughly equal parts, representing

cell types across the feature space. Density-based methods (such as DBSCAN) may have

biased clusters against infrequent but potentially informative cell types, such as tinglible

body macrophages in FL, so were not used, despite potentially leading to more meaning-
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ful clustering.

Two clustering approaches were evaluated. In the �rst approach, nuclei were clustered

directly on scaled nuclear features using K-means clustering. In the second approach,

as previously found to be a valuable preprocessing step for clustering, UMAP was used

to embed nuclear features to two dimensions [147�149]. K-means clustering was then

performed on embedded features.

Optimal clustering method and cluster number were determined using maximum Calinski-

Harabasz score. These were also evaluated with respect to pathologist classi�cations using

homogeneity, completeness and V-measure [150] in labelled data. Details of this dataset

are provided in Chapter 2 Section 3.8 Centroblast Classi�cation.

Equations for all clustering metrics are provided in Appendix Section 4.1 Clustering. The

output of cell clustering was assignment of nuclei to cluster numbers from 0 to k-1 (k

being chosen number of clusters). Visual inspection, with feedback from a pathologist

(R.T.) was used to suggest likely cell types contained within each cluster.

Finally, the e�ects of linear scaling and feature reduction (through PCA) on clustering

quality were assessed on nuclei from the training dataset (HMRN), combining those from

FL and DLBCL (n = 4.9 million nuclei from 666 WSIs) and using a greater range of

features (all 66 nuclear features in Chapter 2 Section 3.8). This was used to assess

whether inclusion of other nuclear features and transformations may have resulted in

preferable clustering of cells.

3.7 Nuclear Phenotype Clusters

As outlined in Section 3.1, patients were clustered on median number of cells belonging

to each cell cluster, calculated over all ROIs sampled in the whole slide image. This was

termed the `Nuclear Phenotype'.

Cell type prediction

Naive B-cell regions were classi�ed in whole slide images (WSIs) exactly as described pre-

viously (Chapter 2 Methods Section 3.7). Predictions were used to sample 20-200 naive
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B-cell region patches, termed `regions of interest' (ROIs), from WSIs at 40× magni�ca-

tion. Number of ROIs extracted depended on tissue availability. Nuclear segmentation

and measurement were performed exactly as described for unlabelled nuclei (Section 3.5

Pan Non-Hodgkin lymphoma nuclear dataset). Measurements were clipped and linearly

scaled according to parameters determined in the unlabelled nuclear dataset (3.5). Cell

types were predicted using the pan Non-Hodgkin cell classi�er (Section 3.6, above).

Cell phenotypes

Number of each cell type was aggregated to the whole slide level using the following

approach: First, median cell number was calculated over all ROIs per slide. Next, to

promote more equal contribution of each cell type in clustering, median concentrations

of cells were linearly scaled over each disease partition in HMRN data (n = 144 for FL

and 334 for DLBCL; scaled between values of 0 and 1). Finally, slides were clustered

on median cell concentrations into general patient phenotypes, with use of maximum

Calinski-Harabasz score to determine the optimal cluster number. Hierarchical clustering

was chosen for this step as performance was found to be close to the top-performing K-

Means algorithm (with respect to CH score and arbitrary clustering of slides; 5.3 Figure

A.7), with the added value of hierarchical tree construction.

Prediction on unseen data

Since hierarchical clustering methods used on training data did not allow for prediction

of patient clusters on unseen data, K-nearest neighbour (KNN) models were trained to

perform this task. Non-negative matrix factorisation was tested as a preprocessing step to

clustering (as previously used for extraction of gene expression signatures in cancer[151]).

Downstream performance of KNN models in prediction of patient cluster were used to

assess utility of this step. In FL, classi�cation performance was high without NMF

preprocessing of scaled cell concentrations (F1 score of 0.97 on test partition of 25% of

slides). In DLBCL, NMF was found to greatly improve performance of nuclear phenotype

cluster prediction (F1 scores of 0.77 without vs. 1.0 with, respectively, on test partition of
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25% of slides; not shown). Slide clustering was therefore performed on cell concentrations

in FL and on NMF-embedded concentrations in DLBCL.

3.8 Nuclear Distribution Clusters

Using median concentrations of cell type in nuclear phenotype clusters (Section 3.7) may

have led to loss of information, with respect to subpopulations of cells, not resolved

by the cell classi�er. The nuclear distribution clustering method proposed here aimed

to address potential loss of `signal' through aggregation of nuclear data into summary

statistics. Instead, all nuclei of a representative sample of patient tissue were considered,

embedded into a distribution. In patient clustering, the entire complement of cells was

compared between patient pairs.

Nuclear feature embedding

Nuclear features were extracted from naive B-cell regions exactly as described for Nuclear

Phenotype clusters (Section 3.7, above), with sampling from naive B-cell regions, nuclear

segmentation and measurement of nuclear features. Methods of comparing nuclear dis-

tributions between patients (Anderson-Darling score) required nuclei to be described in a

one-dimensional feature space. UMAP was used to embed nuclear features to a single di-

mension. The UMAP model was trained on unlabelled FL nuclear data (described above

in Section 3.5). To improve UMAP convergence, the model was trained on data evenly

sampled across the feature space. This was achieved by randomly sampling n nuclei from

each cell cluster (Section 3.6), where n was equal to the number of cells in the smallest

cluster (process also known as `under-sampling'). Following UMAP embedding of nu-

clei, each WSI was represented as a 1-dimensional vector, with length equal to number

of nuclei segmented within the tissue. In pairwise comparison of patients, these vectors

were converted to empirical distribution functions of a comparable scale (bounded by the

minimum and maximum values of the 1-dimensional UMAP embedding).
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Patient clusters

The Anderson-Darling (AD) statistic was used for comparing nuclear distributions be-

tween patients in a pairwise manner. The statistic was used as a distance metric between

patient samples. AD was chosen over the Kolmogorov-Smirnov statistic due to more

equal weighting provided across the entire length of distributions in comparison. The

SciPy implementation of the K-sample Anderson-Darling test was used for calculations

(anderson_ksamp function)[152].

The resultant distance matrix was used for hierarchical clustering of patients into nuclear

distribution groups (using Scikit-learn AgglomerativeClustering function[153]). Optimal

cluster number was determined using maximum Calinski-Harabasz score on complete

linkage.

Prediction on unseen data

As for nuclear phenotype clusters, it was not possible to directly predict nuclear distribu-

tion clusters on unseen data due to dependence on pairwise relationships. Again, KNN

models were trained to predict patient clusters for unseen data. Following naive B-cell re-

gion sampling, nuclear segmentation and measurement of nuclear features, features were

embedded using the UMAP model trained on unlabelled pan non-Hodgkin lymphoma

nuclei (Section 3.8). Next, for each slide, relative frequency of nuclei at equally-spaced

intervals across the 1D UMAP feature space were calculated. This was conducted to

create feature vectors of the same length for each patient (allowing comparison between

patients with di�erent numbers of nuclei detected). Finally, KNN models were trained to

predict nuclear distribution cluster using relative frequency feature vectors. The optimal

number of intervals used in calculation of relative frequency was determined using grid

searches, using 5 fold cross validation. In this, 75% of slides in the respective HMRN

datasets (FL and DLBCL; randomly sampled, strati�ed by distribution cluster member-

ship) were used as training data. The remaining 25% of slides were used for evaluation

of the �nal KNN classi�er, following determination of optimal interval number.
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3.9 External validation

External datasets were used to validate characteristics of patients assigned to clusters.

For each patient, nuclear phenotype and distribution cluster membership was predicted

using models trained on the internal HMRN training dataset. The following features were

compared between patient clusters:

� survival: hazard ratios of Cox proportional hazards models between datasets

� patient characteristics: correlation between groups and patient features such as

prognostic indices, B-symptoms and treatment

Additionally, independent nuclear phenotype clusters were �tted to external data, to

compare optimal cluster number and survival of patients. These models were trained

on external data exactly as models were trained on internal HMRN data (Section 3.7).

This was used to assess whether clusters �tted on training data represented general pa-

tient groupings. A general summary of validation is provided in Figure 3.2, outlining

how nuclear phenotypes and distribution clusters were predicted on validation slides us-

ing models trained on HMRN data and additionally, separate nuclear phenotype models

were trained on validation data, also.

Due to computational limitations, nuclear distribution clustering models were not trained

on external datasets. More detailed methods for individual steps are provided in subsec-

tions below.
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Figure 3.2: Outline of procedure used for external validation of pa-
tient clusters. Process comprised of naive B-cell region classi�cation
in external slides (left; as in internal HMRN training data), followed
by nuclear segmentation (using HoVerNet[103]), nuclear feature extrac-
tion and linear scaling of features (according to HMRN feature value
range). Nuclear phenotype and distribution clusters were predicted on
validation data using models trained on internal data (right, top and
middle boxes). Additionally, nuclear phenotype cluster models were
�tted to individual external data to compare the optimal number of
patient clusters between datasets.

Nuclear feature extraction

Prediction of patient nuclear phenotype and distribution cluster membership required

measurement of nuclear features in naive B-cell regions, as in training data. This was

performed exactly as described for training data (Section 3.7, above). Following measure-

ment of nuclear features, these were linearly scaled (between 0 and 1) using parameters

of the pan non-Hodgkin lymphoma nuclear dataset (as in training data).

Nuclear Phenotype Clusters

For prediction of nuclear phenotype, cell types were �rst predicted for each nucleus using

the pan Non-Hodgkin cell model described above (Section 3.6). Median number of cells

belonging to each cluster was calculated for WSIs (per ROI). These values were linearly

scaled (between 0 and 1) using parameters from the respective HMRN training data.

Negative values (where concentration value was lower than the minimum observed in
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training data) was clipped at 0. Nuclear phenotype clusters were predicted using KNN

models, trained on HMRN data (as described in Section 3.7, above).

Nuclear Distribution Clusters

Scaled nuclear features were embedded into a single dimension using the UMAP model

trained on unlabelled nuclear data (Section 3.5). Nuclear distribution cluster was pre-

dicted for each WSI using a KNN model (described in Section 3.8, above), operating on

relative frequency of nuclei at equally-spaced points in the UMAP embedding range.

3.10 Survival Analysis

Survival analyses were performed for nuclear phenotype and distribution clusters com-

parably to cytological grade (Chapter 2 Section 3.11) using Cox Proportional Hazards

models (Cox models; Equation 2.1) and Kaplan-Meier estimators for visualisation. Sur-

vival models were trained with overall survival data clipped at 8 years. This was done

to reduce potential impact of confounding conditions under the assumption that multi-

morbidity risk increased with age and time.

As with cytological grade:

� Models were �tted to overall survival, with events de�ned as death by any cause

� Hazard ratios were used to evaluate contribution of cellular features in survival risk

� Cox models were corrected with FLIPI and PRIMA-PI [154, 155] using patients for

which this data was available

� Concordance index (C-index) was used to evaluate quality of Cox model �t and

hence, extent to which cytological features were appropriately corrected for in cal-

culation

� Signi�cance testing was performed using the Wald test for a single parameter on

Cox model co-e�cients

� Multiple testing correction was performed using the Bonferroni correction, where
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applicable

Further justi�cation and explanation of the above procedures are provided in Chapter 2

Section 3.11: Survival analysis.

Validation of best-performing methods

As outlined in Section 3.4 above, patient cluster inference was performed on external

validation data using models trained on HMRN data. This was used for evaluation of

survival prediction for those models.

To validate optimal patient groupings observed, the top-performing patient clustering

method was additionally �tted on external datasets. Optimal cluster number, constituent

cell types and patient survival were compared between HMRN and external validation

data.

Evaluation metrics

De�nitions and equations for all evaluation metrics used are provided in Appendix section

4.1 Evaluation metrics.

3.11 Software

Whole slide images (WSIs) were parsed with OpenSlide 3.4.1, using OpenSlide-Python

1.3.1 for Python bindings. All downstream analyses were performed using Python 3.8.18.

Machine learning was performed using scikit-learn 1.2.2. Full software environment spec-

i�cations can be provided on request.

3.12 Hardware

Hardware used varied for each dataset given individual requirements and terms outlined

by the data owners. Inference was performed using NVIDIA Tesla T4 GPUs and Intel

Xeon CPUs (of unknown models) on cloud providers for external data (Vivli platform for

GALLIUM and Google Cloud for DLBCL-MORPH). For internal HMRN data, training
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and inference were performed on an NVIDIA RTX 3060Ti GPU with an AMD R5 3600

CPU. Full environment speci�cations, including NVIDIA driver and CUDA versions used

can be provided on request.

4 Results and discussion

4.1 Unsupervised Non-Hodgkin cell classi�er

177,000 unlabelled nuclei were clustered on nuclear features with and without prior

UMAP embedding into 2 dimensions. Evaluation was performed using clustering met-

rics to identify optimal cluster number (Appendix Figure A.6) Evaluation of optimal

nuclear cluster number. No clear optimum, as de�ned by maximum metric values,

was identi�ed, with monotonic changes in Calinski-Harabasz (CH) score for increasing

cluster number on raw (decreases in CH) and UMAP-embedded features (increases in

CH). A similar e�ect was observed on clustering of training set nuclei using a greater

range of nuclear features and prepreocessing steps (Appendix Figure A.6C). Clustering

of 10 cell types on raw nuclear features was empirically chosen for downstream tasks.

The justi�cation for this decision was a compromise between greater homogeneity than

the V-measure maximum at 8 clusters (evaluated on labelled cells) and greater CH score

than the homogeneity score maximum at 19 clusters.

Qualitative evaluation of clustering (through visual inspection) displayed in Figure 3.3,

below, was used to assign likely cell type to nuclei. Centroblasts were observed to be

assigned to nuclear cluster 6 (Figure 3.3A; top right of plots) with centrocytes (clusters

1, 2, and 8) neighbouring in the UMAP feature space.
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Figure 3.3: Visual inspection of clustering on unlabelled FL, DLBCL
and BL nuclei.
A) Projection of nuclei and clustering boundaries in 2-dimensional
UMAP space
B) Examples of nuclei and possible cell types (assigned by me)
C) Contextual images, with nuclear boundary colour indicating cluster
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Discussion

Quantitative evaluation did not identify a clear optimum cluster number or input fea-

ture type (nuclear features or UMAP-embedded features), as previously displayed for

other data modalities[147�149]. E�orts to expand number of nuclear features to all those

previously assessed for centroblast classi�cation (Chapter 2 Section 3.8) and feature pre-

processing methods did not identify clear optima either (Appendix Figure A.6c). For this

reason, the features used were those informed by pathologist annotations of key cells in

FL and DLBCL (Chapter 2 Section 3.8).

Overall, these observations evidenced that either:

� The 66 nuclear features extracted were suboptimal for distinction of cells

� Feature transformation methods tested were ine�ective for distinction of cells

The e�ect of suboptimal clustering, as evidenced by qualitative evaluation was overlap

in cell types and characteristics between clusters. This was especially visible in clusters

3 and 4 (Figure 3.3a and b), both consisting of dark centrocytes.

The purposes of cell clustering were to measure cell number across the nuclear feature

space. It was a delicate compromise between su�ciently high cluster number to measure

subtle di�erences between patients while keeping cluster number low enough to prevent

excess noise through trivial cluster di�erences.

Quantitative and qualitative evaluation evidenced that the clustering schema selected

was potentially not optimal for the intended purpose.

4.2 Nuclear Phenotypes Clusters

Patients were clustered on cell populations using discrete cell types (nuclear phenotypes)

and continuous cell distributions (nuclear distribution clusters).

Following clustering of cells, the number of each cell type was calculated for all ROIs.

These counts were aggregated on a WSI level using median number of each cell type per

ROI.

98



Chapter 3. Patient nuclear subgroups 4. RESULTS AND DISCUSSION

2 patient clusters were identi�ed in FL and DLBCL (Appendix Figures A.7).Though

greater numbers of clusters were evidenced in DLBCL, this resulted in cluster membership

of less than 10 cases.

(a) Follicular Lymphoma (b) Di�use Large B-cell Lymphoma

Figure 3.4: Proportion of cell clusters in nuclear phenotype groups.
Calculated using median number of each cell type per ROI, aggregated
over WSIs and linearly scaled between 0 and 1. Error bars represent
95% con�dence intervals. Nuc class = Nuclear cluster

In FL (Figure 3.4a), phenotype 2 was characterised by an especially high proportion of

centroblasts (nuclear class 6) so was termed a `centroblastic' phenotype. Phenotype 1

was characterised by moderate proportions of centroblasts and high proportions of dark

centrocytes (nuclear classes 3 and 4) and was therefore termed `centrocytic'. Slides were

divided between these groups in the following proportions:

� 1 (Centrocytic): 39% (n=129)

� 2 (Centroblastic): 61% (n=206)

Like in FL, one DLBCL phenotype (1) was characterised by high proportions of centrob-

lasts (nuclear cluster 6 and 2; Figure 3.4b) with few other cells, while the other phenotype

(2) had high proportions of centroblasts with dark centrocytes (classes 6 along with 3
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and 4, respectively).

Slides were split between these groups:

� 1 (Centroblastic): 93% (n = 275)

� 2 (Centroblasts and centrocytes): 7% (n = 21)

4.3 Nuclear Distribution Clusters

The optimal number of nuclear distribution clusters were deemed to be 3 for both FL

and DLBCL. Inspection of mean cell densities for each patient cluster (Figure 3.5, below)

revealed that groups noticeably di�ered at four points in the UMAP embedding, with

values:

� -30,: large nuclei with multiple nucleoli (primarily centroblasts[156])

� -13: large nuclei with a few nucleoli (immunoblasts, FDCs, macrophages)

� 18: mixed size, dark and generally jagged nuclei (centrocytes)

� 27: small, mixed shape, dark nuclei (centrocytes and mature lymphocytes)

Clusters in FL and DLBCL bore resemblances:

� Cluster 1 of FL and DLBCL cluster 2 both had higher proportions of centrocyte/ma-

ture lymphocyte cells than other disease clusters. In each, proportion of these cells

was approximately double proportion of immunoblasts and several times greater

than centroblast densities (10× in FL and 4× in DLBCL)

� DLBCL cluster 1 and FL cluster 3 displayed high cell densities of centroblasts,

with lymphocyte populations of less than 3%. Centroblasts comprised over 20%

of all cells in DLBCL, (4× higher than other large nuclei). In FL, this disparity

was smaller at 12% centroblast density (35% higher than the large nuclei peak at

UMAP value of -13).

� Each disease had a `balanced' cluster, where two majority cell types were present

in almost equal proportions. In FL, this was observed in cluster 2, with similar
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proportions of immunoblast and centrocyte cells, and 2× lower centroblast density

than centrocytes (CC/IB cluster).

In DLBCL cluster 3, near equal proportions of centroblast and immunoblast cells

were coupled with 2× lower density of centrocytes (CB/IB cluster).

Figure 3.5: Cell types present in nuclear distribution clusters of FL
(middle) and DLBCL (bottom), calculated across all nuclei from slides
assigned to each cluster and aligned with images of nuclei across the
1D UMAP embedding.

FL slides were divided between groups as follows:

� 1 (Centrocytic): 41% (n=137)

� 2 (Centroblasts and immunoblasts): 20% (n=66)
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� 3 (Centroblastic): 39% (n=132)

While DLBCL slides were divided between groups:

� 1 (Centroblastic): 66% (n=220)

� 2 (Centrocytic): 10% (n=33)

� 3 (Centroblasts and immunoblasts): 24% (n=81)

4.4 Comparison of clustering strategies

Contingency matrices were used to compare clustering of slides, in order to assess redun-

dancy and unique value in each technique.

Figure 3.6: Contingency matrices visualising membership of FL and
DLBCL slides between nuclear phenotype and distribution groups. Nu-
clear group numbers denoted in brackets. Values represent percentage
of all FL or DLBCL slides. These may not sum to 100% due to rounding.
Dominant cell types present: CB = centroblastic; CC = Centrocytic;
IB = Immunoblastic; Large = large nuclei (CB, IB and dendritic cells).
Values of zero masked.

In FL, centroblast-dominant clusters comprising almost 40% of cases (nuclear phenotype

2 and nuclear distribution 3) perfectly overlapped. Centrocytic clusters (distribution 1

and phenotype 1) also overlapped, accounting for almost 20% of patients. Finally, cases
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belonging to distribution cluster 2 (CC/IB) were almost evenly split between nuclear

phenotype 1 and 2. These results evidenced a high level of redundancy between cluster-

ing methods in FL, with nuclear distribution cluster 2 representing a midpoint between

nuclear phenotypes 1 and 2.

In DLBCL, all cases assigned to the centroblastic distribution cluster 1 were assigned to

the centroblastic nuclear phenotype (1). Likewise, over 95% of cases assigned to nuclear

distribution cluster 3 (with high proportions of centroblasts and immunoblasts) were also

assigned to nuclear phenotype 1. This was expected as nuclear phenotype 1 was found

to have noticeable populations of nuclear class 2, identi�ed as a mix of blastoid cells.

75% of nuclear distribution cluster 2 (characterised by centrocytes) was assigned to the

centrocytic phenotype (2). Again, these results evidenced a high level of redundancy

between clustering methods. Both methods agreed on a majority of cases in centroblastic

and centrocytic clusters (1 and 2 for both methods). Nuclear distributions additionally

distinguished cases containing other blastoid cells in cluster 3, a potential advantage over

phenotypes.

Molecular characteristics

Nuclear clusters were characterised with respect to published molecular subgroups. In

FL, comparisons were made against the following published mutation groups[46]:

� `STAT6', with high rates of STAT6 and commonly co-mutated genes, characterstic

of di�use pattern FL[157�159]

� `aSHM', with high mutation at loci associated with aberrant somatic hypermutation

(aSHM, described in the Introduction Section Somatic mutations)

� `COM', a majority group consisting of all remaining patients

In DLBCL, clusters were compared against cell-of-origin expression groups (COO)[56,

144�146]:

� `GCB', a majority group displaying similarities in expression of BCL6, CD10 and
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other markers of naive germinal centre B-cells[19]

� `MHG', a `molecular high grade' subgroup of GCB bearing similarities to Burkitt

Lymphoma in expression and enrichment of c-Myc mutation[20]

� `ABC', a subgroup with expression similarities to activated B-cells (plasmablasts),

including expression of MUM1 and BCL2[19]

� `UNC', a group consisting of cases otherwise unclassi�ed

Signi�cant di�erences were observed in molecular characteristics of FL nuclear phenotype

groups (Figure 3.7, below, with molecular composition of clusters provided in Appendix

Figure A.9). 73% of FL nuclear phenotype 2 patients (centroblastic) had COM mutation

pro�les, with respect to 61% in phenotype 1 (centrocytic; p = 0.033). No signi�cant

di�erences were observed between nuclear distribution groups (contingency of mutation

vs. nuclear distribution in FL: χ2 p = 0.79; not shown).

In DLBCL, contingency matrices of clusters against COO potentially evidenced decreased

ABC expression in centrocytic and blastoid groups (nuclear phenotype 2 and distribution

clusters 2 and 3) and increased MHG expression in centrocytic groups (phenotype and

distribution cluster 2), though these were not signi�cant (distribution χ2 p = 0.37; phe-

notype χ2 p = 0.49). Such e�ects were understandably not observed with binarisation of

COO (GCB vs rest), with p-values above 0.9 for comparison with binarised expression

and Hans algorithm prediction (a routine procedure for prediction of GCB COO against

others[25]; not displayed). As with HMRN, DLBCL-MORPH Hans algorithm predictions

were also not found to associate with clusters (p > 0.9; not shown). Since di�erences

between DLBCL groups occurred primarily in ABC and MHG expression, absence of

observable di�erences between groups in GCB expression (as with binarisation and the

Hans algorithm) was expected.
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(a) Follicular Lymphoma (FL) (b) Di�use Large B-cell Lymphoma (DLBCL)

Figure 3.7: Composition of best-performing clustering methods, with
respect to supervised metric performance on COM mutation in FL
(mutation[46]) and GCB cell-of-origin expression in DLBCL (COO;[56,
144�146]), where molecular data was available. Values represent num-
ber of slides out of all. P-values were calculated using χ2 tests on the
displayed n×m contingency tables of frequency, where n = number of
molecular groups and m = number of patient clusters. No multiple
testing correction was applied.

Finally, clustering methods were evaluated in the context of biologically-relevant pa-

tient subgroups using supervised clustering metrics (homogeneity, completeness and v-

measure) on molecular features (Figure 3.8).
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Figure 3.8: Evaluation of clustering methods using supervised metrics,
with molecular subgroups as ground truth. In FL, mutation clusters
were used (mutation[46]) and in DLBCL, cell-of-origin expression DL-
BCL (COO;[56, 144�146]). Calculated for samples with available molec-
ular data. Two classi�cation tasks were proposed:
Left column) Clustering against all molecular subgroups Right column)
Clustering against binary subgroups, of the most prevalent molecular
group vs. all other groups (rest)
For DLBCL, nuclear phenotypes were binarised to cluster 1 (centrob-
lastic) vs. rest (2,3 and 4) as sample number in other classes was below
15 cases. Binarised groups: in FL, COM mutation vs. STAT6 & aSHM;
in DLBCL: GCB expression vs. ABC & UNC & MHG.

In FL, binarisation of mutation clusters (COM vs. STAT6 & aSHM) led to modest in-
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creases in homogeneity (and hence, V-measure; Figure 3.8 top left vs. right) for nuclear

phenotype clusters and modest decreases in completeness for distribution groups. Nu-

clear phenotype clusters achieved higher performance than nuclear distribution clusters

in all metrics.

In DLBCL, binarisation of COO (GCB vs. ABC & MHG & UNC) led to substantial de-

creases in all metric values, evidencing severe information loss. Binarisation was trialled

with DLBCL nuclear distributions (distribution 2 vs 1 & 3) to assess performance when

cluster number was the same between methods, but this lowered metric values further

(not displayed).

Nuclear distribution clusters outperformed phenotype clusters in all DLBCL metrics but

especially in homogeneity. A major di�erence between methods was greater balance in

DLBCL cluster sizes with distribution clusters, caused by distinction of patients with a

diverse blastoid pattern of cells (cluster 3; CB/IB) from cluster 1, with a more homoge-

nous, centroblastic pattern.

Patient-level feature comparison

Relationships between cluster assignment, molecular groups (mutation clusters for FL

and cell-of-origin expression clusters for DLBCL) and cell types involved can be observed

in Figure 3.9, below.
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(a) Follicular Lymphoma (FL)

(b) Di�use Large B-cell Lymphoma clusters (DLBCL)
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Figure 3.9: Bicluster plots of patient-level cell clusters, with respect to
mutation (A; FL), expression (B; DLBCL) and relative proportion of
discrete cell types. Assigned cluster numbers and associated cell types
overlaid in the appropriate regions. Abbreviations: Cyto. grade =
predicted cytological grade, using the methodology proposed in Chapter
2, as low (L) or high (H); Nuc. pheno. = Nuclear phenotype cluster;
Nuc. dist. = Nuclear distribution cluster, with respect to centrocytic
(CC), centroblastic (CB) and immunoblastic (IB) populations; COO
= cell-of-origin expression; nuc. X = nuclei x, where x corresponds
with the appropriate cells in Figure 3.3. Missing data masked using
transparency.

In FL, all cases previously predicted to have high grade were assigned to centroblastic

phenotype and distribution clusters. Centrocytic nuclear phenotype patients were ob-

served to have low concentrations of nuclear class 6 (primarily centroblasts). Though

there was considerable overlap between phenotype and distribution clusters associated

with centrocytes (phenotype 1 and distribution 1) and centroblasts (phenotype 2 and

distribution 3), distribution clusters were further enriched for nuclear classes 3 and 4

(mature lymphocytes/centrocytes) in the centrocytic group (1) and nuclear class 8 (light

centrocytes) in the centroblastic group (3). Overall, this evidenced that nuclear pheno-

types primarily distinguished patients on presence of centroblasts (nuclear class 6) while

distribution clusters involved further cell types in clustering.

In DLBCL, nuclear phenotype and distribution clusters associated with centroblasts (phe-

notype 1 and distribution 1) and centrocytes (phenotype 2 and distribution 2) also over-

lapped, evidencing redundancy in clustering methods. Centrocytic clusters were observed

to be enriched for nuclear classes 3 and 4 (mature lymphocytes/centrocytes) while dis-

playing comparatively low concentrations of centroblasts (nuclear class 6). Distribution

cluster 3 (centroblast/immunoblastic) was distinguished from cluster 1 (centroblastic)

through moderately higher proportions of lymphocytes/centrocytes (nuclear classses 3

and 4). Otherwise, di�erences between these clusters appeared subtle.
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4.5 Survival Analysis

Clinical utility of groups was assessed using comparisons of patient features (in FL) and

survival.

Comparisons of patient features (such as performance status, involvement of extranodal

sites and occurrence of B-symptoms) are presented in Appendix Figure A.4. In the HMRN

dataset, e�ects were observed following multiple testing correction in the following:

� signi�cantly lower number of ROIs assessed for nuclear distribution 1 as compared

to the rest of clusters

� signi�cantly lower numbers of nuclei counted per patient for distribution cluster 3,

as compared to the rest of patients

The observation that distribution cluster 3 had signi�cantly lower cell numbers per ROI

may have been due to the larger size of the majority cell type (centroblasts), leading to

lower number of cells �lling the ROI. This �nding therefore did not necessarily indicate

unexpected properties of the group.

Clusters were compared with respect to patient overall survival using Cox model hazard

ratios (HRs; Figure 3.10; full Cox model results included in Supplementary documents,

Cox_model_results.xlsx). For FL, HRs were corrected with two existing gold standard

measures of risk, FLIPI and PRIMA-PI. Kaplan-Meier estimators (KM plots) were used

for visualisation of chemotherapy patient survival, which all datasets had (Figure 3.11,

respectively). HRs displayed in KM plots were determined using univariate Cox models.

Follicular Lymphoma OS No signi�cant e�ects were observed in FL survival, with

all 95% con�dence intervals overlapping a hazard ratio (HR) of 1. Yet, comparing e�ects

between datasets revealed largely consistent HRs in immunochemotherapy patients. A

centroblastic nuclear phenotype (CB phenotype 2) was associated with a slight increased

risk in HMRN (HR CB (2) vs. CC (1) signature: 1.08; 95% CI: 0.42-2.79; p = 0.88) and

greater risk in GALLIUM (HR CB (2) vs. CC (1) signature: 1.23; 95% CI: 0.64-2.37; p

= 0.53). This risk was slightly higher still where the phenotype model was trained on
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GALLIUM data (HR GALLIUM CB phenotype (2) vs. GALLIUM CC phenotype (1):

1.37; 95% CI: 0.70-2.68; p = 0.36). As expected, the centrocytic distribution cluster (1)

displayed the opposite e�ect, with slight decreased risk.

HRs were observed to be substantially higher in univariate Cox models (as displayed in

KM plot titles; Figure 3.11) evidencing that e�ects were largely accounted for by clinical

features considered by these indices (such as age, stage and blood β2-microglobulin con-

centration). Overall, these observations indicated potential small, general risk associated

with patient clusters, not distinguishable with the available cohort sizes.

DLBCL OS No signi�cant hazards were observed in HMRN DLBCL data. In DLBCL-

MORPH, risk was found to be associated with centrocytic clusters: HR of 1.95 for dis-

tribution cluster 2 (95% CI: 1.11-3.43; p = 0.02). Centroblastic clusters were associated

with reduced hazard, lowest in nuclear phenotypes �tted to DLBCL-MORPH data (HR

MORPH phenotype 2 (CB) vs. 1 (CC/CB): 0.62; 95% CI: 0.35-1.08; p = 0.09). As can

be seen in `at risk' counts in KM plots, phenotype clusters were much more balanced in

DLBCL-MORPH as compared to HMRN. This evidenced substantial di�erences in sam-

ples between these datasets. One potential cause of this may have been in confounding

variables, such as staining or scanner variability between sites. Were systematic di�er-

ences in digital pathology images the cause of di�erences observed in the datasets, cellular

composition of nuclear phenotypes trained on each datasest would be expected to di�er.

They instead resembled corresponding HMRN phenotype compositions very closely (Ap-

pendix Figure A.8) evidencing that this was not the cause.

Another explanation of such di�erences is sampling error, since only 20-200 regions of

interest out of many thousands (in some cases) were observed. Finally, it is possible that

substantially di�erent selection criteria existed for the two datasets given that HMRN

was a population cohort while DLBCL-MORPH data underwent an extensive selection

process for clinical trial.
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(a) Follicular Lymphoma (FL)
Immunochemotherapy

(b) Di�use Large B-cell Lymphoma clusters (DLBCL)
All treatments
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Figure 3.10: Cox model hazard ratios of patient clusters in HMRN
and comparable external validation datasets. For FL, only HMRN re-
sults from the immunochemotherapy partition are shown for compar-
ison against GALLIUM trial results. Error bars represent 95% con�-
dence intervals.FL models trained in a multivariate con�guration with
PRIMA-PI quantile (low, medium, high) and FLIPI. DLBCL trained
in a univariate con�guration, due to high rates of missing IPI scores.
Missing datapoints indicate insu�cient data for �tting of Cox models.

(a) Follicular Lymphoma
(FL)
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(b) Di�use Large B-cell Lymphoma clusters (DLBCL)

Figure 3.11: Kaplan-Meier plots of overall survival for patient clusters.
Overall survival events de�ned as death by any cause. Number of OS
and censoring events displayed below plots.
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(a) Follicular Lymphoma (FL)
Immunochemotherapy

(a) Follicular Lymphoma
(FL)

(b) Di�use Large B-cell Lymphoma clusters
(DLBCL)

(c) Follicular Lymphoma
(FL)

(d) Di�use Large B-cell Lymphoma clusters
(DLBCL)
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Figure 3.13: Kaplan-Meier plots of progression-free survival (PFS) for
nuclear phenotype (top; a & b) and distribution (bottom; c & d) pa-
tient clusters. Number of PFS and censoring events displayed below
plots. P-values from Wald test on Cox proportional hazards for nuclear
phenotypes and multivariate logrank tests for distribution clusters.

FL PFS Nuclear phenotype clusters evidenced slight but insigni�cant reduced PFS

hazard in patients with a centroblastic phenotype (HR. vs centrocytic = 0.77; p = 0.334;

Figure 3.13a). These �ndings appeared to be a result of high event rate between years

1 and 2 in centrocytic patients. This di�ered to those for OS, in which hazard appeared

higher for centroblastic patients. This e�ect evidenced potentially shorter overall survival

but longer progression free survival in patients with a centroblastic phenotype. No PFS

di�erences were observed in FL distribution clusters (Figure 3.13c).

DLBCL PFS PFS hazards mirrored OS in DLBCL, with apparent slight, insigni�cant

reduced hazard with a centrocytic phenotype (HR vs. centroblastic = 0.84; p = 0.582;

Figure 3.13b). No PFS di�erences were observed between distribution clusters (Figure

3.13d).

4.6 Overall discussion

Evaluation of clustering techniques

Clustering techniques were evaluated in two ways, focusing on distinction of:

1. Biological subgroups, de�ned as clustering of patients into groups with clear dif-

ferences in cellular or molecular features. This was primarily measured using su-

pervised clustering metrics using molecular subgroups as ground truth and further

assessed using contingency matrices.

2. Distinction of clinically-relevant subgroups, with di�erences in survival. This was

measured using hazard ratios and Kaplan-Meier estimators.

With respect to both mutation clusters and distinguishing overall survival risk, nuclear
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phenotypes outperformed distribution clusters in FL. In this disease, cluster membership

was more balanced (40% to centrocytic and 60% centroblastic).

In DLBCL, nuclear phenotype clustering led to highly imbalanced groups (91% centrob-

lastic vs. 9% centrocytic/centroblastic), resulting in under-powered comparisons. In this

situation, nuclear distribution clusters outperformed phenotypes in supervised metrics

(with respect to COO expression) and survival (on DLBCL-MORPH data). Increased

sensitivity to variation between patients that were otherwise indistinguishable with phe-

notype clusters was likely a result of the di�ering whole slide aggregation strategies of

the clustering methods. Reliance on a single statistic (median number of each cell type)

in nuclear phenotypes made it a computationally e�cient technique but appeared to

limit information required for e�ective clustering of a disease characterised by sheets of a

single cell type, DLBCL. Distribution clusters, on the other hand, considered every cell

observed. Though pairwise comparisons involving every cell were far less computation-

ally e�cient than clustering of median values, this process appears to have provided the

necessary information to distinguish DLBCL patients.

Nuclear phenotype clusters had signi�cantly di�erent mutation pro�le composition in FL

when comparing COM mutation against minor mutation pro�les (STAT6 and aSHM).

In DLBCL, potential di�erences were observed with modestly higher proportion of ABC

expression in the centroblastic distribution cluster 1 (33% vs, 27-28% other). MHG ex-

pression was higher in the centrocytic cluster 2 (11% vs 0% cluster 3 and 6% cluster 1),

albeit not signi�cantly.

Finally, substantial and consistent survival di�erences were not observed between datasets.

In FL, a small, consistent increased risk was observed with phenotype 2 (centroblastic)

and nuclear distribution 1 (centroblast and immunoblastic) in immunochemotherapy pa-

tients. In DLBCL, no survival di�erences were observed in HMRN data but, clusters in

this dataset were found to be highly imbalanced in size. In DLBCL-MORPH, the centro-

cytic distribution cluster 2 was associated with considerable increased risk (HR vs rest:

1.95; 95% CI: 1.11-3.43; p = 0.02). Centrocytic phenotype cluster 1 also demonstrated

increased risk, albeit to a lesser extent (HR vs. cluster 2: 1.61; 95% CI: 0.93 - 2.86; p =
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0.09).

Overall, these results evidenced that nuclear phenotypes separated FL patients on molec-

ular features but not too well on risk. Distribution clusters appeared to separate DLBCL-

MORPH patients on survival risk. Imbalance in HMRN DLBCL data and low incidence

of MHG expression limited statistical power of comparisons and clustering e�orts for that

dataset.

Clustering of FL

The clustering methods presented identi�ed two major groups of FL, with respect to cell

types. A third cluster was evidenced with nuclear distribution clusters but, signi�cantly

lower ROI numbers per patient sample and similarities in cell types present evidenced

that this group was not functionally dissimilar to the others. Instead, it was likely to have

formed from low sample number, leading to poor estimations of the nuclear distribution

and frequency estimations needed for clustering. Evidence for this was signi�cantly lower

number of observed regions with nuclear phenotype cluster 1 and similarities in cell types

present between clusters 1&2 and 2&3.

40% of cases (nuclear phenotype cluster 1) were enriched for dark, cleaved centrocytes

and had signi�cantly higher incidence of infrequent mutation pro�les (STAT6 & aSHM).

60% of cases (phenotype 2) had higher proportions of centroblasts, characterised by large

nuclei bearing multiple nucleoli close to the nuclear envelope. This group had signi�cantly

higher incidence of the COM mutation pro�le, characterised by mutation of the KMT2D

gene[46] and thus, associated with persistence of B-cell structures in lymph nodes [160].

In the most recent WHO classi�cations of FL, the disease was divided into 3 subtypes

based on cell morphology and molecular characteristics (WHO-HAEM5; [23, 161, 162]).

Similarities appeared to exist between these subgroups and those identi�ed in this work:

Classical FL (cFL) characterised by canonical follicles, presence of centrocytes and

centroblasts as well as signi�cantly higher mutation targeting genes KMT2D[159] and

speci�c regions of CREBBP[48], both encoding histone modifying proteins. In mutation
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of KMT2D, this subtype resembled the COM mutation pro�le[46]. FL phenotype 2 and

distribution 3 most closely resembled this group in mutation, with higher proportions of

COM. In cellular composition, phenotype 1 more closely �tted the expected proportion

of centrocytes than phenotype 2.

Follicular large B-cell Lymphoma (FLBL) characterised by homogenous regions

of centroblasts (cytological grade 3B FL[161]) and treated like DLBCL. Such cases have

previously been evidenced to have signi�cantly lower proportions of the hallmark FL

BCL2 mutation (t(14;18)) and signi�cantly higher mutation of BCL6, with respect to

cFL. Recent work identi�ed DLBCL-like FL, with signi�cantly higher mutation burden

in regions associated with aberrant somatic hypermutation (aSHM)[48]. Centroblast-

dominant groups identi�ed, FL phenotype 2 and distribution cluster 3, closely �tted the

cellular characteristics of FLBL, with low proportions of centrocytes. Neither cluster was

found to have increased aSHM mutation, as expected from the literature.

FL with uncommon features (uFL) currently encompasses cases not classi�ed into

the two former categories due to uncommon cellular or follicular morphology[23, 161,

162]. In cellularity, this constituted cases with enrichment of non-centroblast blastoid cells

(such as immunoblasts) and medium-sized cells resembling neoplastic Burkitt Lymphoma

cells[161, 162]. Molecular details of blastoid uFL were not found in the literature.

In terms of follicularity, uFL included the so-called `di�use pattern'. Here, follicles present

back-to-back and cover large areas of the lymph node. These cases have been found

to contain a mixture of neoplastic centrocytes and centroblasts, with no consistency

in proportions[163]. They have been found to lack the hallmark FL BCL2 mutation

(t(14;18)) and have signi�cantly higher mutation of STAT6, as compared to cFL[157�

159]. STAT6 mutation has been found to accompany a lack of the hallmark BCL2

mutation[164], observed in over 2/3rds of cases with STAT6 mutation. The relevance

of these observations in the current work is that a majority of patients with a STAT6

mutation pro�le in the may have lacked typical FL molecular characteristics.

In summary, cases of uFL with clearly abnormal blastoid features have been reported
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but a growing body of work has evidenced cases similar to cFL in cellularity, harboring

mutations uncharacteristic of FL.

Given the range of cellular features considered in uFL, STAT6 mutation was the most re-

liable measure of centrocytic uFL while considerable non-centroblast blastoid populations

were used to indicate blastoid uFL. Distribution cluster 2 (Figure 3.5 middle) contained

considerable populations of blastoid cells (belonging to cell cluster 2 and UMAP com-

ponent values close to -13). These cases appeared to match some of the classi�cation

guidelines for blastoid uFL, with cytology similar to published work[157, 162].

Phenotype 1 (centrocytic) nonetheless had higher proportions of STAT6/aSHMmutation,

suggesting presence of uFL resembling classical FL in that group. Analyses of follicularity

were not conducted in these groups but may aid in future distinction of di�use uFL with

STAT6 mutation and cFL.

Observed relationships between clusters, cellular features and molecular features are pre-

sented in Figure 3.14a, below.

Clustering of DLBCL

DLBCL not otherwise speci�ed (DLBCL, NOS) comprises diseases sharing some morpho-

logical similarity but otherwise displaying immense diversity in mutation, expression and

cell type presence[21, 23]. Both clustering methods identi�ed a majority group composed

of centroblasts, matching the unifying characteristic of DLBCL cases. This may have

also been a result of nuclear features used for cell clustering, previously found to have

utility in centroblast classi�cation (Chapter 2 Section 3.8). Number of cases clustered

into other groups (other than the majority) was ultimately too low in HMRN data to

determine whether observed di�erences in centrocyte, mature lymphocyte or blastoid cell

populations represented morphological subtypes of DLBCL with respect to survival or

expression. Survival di�erences were previously reported in DLBCL-MORPH data with

respect to `neoplastic' cell morphology[66]. The nature of cells classi�ed as neoplastic by

the general nuclear classi�er used, HoVerNet[103], was not investigated further but could

be seen to include centrocytes and centroblasts in the publication (Figure 1c[66]). In the
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clusters proposed in our work, we identi�ed signi�cantly increased overall survival risk

with centrocytic phenotypes (in DLBCL-MORPH), potentially elucidating the nature of

cellular markers of risk presented by Vrabac et al[66].

Uniformity in centroblast populations has been historically associated with the GCB

cell-of-origin (COO). Expression largely resembles naive B-cells (centroblasts), with cen-

trocytic expression in some cases, too[20]. MHG expression also indicates centroblastic

disease, but without centrocyte involvement[20]. Finally, immunoblastic and T-cell rich

cases have been found to have signi�cantly higher ABC expression[165], supported by

expression of activated B-cell markers (from the immunoblast and plasmablast stages of

activation)[19, 20].

Nuclear phenotype 1 and distribution 1 appeared to �t descriptions of classical monomor-

phic DLBCL, expected to be enriched for GCB and MHG expression.

DLBCL phenotype 1 and distribution clusters 1 and 3 appeared to contain considerable

populations of blastoid cells, matching cellular classi�cation criteria for immunoblastic

DLBCL with expected enrichment for ABC expression. Though potential enrichment

for ABC was present in phenotype cluster 1 (31% of cases vs. 24% of cases in cluster

2), di�erences in nuclear distribution cluster ABC expression were more subtle. Higher

proportions of GCB patients in nuclear phenotype and distribution cluster 2 (centro-

cytic) was not expected given that MHG expression has not been observed to involve

centrocyte-associated genes. No statistically signi�cant di�erences were observed at the

HMRN dataset size used.

Immunoblast cell morphology has previously outperformed predicted cell-of-origin in

stratifying patients on survival risk[67]. No comparable survival di�erences were observed

in immunoblastic groups of either DLBCL dataset. Observed relationships between clus-

ters, cellular features and molecular features are presented in Figure 3.14b, below.
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4.7 Limitations

Limitations of the proposed methods potentially existed in the features used for cell

clustering, nuclear embeddings in nuclear distribution clustering and methods of slide-

level aggregation.

Omitted features

Despite high interpretability of nuclear features used, they were not su�cient for cluster-

ing of distinct cell types, which complicated interpretation of cell clusters. Recent publi-

cations in nuclear classi�cation have used additional features to those used in this work.

Success has been demonstrated in use of additional colour spaces, especially CIELAB and

HSV[129, 139]. These alternative colour spaces di�er from the RGB intensity features

used here in the relationships between colours, with aims of colour space uniformity and

progression more similar to the human eye for CIELAB and HSV, respectively. Com-

parison of 2-dimensional UMAP projections of cell features including features from those

colour spaces[139] and ours revealed almost identical visualisations (Figure 3.3). Addi-

tionally, CIELAB and HSV intensity features (moments, maximum intensity, minimum

intensity etc.) were found to correlate very highly with the respective RGB features in

the unlabelled nuclei dataset (Pearson correlation > 0.95; not displayed). Therefore, fea-

tures from alternative colour spaces did not appear to meaningfully increase the range of

information extracted for each cell.

On the other, omission of contextual information may have limited e�orts. By not consid-

ering surrounding cells, an assumption was made that function of cells was independent

of their microenvionment and tissue region. As highlighted in Introduction section 2.1,

this assumption appeared to be invalid in at least the context of FL.

Strategies that have demonstrated success in prediction of clinically useful features with

integration of H&E cell context have included calculation of cell graphs to model in-

teraction between cell neighbourhoods[166] and combination of region information with

nuclear classi�cations[167].
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Incorporation of contextual information about cells would likely allow for better distinc-

tion of molecular groups in FL and DLBCL, where cell density alone clustered patients

with seemingly di�erent molecular features (such as ABC and GCB expression in DL-

BCL) together.In DLBCL especially, such information may better resolve the majority

centroblastic phenotype into more homogenous groups of balanced size.

Nuclear distribution clusters

Several limitations of the distribution cluster methodology were identi�ed. Firstly, com-

parison of distributions was computationally expensive, with exponential growth in num-

ber of pairwise comparisons required as slide number was increased. Meanwhile, nuclear

distribution clusters only noticeably di�ered at four points in the 1-dimensional UMAP

embedding. Comparison of relative frequencies at these four cell types may have been

su�cient, and far more computationally e�cient for the clustering observed.

Secondly, the 1-dimensional UMAP embedding displayed a clear progression of cell types,

with preservation of `distance' evidenced by nuclei more similar in size, nucleoli number

and colour intensity located more closely than dissimilar nuclei. Despite this, and most

visibly in size, non-trivial variation did exist across the embedding, meaning that cell

types at each point in the embedding were not perfectly homogenous. The impact of this

on downstream clustering was not investigated, but it may conceivably have led to higher

noise and complicated interpretation of clusters. A greater number of dimensions may

have been required for improved distinction of cell types, though an alternative approach

to measuring distance would also be required.

Thirdly, the validity of statistical measures of distance (Anderson-Darling) on a non-

linear embedding (UMAP) was not clear. Comparison against linear feature reduction

methods, such as NMF and PCA, would be required to determine the validity of results

from statistical measures of distance.

Fourthly, as observed with signi�cant di�erences in ROIs extracted per patients, this

method was found to be sensitive to sampling error. Threshold ROI numbers were used
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to �lter for slides with su�cient tissue (and thus, cell number) for a representative number

to be used. Fixed sample number for ROIs and cells in calculation of nuclear distributions

may reduce the impact of confounding variables stemming from uneven sampling.

In summary, increase in dimension may have led to improved cell homogeneity in re-

gions of the embedding space; reductions in scope to informative cell types may have

led to improved e�ciency in use of computational resources and �nally, linear methods

of dimensionality reduction may have had greater statistical validity for comparison of

patients.

Slide level aggregation

Evidence exists that optimal methods for aggregation of information from the ROI level

to a whole slide classi�cation is task-dependent[168].

In the literature, computational methods for lymphoma have focused either on average cell

densities in clinically-determined regions of slides[63] or on all observed regions[66]. The

presented work followed the former strategy. Observations were only made in naive B-cell

regions, following clinical recommendations in assessment of morphology and molecular

features in tumour cell regions[23], to reduce potential noise from uninformative regions.

The disadvantage of such an approach is potential loss of information from other areas,

not yet accepted as clinically relevant.

Data for ROIs was aggregated to a slide level classi�cation in di�erent ways for the two

clustering methods presented: median frequency of cells was used for nuclear phenotypes

and a distribution of all cells in distribution clusters. Despite these di�erences, both tech-

niques bore similarities in the assumed independence of cells and their context as well

as equal importance to all regions. Aggregation methods operating on similar assump-

tions have been used to successfully stratify patients on risk in lymphoma[66] and wider

cancers[139] despite the existence of aggregation methods in which such assumptions are

not made[168]. Aggregation of features similar to those used in this work (cell type

and morphology) using graphs has been shown to outperform other gold standard ap-

proaches in prediction of molecular features in breast cancer[85]. Such an approach may
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not provide meaningful bene�ts over average and standard deviations of nuclear features

in DLBCL[66], where tumour cells form largely homogenous sheets. On the other hand,

the diversity of cell types present and heterogeneity in follicle (naive B-cell region), vas-

cular and mature lympocyte structures observed in FL mean that embedding of nuclear

information in graphs may lead to improved overall distinction of patient subgroups.

In summary, best practice for aggregation of ROI information to the slide level appears

to be disease-speci�c. Previous e�orts have used summary statistics of clinically-derived

regions in FL or random sampling in DLBCL. The work presented followed a clinically-

derived methodology for region selection, potentially missing information in other areas

and making an assumption of equal importance for all regions. Graph-based methods of

nuclear feature aggregation have demonstrated success in prediction of molecular features

in cancer. Given heterogeneity in cellular and tissue features in FL, aggregation of nuclear

features using graph approaches may aid in appropriate weighting of informative features

while also considering a larger portion of the slide. The value of such methods in DLBCL

is unclear though, methods of distinguishing patients by features beyond cell density

appear to be necessary for strati�cation of risk in population datasets such as HMRN.

5 Conclusions and future work

5.1 Patient groups

Patients diagnosed with follicular (FL) and di�use large B-cell lymphoma (DLBCL) were

clustered on thousands of unlabelled cells sampled from B-cell regions of lymph nodes.

In FL, two patient groups were identi�ed (features summarised in Figure 3.14a). One

was characterised by a centrocytic pattern of cells, associated with STAT6/aSHM mu-

tation (p = 0.03). The other cluster demonstrated higher proportions of centroblasts,

associated with the COM mutation pro�le. A slight increased risk was observed with

a centroblastic phenotype in patients receiving immunochemotherapy (HRs of 1.08 and

1.37 vs. centrocytic phenotypes for HMRN and GALLIUM trained phenotypes, respec-
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tively; following FLIPI and PRIMA-PI correction in HMRN and GALLIUM; p = 0.88

and 0.36, respectively).

In DLBCL, centroblastic, centrocytic and blastoid patient clusters were identi�ed (fea-

tures summarised in Figure 3.14b). In DLBCL-MORPH data, patients in the centrocytic

nuclear distribution cluster experienced substantially higher risk (HR vs rest = 1.95; p =

0.02). HMRN data evidenced potential di�erences in ABC and MHG expression between

the centrocytic and other groups, though this observation did not �t with evidence from

expression studies[20].

(a) Follicular Lymphoma
(FL)

(b) Di�use Large B-cell Lymphoma clusters
(DLBCL)

Figure 3.14: Proposed relationships between cell patterns, nuclear clus-
ters and molecular features (mutation pro�le in FL and cell-of-origin
expression in DLBCL). Cell type abbreviations: CC = centrocyte; CB
= centroblast; IB = immunoblast

5.2 Clustering methods

This study was the �rst to combine objective, computational evaluation of cell types in

DLBCL and FL H&E slides with molecular features such as expression and mutation

pro�le. Over 43 million cells were considered, with identi�cation of 2 major cellular

phenotypes in both diseases and corresponding di�erences in molecular features.

Nuclear phenotype clusters outperformed distribution clusters in grouping patients on

clinically-relevant features in FL, in which cellular heterogeneity is a classical feature. In
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DLBCL, a condition characterised by sheets of a single cell type, distribution clusters

appeared to better resolve patient clusters.

With these strengths in mind, optimal methods for clustering in other lymphomas may

be:

� Distribution clusters in Burkitt Lymphoma, where neoplastic cells form sheets (like

in DLBCL) with interspersed (tingible body) macrophages

� Phenotype clusters in Hodgkin Lymphoma, where neoplastic Reed-Sternberg cells

classically form extensive interaction networks with immune cells

5.3 Summary of Findings

1. DLBCL patients with centrocytic cellularity experienced almost two times greater

overall survival hazard, with respect to all other patients. Centrocytic patients may

have also had lower proportions of ABC and higher MHG expression, though this

did not agree with expression studies and requires validation

2. 60% of FL patients presented with a centroblastic cell phenotype, associated with

common FL mutation (COM) and slightly increased risk, with respect to a centro-

cytic phenotype (hazard ratios between 1.08 and 1.37)

5.4 Limitations and future work

With respect to the aims, this work successfully clustered patients on clinically-relevant

molecular features in FL. This was not achieved in DLBCL, possibly due to nuclear

feature choice that did not e�ectively capture relevant di�erences between patients or

inherent imbalance in the HMRN dataset. To improve upon this, future work can �rstly

utilise a greater range of morphological or colour space features to better resolve di�er-

ences in DLBCL blastoid cell populations.

Future work may also utilise spatial information, with high biological relevance in lym-

phomas like FL and Hodgkin Lymphoma, where interaction of neoplastic and immune

cells have been demonstrated to play a crucial part in pathogenesis.
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Contributions

Labelling of the pathologist annotated dataset of nuclei was performed by Dr. Alireza Be-

hzadnia of the Leeds Teaching Hospitals NHS Trust (LTHT). Professors David Westhead

(UoL) and Andrew Janowczyk (Geneva University Hospitals, Switzerland and Emory

University, USA) provided feedback on methodology throughout. All other work was

conducted by Volodymyr Chapman (UoL).
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Chapter 4

Immunohistochemistry clusters

1 Abstract

Immunohistochemical (IHC) analyses are a crucial part of diagnosis and subtyping in

non-Hodgkin lymphoma but incur additional costs and time burden. We investigate

utility of automated IHC analysis, patient subgrouping and adding value to routine H&E

with prediction of IHC pro�le.

Over 6,000 IHC whole slide images (WSIs) of the HMRN dataset, from 330 Di�use Large

B-cell Lymphoma (DLBCL) and 185 Follicular Lymphoma (FL) biopsy samples were

analysed. Macenko stain separation and DeepLIIF were used to quantify IHC. Samples

were clustered into two groups within each disease. SlideGraph models were trained

to predict these with corresponding H&E nuclear and image feature embeddings (UNI).

Finally, patient characteristics were validated using routine H&E slides (DLBCL-MORPH

n = 190; HMRN FL n = 218; HMRN DLBCL n = 178).

Predictions of IHC staining were found to correlate strongly to pathologist assessments

of CD10 (mean Pearson r = 0.7-0.8) and moderately for BCL6 and MUM1 (r = 0.4-

0.7). FL and DLBCL patients each clustered into 2 groups. FL cluster 2 was found

to associate with increased COM mutation (p = 0.275 training / 0.035 validation) and

slight reduction in overall survival risk (HR vs. cluster 1: 0.75; 95% CI: 0.43-1.31; p

= 0.31). Image features successfully predicted clusters in H&E, with mean AUC-ROC

between 0.7 and 0.8 (IHC quanti�ed using DeepLIIF). Moderate to high performance in

quanti�cation of IHC and prediction of clusters with H&E provide promise of accurate

automation of IHC analyses and extraction of added value in assessment of routine H&E.
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2 Introduction

2.1 Value of IHC in Lymphoma

Haematoxylin and eosin (H&E) is a routine stain combination used in pathological anal-

yses, visualising nuclear material (DNA/RNA) and proteins, respectively. While useful

in diagnosis and subgrouping of disease based on distribution of cells and protein struc-

tures (e.g. extracellular matrix), distinction of cells is limited to those visually dissimilar

in morphology, chromatin/protein distribution and in cell environment. Low agreement

between expert pathologists[59, 61, 63] evidence limitations in reliable diagnosis and prog-

nosis, at a cellular resolution.

Immunohistochemical (IHC) analysis involves targeting of speci�c proteins using enzyme-

conjugated antibodies and subsequent staining of those regions of pathology samples.

3,3'-diaminobenzidene (DAB) is commonly used, undergoing oxidation on contact with

enzyme-conjugated antibodies to form a brown/black precipitate. This process provides

information on presence and distribution of clinically-relevant cells. It is highly valuable

in classi�cation of lymphomas, cancers of the lymphatic system, involving cells otherwise

immensely challenging (if not, impossible) to distinguish with H&E staining. These in-

clude B- and T-lymphocytes (B- and T-cells), as well as macrophages, dendritic cells and

centroblasts.

Key evidence for the utility of IHC in lymphoma include:

� Reduced staining for the naive B-cell marker CD10 and apoptosis escape protein

BCL2 with high cytological grade in Follicular Lymphoma[130]

� Signi�cantly greater odds of malignancy in bone marrow samples displaying B-cell

phenotype over a T-cell phenotype[169]

� Hans algorithm in DLBCL, for classifying those with germinal centre-like expres-

sion[25]

� Recommended for di�erential diagnosis of classical and other Hodgkin Lymphoma

subgroups[170]
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� Prediction of MYC rearrangement, a hallmark of aggressive lymphomas such as

Burkitt's and double-hit (DHIT) DLBCL, in large cell non-Hodgkin lymphomas

[171]

2.2 Limitations of IHC

While facilitating cell subtype-level pathological analyses, IHC also has considerable lim-

itations. Firstly, reproducibility can be low with signi�cantly di�erent results between

antibody clones used[69]; level of expert training in use of speci�c antibodies[71] and

even staining apparatus[70]. These results evidence potential subjectivity in the thresh-

olds used to classify cells as `positive' for target proteins. This likely has limited impact

in the clinic, where antibodies are typically only selected for use following rigorous vali-

dation on accuracy, robustness and consistency. Nonetheless, situations may exist where

such stringent checks are not employed, such as in research settings.

Manual IHC quanti�cation may also be vulnerable to sampling errors, as in H&E[61],

as there are limits to the number of cells that can feasibly be evaluated of the millions

present in biopsy samples. Poor reproducibility and restrictions in feasibility may limit

the complexity of relationships that can be identi�ed in IHC, with current algorithms

limited to four stains in binary classi�cation trees[25, 171, 172].

Besides these limitations, manual assessment is laborious for a population of highly skilled

sta�, histopathologists, whose numbers do not meet demand[2], in a time of growing

waiting lists for diagnostic tests[3]. Despite evidenced clinical utility in quanti�cation of

speci�c cell types, such as T-cell and macrophage subtypes in Follicular Lymphoma[65,

135], additional cost, time burden and reproducibility concerns may prevent routine IHC

analyses for these cells.

Given the above challenges, there is an unmet need for consistent and reproducible

analysis of IHC in non-Hodgkin Lymphoma that does not increase the high existing

histopathologist burden. Additionally, prediction of clinically-relevant features in H&E

otherwise requiring protein-level analyses (such as IHC) may add considerable diagnostic
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value where IHC is limited by resource restrictions.

2.3 Recent advances in IHC

Recent e�orts have demonstrated promise in automation of IHC analyses, with clinical

utility. These include:

� A convolutional neural network (CNN) trained to predict PD-L1 presence (IHC

status) in breast cancer H&E slides, achieving area under the receiver-operating

curve (AUC-ROC) scores of 0.92 on test data[173]

� A graph neural network (GNN) trained to predict HER2 involvement in breast

cancer H&E slides, achieving AUC-ROC scores between 0.7-0.8 on test data[85]

� A CNN used to estimate staining (H-score) for AKT3 in pancreatic cancer and

HER2 in breast cancer, achieving Pearson correlation against pathologist estima-

tions of 0.78-0.98[174]

� A conditional generative adversarial network (cGAN) for creation of predicted IHC

slides, with moderate agreement between real and synthetic Ki67 IHC data positive

cell quanti�cation (R2 score of 0.56)[175].

The success of these e�orts evidences potential for automated IHC quanti�cation in non-

Hodgkin Lymphoma and prediction of IHC features using routine H&E slides.

2.4 Aims

Key aims of the work presented were:

1. To automate IHC quanti�cation in common lymphoma markers, with evaluation

against pathologist estimates of CD10, BCL6 and MUM1

2. To cluster FL and DLBCL patients on IHC features, evaluated against clinical

utility: mutation pro�les, expression pro�les and overall survival

3. To extend prediction of IHC clusters to routine H&E slides through training of deep
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learning models on nuclear and self-supervised image features

4. To validate utility of predictions made on H&E slides, including external validation

data, through comparison of clinically-relevant features with training data

2.5 Novel Contributions

Key novel contributions of the presented work include:

� Evaluation of automated IHC quanti�cation methods against pathologist estimates

of CD10, BCL6 and MUM1 staining

� Clustering of FL and DLBCL patients into IHC subgroups

� Comparison of overall survival and molecular features (mutation and expression

pro�les in FL and DLBCL, respectively) between IHC subgroups

� Prediction of IHC clusters using routine H&E slides in FL and DLBCL

3 Methods

3.1 Experimental work�ow

Three major activities were undertaken in the presented work, as displayed in Figure 4.1,

below:

1. First, immunohistochemical staining was quanti�ed. This was performed using the

DeepLIIF framework[176] at an individual cell level. A `basic' slide level stain

deconvolution method was used as a benchmark. Methods were evaluated against

pathologist-assigned whole slide labels for three IHC markers in DLBCL.

2. DeepLIIF stain predictions were used to cluster patients in DLBCL and FL, to

identify patterns of IHC staining. Clusters were compared to molecular features

and overall survival to assess clinical utility.

3. IHC clusters were predicted using H&E. Two complementary strategies were evalu-
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ated for patch-level feature extraction. These were nuclear features, including those

describing morphology, intensity and texture and abstract foundation model fea-

tures[82]. For slide level aggregation, a graph neural network incorporating spatial

relationships[85] was used.

Figure 4.1: Overview of immunohistochemical stain quanti�cation, sub-
grouping and prediction using H&E.

3.2 Data

Data used were from the UK population-based Haematological Malignancy Research Net-

work (HMRN; https://www.hmrn.org[100]; Research Ethics Committee reference 04/Q1205/69)

dataset, comprising data on all novel hematological malignancies from 14 hospitals in the

Yorkshire & Humberside regions from the 1st September 2004 to the 31st August 2012.

Clinical characterisation, including diagnosis, treatment choice and tracking of outcome

until the 31st December 2018 was conducted by the Hematological Malignancy Diagnostic
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Service (HMDS; www.HMDS.info). Mutation clusters and DLBCL cell-of-origin (COO)

expression pro�les were previously determined by the HMRN [46, 47, 145, 146]. Staining

was performed on serial cuts of formalin-�xed para�n-embedded (FFPE) tissue sam-

ples. Immunohistochemical (IHC) staining involved the stains haematoxylin and DAB

(H-DAB). These were scanned at 40× magni�cation using a Leica Aperio AT2 scanner

at St. James's University Hospital, Leeds. Pathologist estimates of IHC staining were

available for Hans algorithm stains (CD10, BCL6 and MUM1) for some HMRN patients.

These were encoded in clinical records as '+', '+/-' and '-', with subsequent conversion

to the numerical values 1, 0.5 and 0, respectively.

Whole slide, H&E-stained images of the DLBCL-Morph dataset[66, 142, 143], were used

for external validation of DLBCL results. The dataset consisted of 204 WSIs from 149

patients, scanned at 40× magni�cation.

For all datasets, multiple slides from the same patient were treated as separate data

points.

3.3 Slide selection

HMRN Immunohistochemistry (IHC) slides were selected for use �rstly on stain avail-

ability: those conducted on fewer than 80% of FFPE blocks in the respective disease

partition were �ltered o�. For FL, 11 IHC stains met this criteria: BCL2, BCL6, CD10,

CD20, CD23, CD3, CD5, CD79, MIB1, P21, P53. In DLBCL, FOXP1 and MUM1 addi-

tionally met the criteria (13 stains).

Next, slides were �ltered on quality. Quality control (QC) was automated using His-

toQC[114], a tool that can quantify slide features (such as fat content, colour intensity

and contrast); predict regions of concern, such as those out of focus (blurry) and �ag slides

with substantial QC concerns. The v2.1 HistoQC con�guration was selected, with mask-

ing of fat-like tissue (not deemed informative in this use case) and out-of-focus regions

(deemed to likely severely impact DeepLIIF cell-based IHC quanti�cation). HistoQC

generated binary masks of whole slide images in which background, artefacts and fatty
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tissue were indicated. These masks were used to guide sampling of quality regions for

downstream tasks, avoiding background, blurry and fatty regions. Corresponding H&E

images underwent an identical quality control and region sampling process.

Finally, IHC samples were excluded if the respective patient had less than 60% of required

IHC stains (panel of 11 for FL and 13 for DLBCL).

3.4 Data Partitions

Handling missing IHC data Missing IHC quantities were interpolated using K-

nearest neighbour (KNN) models for patients with more than 60% of required IHC

(DLBCL n = 162, FL n = 73) but not all required IHC. Patients for which complete

panels were available were not included in this interpolation step as it was deemed rea-

sonable to assume that confounding variables existed between patient samples that were

selected for full IHC panels and those selected for partial panels. Potential di�erences

between these two groups led to the decision for interpolation to be conducted among

patients with incomplete panels.

The threshold value for IHC availability (60%) was determined through random masking,

(KNN) imputation of masked data and comparison to unmasked data. This was used

to identify minimum required data availability before introduction of imputation errors.

Data for which complete IHC panels were available, linearly scaled between 0 and 1, was

used for this analysis. A range of missing data proportion between 0% and 90% imputed

were assessed. Comparison of mean absolute error (MAE) and Welch's t-test p-values

were used to assess divergence of imputed data from original data and so, introduction of

imputation errors. MAE was found to increase linearly up to 40% of missing data, with

MAE of 0.05. P-value of 0.66 implied that imputed data was largely similar to original

data, with no evidence of being from di�erent populations. Roughly exponential increases

in MAE were observed with missing data proportions above 40% and so, threshold data

availability of 60% was chosen for inclusion in imputed data sets (Appendix Figure A.10).
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Imputed dataset Patients with imputed IHC values (DLBCL n = 162, FL n = 73)

were used for grid searches of optimal clustering parameters, with the assumption that

the parameters identi�ed would also be suited for patients with complete IHC panel data.

This was termed the `imputed' dataset.

Complete IHC dataset Patients for which all required IHC was available were used

for training and evaluation of IHC clustering models (DLBCL n = 168; FL n = 112)

using 5-fold cross validation. This was termed the `Complete IHC' dataset.

H&E training data Patients for whom IHC data was available (>60% of required

IHC slides) and corresponding H&E slides were used in training and evaluation of models

to predict IHC using H&E data. Training and evaluation were conducted simultaneously

using 5-fold cross validation (as in IHC cluster training and evaluation). Where multiple

H&E slides existed for the same biopsy sample (DLBCL n = 6; FL n = 2), these were

assigned to the same fold to minimise data leakage between training and test partitions.

H&E Internal validation H&E slides corresponding to patients for whom IHC was

not available (DLBCL n = 178; FL n = 218) were used for internal validation of IHC

cluster prediction utility, with comparison against molecular features (mutation pro�les

in FL and cell-of-origin expression in DLBCL) and overall survival.

3.5 IHC quanti�cation

Baseline deconvolution

The baseline method utilised synthetic separation of haematoxylin (H) and DAB com-

ponents in the RGB image (termed stain deconvolution or separation) using `stain vec-

tors', the predicted in�uence of H and DAB on (R, G and B) intensity values in the

resulting image. Separation of RGB into H and DAB components allowed prediction

of positively-stained areas and the intensity of staining, as in previous e�orts[85, 174].

Stain vectors were calculated using the Macenko approach[177], with singular value de-

composition of pixel optical density (transformation of RGB pixel intensity; conducted
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with HistomicsTK v1.3.14, http://github.com/DigitalSlideArchive/HistomicsTK).

Stain deconvolution was performed on slides at 1× magni�cation. 4× magni�cation

(16× larger images than at 1× magni�cation) did not lead to noticeably di�erent results

(not shown). Pixels with DAB intensity values lower than an empirical threshold of 150

(darker regions) were classi�ed as positive for the IHC stain. Percentage of positive pixels

within acceptable HistoQC regions (using HistoQC binary mask) was used as a measure

of IHC staining. To distinguish di�erences in density of staining, such as in a situation

where regions classi�ed as positive additionally have di�erent volumes of positive cells,

mean DAB pixel intensity within positive regions was also measured. These features were

referred to as `Macenko IHC features'.

DeepLIIF

The DeepLIIF framework was used to approximate IHC staining in image patches.

This tool was developed to predict multiplex immuno�uorescence (mpIF) images us-

ing matched lung and bladder cancer IHC images. Following prediction of mpIF, cells

are segmented using the input IHC and predicted mpIF images. IHC staining (positive

or negative) is predicted for each cell. Finally, proportion of positively-stained cells and

total number are quanti�ed per input IHC image (patch)[176].

Proportion of positively-stained cells and estimated cell number were quanti�ed in 20-

500 RGB patches at 40× magni�cation of size 512×512 pixels (number extracted de-

pended on tissue availability). These were extracted from acceptable regions of IHC

whole slide images (using HistoQC binary masks). DeepLIIF version 1.1.11 was used

(https://github.com/nadeemlab/DeepLIIF). Mean, standard deviation and kurtosis

of positive cell proportion was calculated for each whole slide image, aiming to capture

stain intensity, variation in staining and staining `tailedness', respectively. These features

were referred to as `DeepLIIF IHC features'.
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3.6 IHC clustering

Macenko and DeepLIIF IHC feature values were linearly-scaled to the range 0-1 for all

downstream activities. Minimum and maximum feature values of all samples of the

relevant disease were used in scaling.

Optimal parameters As outlined above (Section 3.4), optimal clustering parame-

ters were determined using patients for whom 60-99% of IHC panels were available (the

`imputed' dataset). 5-fold cross validation grid searches were used to identify optimal

parameters for each algorithm type (K-means clustering, hierarchical clustering, spectral

clustering and Gaussian mixture models). Clustering methods conducive to prediction

on unseen data (K-Means and Gaussian Mixture Models) underwent classical 5-fold cross

validation, with 5 iterations of training utilising a di�erent data fold (20% of data) for

validation using Calinski-Harabasz (CH) score. Clustering methods constrained to input

data (Hierarchical and Spectral clustering) used a masked `validation' approach, where

test sample data were scaled by uniformly-distributed random values between 0.5 and 1.5.

Models were �tted to masked data and validated using CH score between unmasked data

and clusters predicted on masked data. Finally, supervised metrics (homogeneity, com-

pleteness and V-measure) were used to select an optimal clustering algorithm with respect

to molecular features (mutations clusters for FL and COO expression for DLBCL).

Model training Once an optimal clustering method and parameter set had been de-

termined on the `imputed' dataset, these clustering models were �tted to Macenko and

DeepLIIF features of the corresponding `complete' dataset, without missing or imputed

IHC values.

Inference on imputed data Cluster membership was predicted for data of the `im-

puted' dataset using clustering models trained on `complete' data, above.

Interpretation of clusters Welch's t-test was used for comparison of linearly-scaled

input features between clusters, since sample numbers and hence, standard deviation were
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not equal between clusters. Features were ranked on p-value and features with the 10

lowest p-values between clusters were used for interpretation, with respect to the greatest

contrasts between clusters.

3.7 Survival Analysis

Univariate Cox proportional hazards models were trained on overall survival (OS) to

obtain Hazard Ratios (HRs). OS was clipped at 8 years, to reduce impact of age (and

associated variables such as co-morbidity prevalence) which violated the proportional

hazard assumption on calculations (not shown). Kaplan-Meier estimators were used to

visualise OS events between groups, termed Kaplan-Meier plots.

3.8 Validation

IHC cluster membership was predicted on H&E slides lacking associated IHC slides in

the HMRN (FL n = 218; DLBCL n = 178) and DLBCL-MORPH[66] (n = 190) datasets.

Molecular feature prevalence (mutation clusters in HMRN FL; COO expression in HMRN

DLBCL and Hans algorithm[25] predictions of GCB expression in DLBCL-MORPH) and

overall survival hazard ratios were compared between validation and training H&E data

to validate general cluster characteristics. Cox models were �tted to probability of IHC

cluster membership, as determined using disease-speci�c SlideGraph models. Kaplan-

Meier estimators were �tted to maximum likelihood IHC clusters. Hazard ratios reported

in Kaplan-Meier plots re�ect this di�erence in use of binarised classi�cations and so di�er

from HRs reported in HR plots.

Prediction of IHC clusters in H&E

H&E feature extraction H&E feature extraction was performed using two competing

methods, widely used in computational pathology e�orts - UNI image features[82] and

nuclear morphology features. Both methods were performed on identical 448×448 pixel

patches, extracted at 40× magni�cation from acceptable HistoQC regions. Between 20

and 1,000 patches were extracted, depending on tissue availability.
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UNI UNI features have been used across a range of histopathology domains and often

found to outperform competing image feature representations[178�180]. The UNI feature

extractor is a deep learning model trained on patches from over 100,000 WSIs to extract

informative histopathology features. The model was trained in a self-supervised con�gu-

ration, without explicit annotation of regions. In training, the objective was for the UNI

model to `learn' image features informative in predicting:

� Masked regions, thereby `learning' patterns of tissue composition

� Similarities between transformed images, thereby `learning' features with semantic

value

The UNI model therefore aimed to `condense' pathology image features while preserving

semantic value and contextual information. The minute scale and abstract nature of

relationships observed by UNI mean that feature embeddings (vectors of length 1024)

present challenges for human interpretation but can provide substantial added value to

histopathology analyses.

Embedding Patches were resized to 224×224 pixels using Pillow 10.2.0 to a �nal mag-

ni�cation of 20×(resolution of 0.50µm/pixel), as used by the developers[82]. Following

colour normalisation using parameters of the original paper (for the R, G and B channels:

mean=(0.485, 0.456, 0.406), std=(0.229, 0.224, 0.225)), 1024 dimension UNI features were

extracted using the VIT/L-16 checkpoint(https://github.com/mahmoodlab/UNI).

Nuclear feature extraction Nuclear segmentation was performed on H&E patches

using the `hoverfast_pretrained_pannuke' model checkpoint of HoverFast[181]. Nuclei

within 10 pixels of patch boundaries were �ltered out, due to risk of fragmented nu-

clear images. 26 nuclear features were measured, selected on non-redundancy (de�ned as

Pearson correlation lower than 0.9) in unlabelled lymphoma nuclei (Chapter 3 Section

3.5). A list of custom texture features is included in the Supplementary �les, Chapter

1, Texture_features.xlsx; descriptions of remaining features can be found at https://

scikit-image.org/docs/stable/api/skimage.measure.html#skimage.measure.regionprops.
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Nuclear data was aggregated for each patch using mean feature values.

Graph construction

Features were extracted from H&E patches as described above, resulting in feature vectors

for each H&E patch (length 26 for mean nuclear features and 1,024 for UNI features).

Additional information on the location of the patch in the whole slide image (coordi-

nates of the top left edge in 40× magni�cation WSI) was used to construct what could

be termed a `neighbourhood' representation for each patch, taking into account other

patches within range of the patch (dependent on a distance coe�cient lambda_d) and

in�uence of their features (scaled with a coe�cient lambda_f). To reduce computational

requirements, these `neighbourhood' representations were clustered into types, taking

into account patch features and in�uence of nearby patches, with clustering determined

by a hierarchical clustering distance threshold lambda_h. This e�ectively condensed a

large number of H&E patches into a discrete number of tissue clusters, describing similar

`neighbourhoods'. Finally, graph representations were constructed for whole H&E slides

using average feature and coordinate (centroids) values of these tissue clusters, connected

to nearby tissue centroids (with a maximum distance threshold between neighbours neigh-

bour_d ). The following parameters were used in graph construction, as in the SlideGraph

publication[85]:

� lambda_d = 0.003

� lambda_f = 0.001

� lambda_h = 0.8

� neighbour_d = 4000

Training

SlideGraph[85] models were used for prediction of IHC clusters using H&E data. In this

model, features from tissue clusters described above as well as features in�uenced by suc-

cessively more convoluted interactions in graph representations (Edge Convolution) were
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used as input to small arti�cial neural networks (ANNs). In training, ANN parameters

were optimised for prediction of IHC cluster membership (binary classi�cation of cluster

2).

Models were trained and evaluated using 5-fold cross-validation. This involved splitting

of H&E slides into 5 partitions, with cases where multiple slides were available for the

same patient (FL n = 2; DLBCL n = 6) assigned to the same partition to reduce data

leakage between partitions. Average partition size was 36 slides in FL and 63 in DLBCL.

Training was repeated 5 times, with a di�erent partition used for model evaluation in each

repeat and the remaining 4 partitions used for model training. In training partitions, 20%

of slides were randomly selected for use as a CV partition in each repeat. Performance of

a model was evaluated on this CV partition at each epoch, for the purposes of tracking

model training with respect to unseen data and determination of a suitable end point for

training.

Training parameters used were:

� Maximum epochs = 1,000

� Early stopping tolerance = 250

� Optimiser = Adam

� Learning rate = 0.01

� Learning rate decay: 3× every 100 epochs

� Adam weight decay = 0.0001

� Training dropout proportion = 0.3

� Dense layer perceptrons: 16 (base network), 16 (1st and 2nd Edge Convolution

layers) and 8 (3rd Edge convolution layer)

� Pooling layer type = Mean

� WSI-level aggregation method = maximum pooling layer value
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Evaluation

Classi�cation metrics were used to compare model performance (Appendix section 4.1)

on validation partitions (5-fold cross validation, above). Subsequently, these were used

to assess optimal H&E features for prediction of IHC, and which IHC features were

conducive to prediction with H&E.

Given limited dataset size, no additional hold-out dataset containing matched H&E and

IHC was used to evaluate models in prediction of IHC in H&E. Instead, clinically-relevant

patient features were compared between the matched IHC/H&E dataset used in training

of models and H&E data without matched IHC. This consisted of 178 DLBCL and 218

FL slides of the HMRN dataset, as well as 190 DLBCL slides from the DLBCL-MORPH

dataset.

Model interpretation

To interpret which features were used for successful prediction of IHC cluster in H&E,

patches classi�ed as highly predictive of each IHC cluster were compared with visual

inspection. Heatmaps of WSIs were used to inspect distribution of these patches and

determine which tissue regions were enriched for each. Additionally, GNNExplainer[182]

was used to extract input feature importance values on internal validation data. This

method aimed to identify features and subgraphs (small interaction networks) informative

of the classi�cations made by SlideGraph models. Pearson correlation was calculated

between feature importance for each slide and predicted (binary) cluster membership, to

determine which input features were most informative of slide-level classi�cations over all

data.

Signi�cance testing

Observed Frequencies The χ2 test of independence of variables was used to assess

the probability that observed frequencies were independent between evaluated groups.

This was used over Fisher's exact test to accommodate matrices larger than 2×2.
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Comparisons of continuous variables Both Pearson (parametric) and Spearman

(non-parametric) correlations were used to assess association between continuous features.

Paired samples The non-parametric Wilcoxon test was used to compare related sam-

ples, such as in comparison of models in prediction on identical data folds. A non-

parametric approach was used over paired T-tests as fold number (5) was deemed too

low for reliable estimation of distribution parameters.

Independent samples Where samples were independent, such as comparison of fea-

tures between clusters, Welch's t-test was used since group sample sizes (and hence,

variance) were not equal between groups.

Hazard ratios Signi�cance values assigned to Cox model hazard ratios were calculated

using the Wald test of a single parameter, indicating probability of the observed or more

extreme data, assuming a null hypothesis that hazard ratio equals 1 (no e�ect on risk).

Multiple testing correction Where indicated, the Bonferroni correction was used for

multiple testing.

3.9 Computational speci�cations

A workstation with an NVidia RTX 3060 Ti GPU, AMD Ryzen 5 3600 CPU and 16GB

RAM was used for the majority of work presented. Virtual environment dependencies

di�ered extensively for IHC feature extraction (DeepLIIF), H&E feature extraction (com-

bined HoVerFast and UNI feature extraction) and H&E model training (SlideGraph) so

are not reported here. Complete virtual environment speci�cations will be provided upon

request.
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4 Results and Discussion

4.1 IHC quanti�cation

Methods of IHC quanti�cation were compared against pathologist assessments in the

HMRNDLBCL dataset using correlation. In both parametric (Pearson) and non-parametric

(Spearman) measures of correlation, positive IHC proportion predicted through Macenko

stain deconvolution (Macenko Proportion Positive) signi�cantly outperformed mean IHC

intensity (Macenko Mean Positive Intensity) in CD10 quanti�cation (Figure 4.2A and

B). No signi�cant di�erences were otherwise observed, including between Macenko and

DeepLIIF predictions of positive IHC regions. Though not signi�cant, percentage of pos-

itive cells, as estimated with DeepLIIF outperformed other methods in quanti�cation of

BCL6 and MUM1. Performance was least stable with Macenko Mean positive intensity,

with visibly greater 95% con�dence intervals in BCL6 and MUM1.

Correlation with pathologist estimations of proportion positive stain was not signi�cantly

di�erent between target proteins with DeepLIIF but, Macenko method estimations of

nuclear protein proportions (BCL6 and MUM1) were signi�cantly worse than for the cell

membrane protein CD10 (Figure 4.2C and D).

(a) Pearson correlation between quanti�ca-
tion methods

(b) Spearman correlation between quanti�ca-
tion methods
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(c) Pearson correlation between IHC target
proteins

(d) Spearman correlation between IHC target
proteins

Figure 4.2: Performance of IHC quanti�cation methods against pathol-
ogist assessment for CD10, BCL6 and MUM1.
A & B) Comparisons between IHC quanti�cation methods, to assess
optimal methods for each stain
C & D) Comparisons between target proteins within stains, to assess
quanti�cation method performance across stains
Notes: Con�dence intervals were calculated using 10 partitions con-
sisting of 10% of matched data. The Mann-Whitney test was used for
signi�cance testing. Signi�cance key:
ns: not signi�cant; *: 0.05 > p ≥ 0.01; **: 0.01 > p ≥ 0.001; ***: 0.001
> p ≥ 0.0001

To investigate the nature of disagreement between DeepLIIF and pathologist predictions

of IHC staining, patch-wise estimations of BCL6 presence were compared over 10 random

regions (Figure 4.3, below). DeepLIIF was found to primarily under-estimate BCL6, with

respect to pathologist (Pearson r = 0.57). This appeared to originate from di�erences

in threshold IHC presence required for classi�cation of positive cells, especially clear in

Figure 4.3 top, where all cells were predicted to be positive by a pathologist but the

majority of cells with lower levels of staining were predicted to be negative for BCL6 by

DeepLIIF (annotated with blue outlines and the letter `A').

Uncommonly, DeepLIIF was found to slightly over-estimate staining. In these cases,
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visual inspection identi�ed false positive classi�cations of cells, potentially due to back-

ground IHC deposits (Figure 4.3 bottom).

Figure 4.3: Comparison of patch-wise BCL6 quanti�cation between
DeepLIIF and pathologist. Left images = IHC patches extracted at
40× magni�cation. Pathologist estimations of cell proportion positive
for BCL6 below. The images were annotated with coloured ovals to
indicate possible presence (red) or absence (blue) of IHC along with
text to indicate agreement with DeepLIIF (A) or disagreement (D).
Right images = DeepLIIF segmentation masks with classi�cations of
BCL6 presence indicated by boundary colour of nuclei. Boundary
colour key: Red = positive; Blue = negative. DeepLIIF estimations
of cell proportion positive for BCL6 below.
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Discussion

Macenko mean positive intensity displayed high uncertainty in almost all comparisons

and did not achieve the highest correlation value for either of the IHC targets stained.

The utility of this quantity, compared to the estimates of proportions of positive IHC

used appeared low.

No signi�cant di�erences were observed between Macenko and DeepLIIF proportions of

IHC positive tissue. As such, performance in quanti�cation of the cell membrane pro-

tein CD10 and nuclear protein MUM1 were comparable with Macenko and DeepLIIF.

DeepLIIF appeared to outperform Macenko in quanti�cation of the nuclear localised

BCL6 transcription factor and showed greater consistency in quanti�cation between

stains. Macenko estimations of positive tissue proportions were signi�cantly worse for

nuclear proteins, compared to cell membrane CD10. Pearson correlation values between

predicted staining proportion for the nuclear proteins BCL6 and MUM1 appeared con-

sistent in DeepLIIF

Observations of DeepLIIF classi�cation against pathologist estimates identi�ed that DeepLIIF

appeared to have more adaptive thresholds of staining than a pathologist, classifying

comparable cells di�erently between images (Figure 4.3 top vs. bottom). Cells with

high very IHC staining were classi�ed as positive while those with moderate and weak

staining, while above pathologist thresholds of positive staining, were classi�ed as nega-

tive.This was likely due to stain normalisation procedures used as preprocessing steps by

DeepLIIF.

Pearson correlation of 0.57 and visual inspection evidenced that DeepLIIF operated with

greater speci�city than pathologists, classifying only the most highly stained cells as

positive for BCL6.

Overall, there were no signi�cant performance di�erences between Macenko and DeepLIIF

estimations of positive cells/tissue. Both methods displayed better performance in quan-

ti�cation of membrane (CD10) than nuclear proteins (signi�cantly for Macenko but not

for DeepLIIF). Disparities between pathologist and DeepLIIF IHC quanti�cation were
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largely in under-estimation of IHC staining, appearing to result from di�erences in thresh-

olds for positive staining between the model and pathologist.

Despite considerable di�erences in appearance and pathologist estimations of staining

(Figure 4.3 top vs. bottom), DeepLIIF estimations were at times similar, evidencing a

need for suitable scaling to better resolve cases.

4.2 IHC clustering

Optimal clustering

For both diseases and IHC feature sets used, Calinski-Harabasz score was maximised with

a cluster number of two (Figure 4.4A). In FL, supervised metrics appeared to increase

with increasing cluster number though, rate of increase appeared lower with more than

4 clusters for Macenko and 5 for DeepLIIF IHC (Figure 4.4B). Similar results were ob-

served in DLBCL with lower rates of metric value increase from 3 clusters in Macenko

and 5 clusters with DeepLIIF.

For optimal clustering methods with respect to CH score, no signi�cant di�erences were

observed between Macenko and DeepLIIF feature clusters in supervised metrics (Fig-

ure 4.4C and D). No noticeable di�erences were observed between DeepLIIF clusters in

molecular feature distribution (FL p = 0.879; DLBCL p = 0.662) but small di�erences

were observed with Macenko clusters (FL p = 0.275; DLBCL p = 0.327; Figure 4.4E).
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(a) Calinski-Harabasz score over cluster num-
ber

(b) Supervised metrics over cluster number

(c) Supervised metrics for 2 clusters, with re-
spect to FL mutation groups

(d) Supervised metrics for 2 clusters, with re-
spect to DLBCL cell-of-origin expression
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(e) Contingency of clusters with molecular features
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Figure 4.4: Evaluation of IHC clustering methods, with respect to
Calinski-Harabasz score (CH) and supervised metrics against molec-
ular features:
A) CH score of optimal clustering models over cluster number (optimal
parameters determined using 5-fold cross validation grid searches)
B) Supervised clustering metric values, with respect to molecular fea-
tures (mutation clusters in FL and COO expression in DLBCL) over
cluster number. Data represented include all clustering models, using
optimal parameters (determined through 5-fold cross validation grid
searches using CH for scoring).
C) FL model supervised clustering scores with respect to mutation
groups (calculated over 10 folds consisting of 10% of data)
D) DLBCL model supervised clustering scores with respect to Cell-of-
Origin expression (calculated over 10 folds consisting of 10% of data)
E) Contingency matrices of clustering against molecular features

Clustering DLBCL into more groups

Supervised metrics on DLBCL data evidenced considerable increases in utility with 3

clusters for Macenko features and 5 for DeepLIIF features. These alternative cluster

numbers were compared against the two cluster method, above, and each other to evaluate

clinical utility.

Evaluation against expression First, clusters were compared on COO expression.

No signi�cant di�erence was observed in supervised metric values though, Macenko clus-

ters displayed far greater consistency than DeepLIIF clusters (Figure 4.5a). Analysis of

frequency identi�ed signi�cant di�erences with Macenko clusters (p < 10−5; Figure 4.5b),

with enrichment of GCB expression in cluster 1 (75% of the cluster) and ABC in cluster

3 (58% of the cluster). Though DeepLIIF cluster 3 appeared enriched for GCB (63%

of cluster), di�erences in frequency were not signi�cant. Similarities appeared to exist

between clusters 1 & 2 and clusters 3 & 4, respectively, with comparable proportions of

constituent expression groups.
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(a) Supervised metric values

(b) Contingency matrices

Figure 4.5: Comparison of higher cluster number techniques against
cell-of-origin expression (COO) in HMRN data, for which COO was
available:
A) With respect to supervised metric values
B) With respect to frequency of patients (p-values calculated using χ2

test)

154



Chapter 4. Immunohistochemistry clusters 4. RESULTS AND DISCUSSION

Discussion Similarities between DeepLIIF clusters 1/2 and 3/4, respectively, evidenced

clustering into too many clusters. Signi�cant di�erences in expression between 3 clusters

(Macenko IHC features) further evidence this as a more appropriate number of clusters

than 5. In summary, clustering of Macenko features into 3 clusters appeared to result in

more clinically-useful clusters, with respect to COO expression.

Overall discussion on optimal clustering

Optimal cluster number, as indicated by maximum metric values, di�ered between the

data-centric Calinski-Harabasz metric (maxima at k = 2; Figure 4.4a) and supervised

metrics with a focus on mutation and gene expression pro�les (Figure 4.4b). There did

not appear to be a general optimum in clustering of IHC features used, with respect

to agreement in maximum metric values. For this work, the data-centric optimum of 2

clusters was used for downstream work.

In FL, using higher number of clusters may have led to improved separation of patients

on mutation pro�le (as evidenced by supervised metrics) but would have also led to lower

cluster membership. Since this would have presented challenges in survival analyses, due

to lower event numbers in the indolent disease, no further cluster numbers were assessed.

In DLBCL, far higher supervised metric values with 3 and 5 clusters, for Macenko and

DeepLIIF IHC, respectively, evidenced far more meaningful clustering than with 2 clus-

ters. Event number and patient sample sizes were higher in this aggressive lymphoma so,

additional clustering was deemed more feasible than with FL. Therefore, DLBCL patients

were also grouped into 3 (Macenko) and 5 (DeepLIIF) clusters to assess utility of higher

cluster numbers in survival and separation of expression pro�les. This was performed

with a view of conducting further analyses if greater clinical utility was evidenced.

At a cluster number of 2, no signi�cant di�erences were observed between Macenko

and DeepLIIF features in clustering of molecular feature groups (Figure 4.4c and d).

Nonetheless, Macenko features appeared to cluster patients on molecular features more

e�ectively (Figure 4.4e).
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In FL, V-measure for clustering of samples on mutation pro�le was found to be low at

under 0.1 over the cluster range tested. In DLBCL COO expression, this was found to

be considerably higher, especially with Macenko IHC quanti�cation (V-measure value

of 0.2 at k = 4). These results evidenced greater scope for prediction of DLBCL COO

expression than FL mutation pro�le with the features used.

No feature �ltering was used. Di�erences in supervised metric values between IHC quan-

ti�cation methods in DLBCL evidenced that feature choice may have led to considerable

di�erences in clusters. This e�ect was far smaller in FL. Therefore, future feature se-

lection e�orts focusing on those informative of molecular characteristics or survival may

lead to vastly di�erent patient clusters than presented here.

IHC cluster Interpretation

Boxplots of the most signi�cantly di�erent features between IHC clusters (Figure 4.6,

below) were used as a means of interpreting tangible di�erences between clusters.

(a) FL Macenko clusters
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(b) FL DeepLIIF clusters

(c) DLBCL Macenko clusters
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(d) DLBCL DeepLIIF clusters

Figure 4.6: Boxplots of the most signi�cantly di�erent features between
IHC clusters in FL and DLBCL, sorted from lowest p-value (top) to
highest (bottom).
Interpretation of p-values directly was not deemed meaningful follow-
ing clustering (which focused on separation of individuals by the great-
est di�erences). Therefore, p-values were used here to deduce which
features were most di�erent between groups, not for the purposes of
signi�cance testing.

FL

Macenko clusters Cluster 2 displayed almost 2× higher BCL2 staining (0.75 in cluster

2 vs. 0.41 cluster 1) proportion and almost 50% higher CD20 and CD3 positive propor-

tions. Also, slight di�erences were observed in CD79, CD3 and CD20 stain intensity.

DeepLIIF clusters Most di�erences related to total number of cells observed, with

2× greater standard deviation in CD23, CD5 and BCL6 cell numbers within cluster 1

(cluster 2 0.2-0.3 vs. cluster 1 0.55-0.65 for each).
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Discussion BCL2 is produced by most cells in non-cancerous (reactive) lymph nodes,

except naive B-cells undergoing somatic B-cell receptor mutations[183]. CD20 and CD3

IHC stain B- and T-lymphocytes, respectively. Lymph nodes are classically saturated

with naive B-cells in germinal centres (GCs; follicles or sheets in the case of FL and

DLBCL, respectively) and mature B-/T-cells in the inter-follicular regions[30, 183]. Far

lower proportions of all cell markers expected to be present in lymph nodes - B-/T-

lymphocyte markers (CD20 and CD3, respectively) and germinal centre B-cell markers

(BCL2) - evidence low densities of all cells. This may in turn evidence classi�cation of

unintended features of samples, such as �brous, fatty or necrotic tissue. Though HistoQC

likely removed the vast majority of adipocyte (fat cell) masses from analyses, it is possible

that small deposits contained within tissue regions (or �brous regions) escaped the binary

erosion strategy used for masking of fatty regions.

As with Macenko clusters, DeepLIIF clusters di�ered mainly in total cell count features

(number, standard deviation and kurtosis), rather than on proportion of cells predicted

to be positive for IHC stains. These observations evidenced that IHC clustering had

classi�ed FL samples by tissue types rather than on IHC subgroups of lymphoma patients,

with the features used.

2 DLBCL clusters

Macenko clusters Cluster 2 displayed considerably higher proportions of tissue pos-

itive for CD10 (GC marker), BCL6 (transcription factor responsible for regulating GC

B-cell activities), BCL2 (produced by most cells in lymph nodes) and CD20 (a general B-

cell marker) than cluster 1[30]. Additionally, cluster 2 stain intensity was higher in CD3

(general T-cell marker), FOXP1 (produced by B-cells in the mantle zone, surrounding

the GC[183]), BCL2 and CD20.

DeepLIIF clusters Cluster 1 displayed higher proportions of MIB1 staining (Ki67;

a marker of rapid proliferation with classically strong staining in GCs[183]), lower CD5

staining (a marker of T-cells and some dendritic cells[184], expected to primarily stain T-

cell rich regions towards the e�erent lymphatic) and lower standard deviation in MUM1
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staining (expected in B-cells[183]), with respect to cluster 2.

Discussion As with FL, DLBCL Macenko cluster 1 displayed far lower staining of a

range of cell markers, including B-cell (CD20, CD10 and BCL6) and general cell markers

(BCL2), evidencing lower general cell presence. Again, this indicated that di�erences in

tissue characteristics (�brous, fatty, vascular vs. lymph nodes densely-populated with

B-/T-cells) led to the observed clusters.

Conversely, DeepLIIF cluster 1 displayed GC characteristics, with high proliferation rate

(Ki67 staining) and low T-cell presence (CD5 staining). Lower standard deviation in

MUM1 indicates homogeneity in B-cell phase in cluster 1. Multiple stages of consistent

MUM1 presence exist, with high levels associated with early (centrocyte) and late stage

(plasma cell lineage) B-cells[30] and non-GCB expression[25].

3-5 DLBCL clusters

Heatmaps of Macenko IHC features were used to interpret IHC staining characteristics

of the clusters (Figure 4.7, below). Given lower utility of DeepLIIF clusters compared to

Macenko clusters, these were not considered further.

The majority of patients assigned to cluster 1 demonstrated high proportions of CD20

and CD79 staining, with moderate BCL2, CD10 and MIB1 (Ki67) staining. This was

accompanied by high stain intensity in CD20, CD3, CD5, CD79 and MIB1.

Cluster 2 patients generally displayed high proportions of CD20 and CD79 staining tissue,

accompanied by moderately-high stain intensity in CD20, CD3, CD79 and MIB1.

Cluster 3 displayed very high proportions of BCL2, CD20 and CD79-positive tissue and

moderate to high proportions of FOXP1, MIB1 and MUM1 in some patients. This was

accompanied by high stain intensity in BCL2, CD20, CD79 and MIB1.
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Figure 4.7: Heat map demonstrating scaled IHC values, ordered by
Macenko IHC cluster (left column), with cluster colour matched to
Kaplan-Meier estimators: green = cluster 1; grey = cluster 2; orange
= cluster 3. Columns relate to Macenko IHC features while each row
represents an individual patient.

Discussion All clusters displayed moderate to high levels of the B-cell markers CD20

and CD79, as expected for analysis of B-cell rich lymphoid tissue. Cluster 2 was dis-
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tinguished by moderately-high presence of these markers (visibly higher in both clusters

1 and 3) and low proportions of other IHC markers, such as BCL2 and MIB1, present

in the other clusters. This evidenced a general B-cell cluster, demonstrating non BCL2-

mediated apoptosis escape but low proliferation.

Cluster 1 was distinguished through moderate presence of the naive B-cell marker CD10

(rarely observed in the other clusters), BCL2 (higher than in cluster 2 but lower than

cluster 3), the T-cell marker CD3 (visibly higher than in the other clusters) and like cluster

3, high Ki67 levels. This evidenced a germinal centre B-cell pattern of pathogenesis, with

BCL2-mediated apoptosis escape, presence of naive B-cell markers (CD10) and moderate

proliferation rate (Ki67). The nature of T-cell involvement is unclear. Follicular helper

T cells (Tfh) have been implicated in neoplastic B-cell survival in FL and GCB DLBCL

but require BCL6[185], which was observed to be low in most patients of cluster 1. These

T-cells could therefore be cytotoxic CD8 T-cells, mounting immune responses against

DLBCL cells. It was not possible to deduce the lineage of these T-cells without further

IHC markers (CD4, CXCR5, PD-1 and ICOS for Tfh and CD8 for cytotoxic T-cells).

Cluster 3 was distinguished by high BCL2 (low in cluster 2), low CD10 (high in cluster

1), moderate FOXP1 and MUM1 (largely absent in other clusters) and moderate MIB1

(Ki67; absent in cluster 2). This cluster therefore represented activated B-cells (FOXP1

and MUM1, and absence of CD10) with moderate proliferation.

Published algorithms for classi�cation of COO using IHC include:

� Hans algorithm[25], operating on naive B-cell markers CD10, BCL6 and the acti-

vated B-cell marker MUM1 (IRF4)

� Theophraste algorithm[172], operating on CD10, MUM1, and the activated B-cell-

associated FOXP1 and IgM proteins (IgM IHC not performed in this work)

Clear similarities existed between the presented, automated e�ort and these algorithms.

As with the Hans algorithm, presence of CD10 distinguished clusters 2 and 3 (with

considerable populations of non-GCB expression) from cluster 1. BCL6 was found to
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be less informative for distinction of GCB as proportions of positive cases were quite

low. As identi�ed in Section 4.1, Macenko IHC estimation displayed relatively poor

agreement with pathologists in estimation of BCL6. Disagreements in utility of this

marker in GCB estimation may therefore have arisen from poor performance in BCL6

estimation. MUM1 also appeared informative in distinction of GCB-rich cluster 1 and

cluster 3 but less informative in distinction from cluster 2, also less enriched in GCB.

FOXP1 and MUM1, as proposed in the Theophraste algorithm, appeared to distinguish

ABC-enriched cluster 3 well, with almost complete absence in the other clusters. These

results support the Theophraste algorithm as a superior approach to distinction of GCB

and ABC cases.

Neither of the previous algorithms distinguish the general B-cell cluster 2, heterogeneous

in COO expression. Given the highly diverse range of neoplasms classi�ed under the

umbrella term of DLBCL, and the potential for observation bias from analysis of only

1 lymph node in a disease often diagnosed at stages III/IV (systemic disease), poor

resolution of expression groups in this cluster is not unexpected. Bagging, the process of

training machine learning classi�ers to distinguish successively more challenging samples,

may aid in resolving expression groups within this cluster.

Overall discussion on cluster characteristics

2 group clustering In all FL clusters and DLBCL Macenko clusters, the greatest

di�erences between complementary clusters (1 vs. 2) appeared to relate to general cell

density. This evidenced that features used led to clustering on extracellular tissue, such

as fat, necrosis, muscle and �brous tissue rather than on proportions of positively-stained

cells. Samples may therefore have been clustered on the confounding variable of biopsy

site, given di�erences in tissue composition between lymph nodes and even bone marrow

samples included in the HMRN dataset.

Such information may have been clinically-relevant as locations of neoplastic lymph nodes

can be associated to mechanisms of pathogenesis. This is especially valid with respect

to the emerging classi�cation of lymphoma of immune-privileged sites[23], where the
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immune evasion mechanisms present in most cases of DLBCL[186] would likely be less

necessary for tumour survival.

Information on biopsy site was not available at the time of writing. Given challenges

in accurate, standardised and meaningful reporting of biopsy site, there were potential

bene�ts to using the site naive IHC clustering approaches describe.

Finally, DLBCL DeepLIIF clusters appeared to distinguish cases on proliferation rates

(high in cluster 1 and lower in cluster 2) and presence of T-cell subpopulations (low in

cluster 1 and higher in cluster 2).

3-5 DLBCL clusters Overall, comparison of the 3 and 5 cluster approaches evidenced

greater clinical utility in 3 clusters, with respect to expression and survival. Macenko

IHC clusters 1 and 3 were associated with starkly di�erent patient outcomes, with com-

paratively good 5-year OS ( 75%) with cluster 1, enriched for GCB expression, and excep-

tionally poor outcome with cluster 3 (5-year OS of 47%), enriched for ABC expression

patients. These results agreed with observed survival for patients with GCB and ABC

expression[19, 21]. Interpretation of IHC characteristics evidenced BCL2, CD10, FOXP1

and MUM1 as key distinguishing features, of which all but BCL2 have previously been

proposed for classi�cation of COO with IHC[25, 172]. These results evidenced utility of

automated e�orts in classi�cation of IHC subgroups, potentially for triage of high risk,

ABC expression patients.

DeepLIIF features appeared to perform less well than Macenko in clustering, despite

higher agreement with pathologist estimates of positive staining (Section 4.1). Given that

a major di�erence in Macenko and DeepLIIF clustering was inclusion of features irrelevant

in IHC comparison with DeepLIIF, namely those relating to total number of cells detected,

it appeared likely that insu�cient feature selection contributed to poorer clustering with

DeepLIIF. Targeted feature selection for those intuitive in IHC comparison (such as

proportion positive cells) may have improved resolution of clinically-useful clusters with

DeepLIIF features.
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Finally, 74 patients were assigned to the smallest Macenko cluster (3). This was slightly

higher than the smallest FL cluster in binary clustering work (FL Macenko cluster 2 n

= 64) but, taking into account potential for missing or poor quality H&E slides, sample

number was still low for 5-fold cross validation training/evaluation. Since HMRN slide

scanning e�orts were ongoing, the decision was made to await more slides to conduct

training of classi�ers to predict these IHC clusters using H&E.

4.3 Survival Analysis

Overall survival (OS) was compared between IHC clusters using Cox model hazard ratios

(Figure 4.8A, below; complete hazard ratio data provided in Supplementary �les, Chapter

3).

(a) Hazard ratios
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(b) Kaplan-Meier plots

Figure 4.8: Survival analyses conducted on HMRN data, for which
overall survival data was available:
A) Cox model hazard ratios for IHC clusters, �tted using a univariate
approach (errorbars represent 95% con�dence intervals)
B) Kaplan-Meier plots of overall survival
Notes: Cox models were �tted to binary cluster membership (cluster
1 vs. 2).

FL

Cluster 1, identi�ed to have lower cell density above, displayed slight to moderate in-

creased risk compared to cluster 1 in both Macenko (HR 1 vs. 2: 1.34; 95% CI: 0.76-2.35;
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p = 0.31) and DeepLIIF IHC clusters (HR 1 vs. 2: 1.72; 95% CI: 0.98-3.01; p = 0.06).

No di�erences were observed between patients initially undergoing immunochemotherapy

and Watch & Wait (Supplementary �les; section 3; Hazard ratios).

Kaplan-Meier estimators evidenced greatest survival di�erences from two to �ve years

in Macenko clusters, with apparent gradual convergence in OS at 8 years (Figure 4.8B,

top left). DeepLIIF clusters diverged at 5 years with abnormally high event number in

cluster 1 (Figure 4.8B, top right).

Discussion Survival di�erences were slight between clusters. A chance increase in event

number may have been responsible for apparent survival di�erences in DeepLIIF clusters,

since event number was not noticeably di�erent at any other time point.

2 cluster DLBCL

No apparent hazard was observed in Macenko clusters, with HRs close to 1. No di�erence

was observed in Kaplan-Meier plots, either (Figure 4.8B,bottom left). DeepLIIF cluster

1 appeared to have slight increased risk, with respect to cluster 2 (HR 1.22: 95% CI:

0.86-1.74; p = 0.26). Kaplan-Meier plots evidenced that patient survival diverged at 1

year, maintaining survival function di�erence of 0.1 for the remainder of the 8-year period

(Figure 4.8B,bottom right).

Discussion No survival di�erences were observed in Macenko clusters. Patients be-

longing to DeepLIIF cluster 1 appeared to experience greater hazard than cluster 2 after

1 year with visible separation between survival functions till the 5 year timepoint. This

evidenced that cluster 1 patients, found to have higher Ki67 staining and thus, possibly

higher neoplastic cell proliferation rate, may have been at greater risk in the �rst 5 years

post-diagnosis.

3-5 cluster DLBCL

Analyses of Cox model hazard ratios (HRs) and Kaplan-Meier (estimator) plots were

used to assess clinical utility of increased cluster number in DLBCL with respect to
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overall survival (OS). Full HR data provided in Supplementary �les, Chapter 3, HR data

spreadsheet.

Macenko IHC feature cluster 1 was associated with signi�cantly low hazard (HR vs. rest:

0.64; 95% CI: 0.43-0.97; p = 0.03); no hazard was observed with cluster 2 (HR vs. rest:

0.95; p = 0.79) and signi�cantly high hazard was observed with cluster 3 (HR vs. rest:

1.75; 95% CI: 1.19-2.56; p = 0.004; Figure 4.9a).

Kaplan-Meier estimators showed highest OS event rates within 2 years in clusters 1 and

2, followed by relative stability in OS (Figure 4.9b). In cluster 3, high event rates were

observed till 3.5 years after diagnosis. Event rates appeared approximately similar after

4 years.

DeepLIIF IHC clusters appeared to follow two general patterns of OS, with higher hazard

observed in cluster 5 (HR vs. rest: 1.61; 95% CI: 1.02-2.52; p = 0.04) and slight hazard

with cluster 3. Kaplan-Meier estimators showed that, like with Macenko cluster 3, event

rate was comparatively high in the �rst 3 years but very low after this time.

(a) Hazard ratios
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(b) Kaplan-Meier plots

Figure 4.9: Survival analyses conducted on HMRN data, for which
overall survival data was available:
A) Cox model hazard ratios for IHC clusters, �tted using a univariate
approach, against all other clusters (errorbars represent 95% con�dence
intervals)
B) Kaplan-Meier plots of overall survival

Discussion DeepLIIF cluster 5 had the highest proportion of patients with the high

risk ABC expression pro�le (42%)[19]. Higher OS hazard therefore �ts expected sur-

vival trends for this group. Cluster 3 was enriched for the, classically, lower risk GCB

expression though, no reduction in OS risk was observed in this group. Cluster 2 was

enriched for patients with unclassi�ed expression (UNC) and had the best outcomes of

all groups, though no signi�cant reductions in hazard were observed. Overall, clusters 5

and 2 appear most useful with respect to patient outcomes. Analyses of mutation found

that groups enriched for UNC expression had consistently good survival[21], evidencing

that better OS in cluster 2 could also be attributed to constituent expression pro�les.
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Macenko cluster 1 was found to be enriched for GCB while cluster 3 was enriched for ABC

expression. GCB has been found to associate with better survival while ABC associates

with worse outcome[19]. These e�ects appear to largely persist across mutation patterns

(with the exception of better survival with a BCL6 mutation group in ABC)[21]. These

observations evidence that expression pro�le accounts for observed survival.

Overall, the utility of the 3 cluster Macenko method appeared far greater than the 5

cluster (DeepLIIF) approach, though survival in both appeared to be accounted for by

ABC expression and partially by GCB (Macenko) and UNC (DeepLIIF).

Comparison with existing predictors

Overall survival (OS) and progression-free survival (PFS) hazard of IHC clusters were

compared against existing clinical markers of risk including clinical indices, IPI and FLIPI,

expression pro�les in DLBCL (cell-of-origin; COO) and mutation in FL.
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Follicular Lymphoma

(a) OS Follicular Lymphoma

(b) PFS Follicular Lymphoma

Figure 4.10: Hazard ratios for established indices (FLIPI and mutation cluster)
against IHC clusters on HMRN FL data. Notes: survival of groups was com-
pared against reference groups for each index.
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Intermediate and high FLIPI were associated with signi�cant increased OS hazard of 2.87

(p = 0.02) and 5.63 (p < 10−4), respectively (Figure 4.10a). No OS associations were

observed between mutation pro�les or Macenko IHC clusters. DeepLIIF IHC cluster 2

was associated with signi�cantly decreased hazard compared to cluster 1 (HR 2 vs. 1 =

0.54; 95% CI: 0.31 - 0.93; p = 0.03). While this e�ect was far smaller than with high

FLIPI, it was comparable in scale to the OS hazard of intermediate FLIPI. Due to low

event number, PFS comparisons were underpowered in FL (Figure 4.10b). Signi�cant

hazard was only observed with respect to high FLIPI (HR vs. reference = 5.78; p =

0.02).

DLBCL

(a) OS DLBCL
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(b) PFS DLBCL

Figure 4.11: Hazard ratios for established indices (IPI and cell-of-origin, COO,
expression) against IHC clusters on HMRN DLBCL data. Notes: survival of
groups was compared against reference groups for each index.

Increased IPI was found to associate with increased OS hazard (4.11a), from a hazard ratio

of 2.53 for the low/intermediate IPI against the reference group (p < 0.01) to 7.31 for high

IPI (p < 10−12). PFS hazards were comparable in scale (from 2.00 for low/intermediate

IPI to 5.22 for high IPI) and also signi�cant(4.11b). With respect to COO expression

and mutation, signi�cant survival di�erences were only observed in cluster 3 of the (3

cluster) Macenko IHC groups. OS hazard for this group was 1.56 against the reference

(95% CI: 1.04 - 2.34; p = 0.03) while PFS hazard was 1.66 against the reference (95%

CI: 1.06 - 2.60; p = 0.03). These results evidence a more subtle hazard associated with

Macenko cluster 3 than observed with IPI and by extension, clinical characteristics of

patients. Despite this, hazard ratios were of a comparable scale to those observed for
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ABC expression, an established feature of high risk DLBCL.

4.4 Validation

Prediction of IHC clusters in H&E

Graph Neural Network (GNN) models[85] were trained to predict IHC clusters using rou-

tine H&E slide features. Nuclear features describing morphology, intensity and texture

were evaluated as well as self-supervised pathology image embeddings(UNI model fea-

ture[82]).

Optimal feature types were identi�ed using 5-fold cross validation. Performance of mod-

els trained on UNI and nuclear features were comparable, with overlapping interquartile

ranges and no signi�cant di�erences observed (Figure 4.12). Mean performance was

higher for UNI features in prediction of FL DeepLIIF (AUC-ROC UNI 0.85 vs. 0.80

nuclear; Figure 4.12 row 2) and DLBCL Macenko (AUC-ROC UNI 0.68 vs. 0.62 nuclear;

Figure 4.12 row 3) clusters. Nuclear features outperformed UNI features in prediction of

FL Macenko clusters (AUC-ROC UNI 0.66 vs. 0.61 nuclear; Figure 4.12 row 1).
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Figure 4.12: Supervised metric results for classi�cation of IHC clusters
with H&E slide features (errorbars represent 95% con�dence intervals).
IHC cluster types included those �tted with DAB intensity features ex-
tracted using Macenko stain separation (Macenko clusters) and cellular
IHC features extracted using the DeepLIIF model[176]. H&E features
included UNI model embeddings[82] and nuclear features (listed in Ap-
pendix Section 4). P-value key: ns = not signi�cant (at p-value thresh-
old of 0.05).
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Models trained to predict DeepLIIF clusters using UNI features were found to perform

better than those trained to predict Macenko clusters, achieving AUC-ROC of 0.86 in

FL (vs. 0.61 for Macenko clusters; Figure 4.13 top) and 0.74 in DLBCL (vs. 0.68 for

Macenko clusters; Figure 4.13 bottom). At the fold number used (5), these di�erence

were not signi�cant, despite no overlap in interquartile range (Figure 4.13).

Figure 4.13: Supervised metric results for classi�cation of IHC clusters
with respect to the method used to quantify IHC (errorbars represent
95% con�dence intervals). This plot used identical UNI performance
data to Figure 4.12, above, with comparison of performance in predict-
ing types of IHC cluster (quanti�cation methods), with the purpose of
assessing which method was more feasibly predicted in H&E.
IHC cluster types included those �tted with DAB intensity features ex-
tracted using Macenko stain separation (Macenko clusters) and cellular
IHC features extracted using the DeepLIIF model[176]. P-value key:
ns = not signi�cant (at p-value threshold of 0.05).

Discussion Nuclear features have been used extensively for classi�cation in histopathol-

ogy[66, 85, 103, 139]. An advantage is often in ease of interpretability, with di�erences
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between groups clearly explained by di�erences in nuclear populations. The results ob-

served in classi�cation of IHC clusters evidenced slight advantages of patch-based ap-

proaches in some prediction tasks, supporting previous work in prediction of molecular

features[82, 187].

Several factors may have led to marginally lower performance, compared to state-of-the-

art UNI features, in prediction of some IHC clusters. Firstly, nuclear approaches do

not account for di�erences in cytoplasm, which are key for distinction of cells such as

macrophages[188]. Secondly, by considering non-nuclear regions too, patch-level feature

embeddings can inherently contain information on extracellular matrix and microenviron-

ment, which have been evidenced to have involvement in FL[65, 189] and DLBCL[190].

Internal validation

HMRN H&E slides without associated IHC data were used for internal validation of

DeepLIIF IHC cluster patient characteristics: molecular features and overall survival

(Figure 4.14A and B/C, respectively). H&E slides of the DLBCL-MORPH dataset[66]

were used for external validation of DeepLIIF DLBCL cluster features.

(a) Molecular feature contingency
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(b) Hazard ratios
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(c) Kaplan-Meier plots

Figure 4.14: Clinically-relevant characteristics in IHC clusters
(DeepLIIF), predicted with H&E slides. Predicted using UNI feature
embeddings from H&E patches at 20× magni�cation.
A) Contingency matrices of predicted IHC clusters against molecular
features (p-values calculated using χ2 contingency)
B) Cox model hazard ratios (errorbars represent 95% con�dence inter-
vals), �tted to probability of cluster 2 membership
C) Kaplan-Meier plots for predicted IHC clusters, �tted to maximum
likelihood clusters
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Molecular features

No signi�cant di�erences were observed in DLBCL IHC cluster frequency with respect to

cell-of-origin expression (predicted using the Hans algorithm in DLBCL-MORPH).

Signi�cant di�erences were observed in FL cluster frequencies, with higher proportion of

patients bearing COM mutations in cluster 2 and STAT6 in cluster 1.

Discussion Results for DLBCL were consistent with H&E-matched training data (Fig-

ure 4.4E), both not evidencing any di�erences in molecular features between groups. In

FL, validation results were not consistent with training data in evidencing a di�erence

in molecular feature frequency. IHC analyses were not typical for FL in HMRN data,

with fewer than half referred by pathologists (185/403; 46% of all). This indicated that

the cases with IHC data available were more challenging to classify in H&E, requiring

di�erential diagnosis against DLBCL[23, 24]. FL with a di�use pattern (discussed in

Chapter 3 Section 4.6) has previously been found to have higher rates of STAT6 muta-

tion[157�159]. A higher proportion of such cases in the training dataset, referred for IHC

analysis, may have skewed frequency of cases bearing STAT6 mutations. This, in turn,

may have `masked' the e�ect observed in cases not referred for IHC analysis, for which

pathologists were, presumably, su�ciently con�dent of an FL diagnosis.

Survival

Validation data hazard ratios for FL and DLBCL-MORPH were comparable in magni-

tude to those obtained in training data, while HMRN DLBCL validation data HRs were

not. The following results were obtained for overall survival, �tted to SlideGraph model

con�dence of DeepLIIF cluster 2 membership (Figure 4.14B; complete HR data available

in Supplementary �les, Chapter 3):

� FL training data (all treatments) HR = 0.58 (95% CI = 0.33-1.02; p = 0.06) vs.

validation data HR (all treatments) = 0.83 (95% CI = 0.43-1.60; p = 0.58)

� DLBCL training HR = 0.82 (0.58-1.16; p = 0.26) vs. DLBCL-MORPH HR = 0.83

(0.39-1.74; p = 0.62)
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� DLBCL training HR = 0.82 (0.58-1.16; p = 0.26) vs. HMRN DLBCL validation

HR = 1.43 (0.87-2.37; p = 0.16)

Kaplan-Meier estimators were �tted to predicted cluster membership (binarised into clus-

ter 1 vs. cluster 2 using a con�dence threshold of 0.5). Comparison of survival over time

(Figure 4.14C) identi�ed increased event number in FL Watch & Wait cluster 1 pa-

tients between the year 2 and 3 time points, leading to divergence in cluster survival.

Survival in clusters did not appear to diverge for FL patients who initially underwent

immunochemotherapy while DLBCL-MORPH cluster 1 survival appeared slightly, yet

consistently, worse than cluster 2 over all time points. Finally, HMRN DLBCL patients

belonging to cluster 2 experienced increased event number between years 2 and 4, leading

to divergence in survival (with respect to cluster 2).

Discussion In FL, the increased event number observed in training data cluster 1

(at 5 years) was not observed in validation data. Survival was not observed to diverge

between clusters. While somewhat consistent hazard ratio values evidence a potential

slight increased hazard for cluster 1 patients, the sample sizes available were too small to

determine magnitude with acceptable con�dence.

DLBCL-MORPH and training data survival appeared consistent, with higher hazard for

cluster 1 across all time points. HMRN DLBCL validation data appeared consistent with

training data after 3 years, with similar event rates between clusters observed in both

datasets. In both datasets, cluster 1 survival appeared slightly worse than cluster 2 in

the �rst year, with similar di�erence in cluster survival functions (0.10). Validation and

training datasets di�ered in event rate between one and two years, with an 8% increase

in percentage of patients with events (25% in year 1 and 33% in year 2) in training data

and only 2% in validation data (22% year 1 to 24% year 2).

Overall, limited consistency was found in FL survival between training and validation

data, indicating that survival di�erences observed between clusters may not have re�ected

general survival di�erences in FL. On the hand, general consistency in DLBCL survival

between datasets evidence a potential small but general increased hazard in cluster 1
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patients.

Interpretation of H&E models

IHC cluster predictions potentially held valuable insights for use in routine pathologist

analysis of H&E slides. Value was therefore identi�ed in �rstly, explanation of model de-

cisions on H&E and subsequently, interpretation of which slide attributes could feasibly

be used by pathologists.

Important features For model explanation, GNN Explainer[182] was used to deter-

mine UNI feature importance in slide-level classi�cation (Figure 4.15, below). Graph

subnets, as used in previous GNN explanation e�orts[191] were not used due to high

numbers of features with non-zero importance, leading to convoluted subnet representa-

tions.

Correlation (Pearson) was calculated between UNI feature importance and SlideGraph

model con�dence of cluster 2 membership over HMRN validation datasets.
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(a) Follicular Lymphoma

(b) Di�use Large B-cell Lymphoma

Figure 4.15: Association between feature importance and UNI features
for prediction of IHC cluster 2 (in the respective diseases), extracted
using GNN Explainer[182] over the HMRN H&E validation datasets
(FL n = 218; DLBCL n = 178). UNI features (n = 1,024) on the x-axis
are ordered from lowest to highest importance in prediction of cluster
2 (of the respective disease). Each bar represents an individual feature.
Negative Pearson correlation values indicate association between a fea-
ture and classi�cation of cluster 1. Colour used to emphasise correlation
values.
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FL A small number of features were found to have noticeably higher correlation with

predicted IHC cluster. Top features in cluster 1 (negative correlation) and 2 prediction

had correlation values 0.03 and 0.15 greater in magnitude than the next most informative

features (Figure 4.15a; extreme right and left sides). Approximately half of features were

found to correlate weakly with survival, with absolute correlation equal to or below 0.2.

DLBCL In DLBCL, the vast majority of features (over 1,000 of 1,024) were found to

have negative correlation (prediction of cluster 1), with over 80% of features displaying

moderate correlation (r between 0.3 and 0.6) with cluster 1 prediction(Figure 4.15b).

Discussion In FL, the vast majority of features did not appear to be informative,

with fewer than 15% correlating moderately (above 0.3) with model predictions. This

evidenced that a large portion of features used had little impact on classi�cation, poten-

tially negatively in�uencing training and complicating model interpretation. Future work

may aim to improve classi�cation performance, SlideGraph model e�ciency and ease of

classi�cation interpretation through feature selection in data preprocessing.

In DLBCL, a large portion of features displayed moderate correlation between calculated

importance and model classi�cation, possibly as a result of `dropout' during training. In

this process, SlideGraph model perceptrons were randomly masked to promote reliance

on a wider feature range in prediction. As with FL, presence of a large number of features

with similar correlation values with cluster prediction evidenced high levels of redundancy

in features and potentially, unnecessary complication in the SlideGraph model trained.

Combination of features using dimensionality reduction approaches may have aided in

reduction of feature number, while conserving information. As with FL, elimination of

features with low correlation values may have reduced noise and model complexity, also.

Interpretation of patch features

Visual inspection was used for interpretation of tangible H&E features in IHC cluster

predictions (Figure 4.16).
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FL Image patches predictive of cluster 2 were mostly distributed in the interior of tissue,

while those classi�ed as cluster 2 were largely observed in �brous, fatty and tissue edge

regions (Figure 4.16A, bottom). Comparison of patches over a range of con�dence values

identi�ed that �brous and fatty tissue was assigned high con�dence values for cluster 1

(con�dence cluster 2 < 0.2) while no noticeable di�erences were observed in patches with

lower con�dence (con�dence cluster 2 ≥0.2; Figure 4.16A, top).

DLBCL Patches on tissue periphery, vasculature and �brous regions were largely clas-

si�ed as cluster 2 (Figure 4.16B). Nonetheless, no visible distinctions were observed be-

tween clusters in patch images. Interior tissue region classi�cation was observed to be

more heterogeneous than in FL, with more subtle di�erences between clusters.
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(a) Follicular Lymphoma
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(b) Di�use Large B-cell Lymphoma

187



4. RESULTS AND DISCUSSION Chapter 4. Immunohistochemistry clusters

Figure 4.16: Sample H&E patches (top) and regions (bottom) with
corresponding IHC cluster predictions for the FL (A) and DLBCL (B)
classi�ers.
Top) Randomly sampled patches with corresponding IHC cluster pre-
diction (binarised as probability cluster 2 in bottom left of patches)
from highest probability cluster 1 in top left to cluster 2 in bottom
right
Bottom) Sample H&E regions with predicted IHC cluster heatmaps
overlaid. Colour key: Blue = cluster 1; White = uncertain; Red =
cluster 2.

Discussion As indicated in interpretation of IHC clusters (Section 4.2), FL IHC clus-

ter 1 appeared to be de�ned by low cell density and high proportions of �brous, fatty

and vascular tissue. In DLBCL, evidence existed that �brous and vascular regions were

largely classi�ed as cluster 2, but these did not appear to be the sole determinants of

classi�cation. Further interpretation of DLBCL clusters was challenging for a number of

reasons. Firstly, IHC clusters were themselves challenging to interpret, describing dis-

tribution features (kurtosis and standard deviation) not quanti�able, reliably, through

visual inspection. Previous e�orts with success in interpretability, such as the IGUANA

model[191] used visually distinguishable, interpretable features including size and pro-

portion of informative entities. Clustering of IHC data on interpretable features would

likely have resulted in more readily interpretable classi�cation models.

Secondly, UNI features were complex in nature (when compared to morphological features

of nuclei, for example), with high dimensionality (1,024), describing seemingly abstract

properties of images. A small number of these features were found to be more informative

for the classi�cation task than the remainder of features. Selection, training and model

interpretation using that small subset of features would likely have been more e�cient

and feasible.
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5 Conclusions

Quanti�cation of IHC

Both tissue (Macenko proportion positive) and cell-level (DeepLIIF percentage positive

cells) methods of IHC quanti�cation were found to correlate highly with pathologist esti-

mates of CD10, with Pearson correlation above 0.7. Performance was worse in quanti�-

cation of nuclear proteins BCL6 and MUM1 (not signi�cant for DeepLIIF; signi�cant for

Macenko proportion positive tissue, with p < 0.01). DeepLIIF was found to outperform

Macenko (proportion positive) tissue-level quanti�cation in BCL6 and MUM1 (though

not signi�cantly).

Discrepancies between DeepLIIF and pathologist estimates of IHC staining appeared to

stem from disagreement in positive staining thresholds, especially in higher numbers of

false negative classi�cations in regions saturated with IHC staining. Possible solutions to

this disagreement may be in inclusion of unstained `control' regions in DeepLIIF input

data, to enforce appropriate stain normalisation.

Overall, these results evidence some utility of DeepLIIF in quanti�cation of lymphoma

IHC staining. Modi�cations in stain normalisation may lead to better performance

against pathologist estimates still.
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IHC clusters

Figure 4.17: Summary of key cluster features, with respect to clinical
utility:
A) Kaplan Meier estimators of FL training data, with respect to Ma-
cenko feature clusters. Hazard ratios calculated using univariate Cox
proportional hazards models; signi�cance testing performed using the
Wald test.
B) Kaplan Meier estimators of FL validation data, with respect to Ma-
cenko feature clusters.
C) Kaplan Meier estimators of DLBCL training data, with respect to
the 3 cluster Macenko groupings.
D) Contingency matrix of DLBCL training data, with respect to cell
of origin expression and the 3 cluster Macenko groupings. Statistical
signi�cance calculated using the χ2 test.
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In both FL and DLBCL, unsupervised clustering metrics (Calinski-Harabasz score) evi-

denced that 2 clusters were optimal. In FL, cell-level (DeepLIIF) cluster survival patterns

were found to be largely consistent between training data (Figure 4.17A) and validation

data, predicted using H&E slides (Figure 4.17B). Survival hazard was found to be lower

for cluster 2 against cluster 1, albeit not signi�cantly at the sample size used.

With supervised metrics using mutation (in FL[46]) and Cell-of-origin expression (in

DLBCL[47, 145, 146]) as ground truth identi�ed optimal cluster numbers between 3 and

5. Three clusters (�tted to Macenko features) were found to separate patients well on

survival, with signi�cantly lower hazard in cluster 1 and higher hazard in cluster 3 (Figure

4.17C). These clusters were found to be enriched for speci�c expression pro�les, with

signi�cant di�erences in expression pro�le frequency between groups (Figure 4.17D). On

comparison of survival to established indices of risk, such as IPI (DLBCL), FLIPI (FL)

and expression pro�les (COO in DLBCL), FL DeepLIIF cluster 2 was found to associate

with signi�cantly lower OS hazard, comparable in scale to an intermediate FLIPI score.

DLBCL Macenko cluster 3 was found to associate with signi�cantly increased overall

survival hazard, of a comparable scale to low/intermediate IPI score.

In FL, clustering was evidenced to associate with cell density, with lower proportions of

all cells and higher proportions of �brous tissue in cluster 1. Tissue level IHC clusters

(Macenko stain deconvolution features) in DLBCL also appeared to cluster tissue on these

properties, as opposed to staining of lymph-related tissues such as B-cell sheets. These

results, as well as better performance of Macenko IHC (3 cluster approach) compared

to DeepLIIF IHC (5 cluster approach) in stratifying patients evidenced need for more

stringent IHC feature selection to avoid unintended clustering on tissue type.

On the other hand, cell-level IHC quanti�cation (DeepLIIF) of DLBCL appeared to

cluster samples on proliferation and T-cell subsets, with low CD5 staining and high

Ki67 (MIB1) in cluster 1. This cluster was evidenced to have slightly but consistently

worse survival than cluster 2 in training data and DLBCL-MORPH validation data.

This was not observed in HMRN validation data, potentially due to low event number

between years 1 and 2. Consistent performance between 2 of the datasets evidenced an
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e�ect though, sample number was too low to determine hazard ratio within acceptable

con�dence intervals. Clustering of DLBCL patients into 3 clusters identi�ed a cluster (1)

enriched for GCB expression, with higher CD10 IHC staining and better survival (5-year

OS of 75%). Cluster 3 was found to be enriched for ABC expression, accompanied by

higher FOXP1 and MUM1 staining than other clusters and signi�cantly worse outcome

(5-year OS of 47%). Observed survival and IHC estimates agreed with published work

on expression pro�les[19, 21, 172].

H&E for prediction of IHC

Self-supervised pathology image embeddings (UNI[82]) were found to slightly outperform

nuclear features in prediction of IHC clusters using H&E images. Graph Neural Network

models used[85] to predict cell-level IHC clusters, those developed using DeepLIIF IHC

features, outperformed those �tted to tissue level IHC clusters (Macenko stain separa-

tion features), though these di�erences were not sign�cant. Additionally, molecular and

survival characteristics of DLBCL patients were largely consistent between training (pre-

dicted using IHC data) and validation data (predicted on H&E slides).

These results evidenced feasibility in use of routine H&E for prediction of IHC features

in non-Hodgkin lymphoma, potentially adding value where IHC analyses are not deemed

necessary or feasible.

5.1 Limitations

Several limitations were identi�ed in the presented method. Firstly, limited feature se-

lection was performed. In both clustering of IHC and prediction of IHC clusters using

H&E, use of all features complicated interpretation of groups and likely added unneces-

sary noise and redundancy.

Selection of interpretable features for clustering IHC would have improved explainability

and interpretability of downstream processes. Likewise, exclusion of DeepLIIF features

describing total cell number may have led to preferable clustering in FL, which was found

to classify samples on non-cellular features such as �brous tissue content.
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Secondly, suboptimal clustering in FL may have been a result of insu�cient �ltration of

acceptable data, as well as the clustering methods used. For the scale of biopsy slides

assessed (>6,000), manual exclusion of abnormal slides or those without informative ma-

terial was not feasible. More stringent exclusion of data on HistoQC features such as fat

content may have led to improved clustering, on true cellular IHC staining. Additionally,

use of clustering methods with inherent anomaly detection (such as DBSCAN) may have

led to exclusion of abnormal samples, such as bone marrow biopsies, potentially improv-

ing clinical utility of clusters in lymph node biopsy analysis.

Thirdly, only one model architecture and parameter set was used for prediction of IHC

clusters using H&E. Comparison of complementary approaches, such as CLAM[192],

Chowder[193], DSMIL[192] or CTransPath[194] may have identi�ed an architecture more

suited to the presented task. Parameter optimisation may have also led to better perfor-

mance in prediction of IHC clusters using H&E.

Finally, number of IHC and H&E patches sampled (for DeepLIIF quanti�cation and pre-

diction of IHC using H&E data, respectively) was chosen empirically. These sample sizes

were assumed to be representative of slides. Lack of objective evidence for sample size

used mean that it is uncertain whether clusters observed were a product of sampling

errors, and whether su�ciently high sample number was used. Objective e�orts to deter-

mine the minimum representative sample size required of a whole slide image may result

in greater clustering consistency and optimal H&E classi�cation performance.

5.2 Summary of Findings

� Tissue level quanti�cation of IHC (Macenko proportion tissue) correlated with

pathologist estimations of CD10 staining but signi�cantly less well for BCL6 and

MUM1. DeepLIIF IHC quanti�cation correlated with pathologist estimations of

CD10, BCL6 and MUM1, with only slight (not signi�cant) decreases in perfor-

mance observed for the latter 2 stains.

� Clustering of DLBCL IHC into 2 clusters identi�ed a group with increased Ki67

staining (MUM1), decreased CD5 staining (T-cell and dendritic cell subsets) and
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evidence of consistently worse survival (compared to the rest of patients).

� Clustering of DLBCL IHC into 3 clusters identi�ed groups enriched for expression

groups. Survival di�erences and IHC staining agreed with previous e�orts that

utilised direct gene expression or pathologist assessment of IHC for assignment of

expression groups.

� UNI features were found to slightly outperform nuclear features in prediction of

IHC clusters, achieving mean AUC-ROC scores of 0.73 in DLBCL and 0.92 in FL

DeepLIIF cluster prediction, respectively.

� Patient characteristics between validation data (IHC clusters predicted using H&E

slides) and training data (IHC clusters �tted using IHC slides) were largely consis-

tent, evidencing adequate performance in classi�cation of IHC groups with H&E.

5.3 Future Work

The presented IHC clusters were �tted using a wide range of features. Selection of fea-

tures on clinical-relevance, such as on association with survival, mutation or expression

pro�les in future work will likely result in greater cluster utility.

Optimisation of IHC prediction using H&E was limited in the presented work. Future

e�orts with UNI feature selection, comparison of complementary IHC classi�cation mod-

els and parameter optimisation may lead to improved performance in prediction of IHC

clusters using routine H&E slides.

Contributions

All work was conducted by Volodymyr Chapman (UoL). Professor David Westhead (UoL)

provided feedback on methodology throughout.
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Summary of Main Findings

In the work presented, analyses were conducted on the two most common classi�cations

of non-Hodgkin Lymphoma, Di�use Large B-cell Lymphoma (DLBCL) and Follicular

Lymphoma (FL) with the aim of identifying clinically-useful subgroups in routine haema-

toxylin and eosin (H&E) pathology images. Using cellular approaches, e�orts aimed to

�rstly, automate cytological grading in FL; secondly, to identify subgroups in FL and DL-

BCL on cell populations involved and thirdly, to identify subgroups of disease on presence

of lymphoma-related proteins (via immunohistochemistry; IHC).

Cytological grading

Aims

Cytological grading of FL su�ers from poor reproducibility, leading to uncertain util-

ity and con�icting recommendations in use[23, 24]. It is a burdensome task, requiring

quanti�cation of centroblast cells within 10 a�ected naive B-cell regions (follicles). We

aimed to develop an automated grading method, performing follicle region selection and

centroblast quanti�cation. Finally, we aimed to compare predicted grades with clinical

features such as overall survival and mutation pro�les[46] to evaluate clinical utility of

grading.

Findings

Follicular Lymphoma (FL) patients undergoing immunochemotherapy treatment and de-

termined to have high cytological grade (3) by pathologists experienced signi�cantly in-

creased risk of overall survival events, with hazard ratio of 2.62 when compared to similar

patients with lower grade disease (95% con�dence intervals: 1.29-5.32; p = 0.008). This
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e�ect was not observed with classi�cations made using an automated route operating on

H&E slides, in which survival appeared consistently better in the small group of patients

classi�ed.

Evaluation identi�ed that the centroblast classi�cation portion of the automated method

operated well, with good agreement against pathologist estimations (R2 score of 0.68 in

GALLIUM data centroblast counts and Cohen's κ of 0.55 in grading of de�ned regions at

�xed magni�cation) and performance comparable to published methods (achieving sensi-

tivity of 0.90 and F1 score of 0.77), using over 30× more test data than best-performing

published methods (13,558 nuclei vs. 447[62, 129]). Given these results supporting good

performance in quanti�cation of centroblasts, it was hypothesised that automated grading

may classify patients with considerable non-neoplastic centroblast populations (possibly

ignored in pathologist cytological grading), mounting immune responses against lym-

phoma cells.

Limitations and future work

Automated grading of whole slide images displayed poor agreement with pathologist es-

timates, achieving Cohen's κ scores close to 0. Despite moderately good performance of

follicle region classi�cation in H&E (mean DICE score of 0.70), models were found to per-

form far less well against IHC ground truth (naive B-cell marker, CD10), achieving mean

DICE score of 0.41. Poor overall performance in cytological grading was likely caused by

discrepancies between pathologist and machine region selection, in turn possibly caused

by unreliable ground truth.

Future e�orts may use IHC (CD10 and BCL2) as more reliable ground truth for distinc-

tion of reactive (in�ammatory) and neoplastic regions. In this way, it may be possible for

automated procedures to grade similarly to pathologists, using neoplastic regions, and

independently quantify reactive centroblasts as a novel biomarker.

196



Chapter 4. Immunohistochemistry clusters 5. CONCLUSIONS

Cellular phenotypes in non-Hodgkin Lymphoma

Aims

Evidence indicated utility of cell subgroups in FL and DLBCL prognosis[65, 135], with

some evidence in H&E slides[66, 67]. This work aimed to characterise FL and DLBCL

patterns of cell presence in H&E and assess clinical utility with respect to mutation,

expression and overall survival.

Findings

FL and DLBCL patients each clustered into centrocytic and centroblastic subgroups. In

FL, centroblastic phenotypes were associated with the COM mutation pro�le while those

presenting with centrocytic disease had higher frequencies of STAT6 and aSHM mutation

(p = 0.03). No survival di�erences were observed between clusters.

In DLBCL, patients presenting with centrocytic disease were found to be at almost two

times higher risk in the external DLBCL-MORPH validation dataset (HR vs. rest: 1.95;

95% CI: 1.11-3.43; p = 0.02), though this e�ect was not observed in the HMRN dataset.

No signi�cant di�erences were observed in expression pro�le between clusters.

Limitations and future work

A limited subset of features, found to be informative in classi�cation of centroblasts, were

used for clustering of patients. This potentially led to overly-simpli�ed patient subgroups,

insu�ciently representing variation in cell types other than centroblasts. Methods used

to aggregate small scale measurements to whole slide images may have limited infor-

mation and thus, complexity of features used in patient clustering. Future e�orts may

demonstrate improved performance in clustering of non-Hodgkin Lymphoma cells and

patients upon use of a wider range of nuclear features, and methods of aggregation that

maximise information preservation. Inclusion of kurtosis and standard deviation in ag-

gregation, as well as nuclear features describing microenvironment and cells within range

of interactions, may lead to more informative patient clusters.
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Immunohistochemical subgroups

Aims

Immunohistochemistry (IHC) is routine in DLBCL[24] and may have clinical utility in

FL[65, 135] yet, it can present an added burden to pathologist workloads and su�ers from

poor reproducibility[69�71], limiting utility. We aimed to evaluate existing methods of

IHC quanti�cation in FL and DLBCL and use these to subgroup patients. Finally, we

trained classi�ers of IHC subgroups to operate on H&E to assess utility in routine H&E.

Findings

DeepLIIF[176] estimations of IHC staining were found to correlate moderately with

pathologist estimates of CD10 (mean Pearson r = 0.74), BCL6 (mean Pearson r = 0.58)

and MUM1 (mean Pearson r = 0.63), evidencing utility in automation. IHC data op-

timally clustered into two to �ve groups, depending on metrics used. Clustering into

two groups, FL patients were clustered on tissue types present while DLBCL patients

clustered on Ki67 and CD5 staining. Clustering of DLBCL patients into three groups

strati�ed patients on expression pro�les well, with signi�cant di�erences in survival and

estimates of IHC staining agreeing with published work[19, 21, 172]. This work evi-

denced good agreement between e�ects observed using automated quanti�cation of IHC

and those observed with pathologist estimates.

Self-supervised pathology image features (UNI[82]) were found to outperform nuclear fea-

tures in prediction of IHC clusters (generated using DeepLIIF estimates of staining) using

H&E images, achieving AUC-ROC between 0.75-0.80. No signi�cant and consistent dif-

ferences were observed between datasets though, slight increased risk in DLBCL patients

with low CD5 and high Ki67 staining was observed in training and external validation

data (DLBCL-MORPH).

Limitations and future work

Confounding variables, namely presence of fat and �brous tissue were evidenced to have

involvement in FL clustering over staining of a�ected lymph regions. A majority of UNI

198



Chapter 4. Immunohistochemistry clusters 5. CONCLUSIONS

features used for prediction of IHC clusters in H&E were found have limited utility or

high redundancy. Feature selection in clustering and prediction of IHC clusters, as well

as stringent selection of regions with lymph involvement for IHC quanti�cation may lead

to improved model performance in subgrouping and classifying patients.

Findings in context

With respect to key questions raised in Introduction Key questions:

Is there clinical utility to cytological grading in FL? Comparison of pathologist-

assigned low and high cytological grade groups evidenced signi�cantly increased over-

all survival risk with high grade in patients undergoing immunochemotherapy. These

�ndings supported clinical utility of cytological grading in FL patients undergoing im-

munochemotherapy. Yet, results of the automated classi�er evidenced that not all cen-

troblasts may be predictive of poor outcome. Distinction of neoplastic, lymphoma cen-

troblasts and those involved in immune responses against lymphoma cells may reveal a

novel biomarker for FL.

Can cellular subtypes be resolved in routine histopathology slides? With the

features used, nuclei did not cluster into a clear optimum number of types. A greater

range of texture and colour space features may have better resolved cell types in H&E.

Can molecular subtypes, originating from mutation or gene expression pro-

�les, be resolved in histopathology slides? In both FL and DLBCL, nuclear fea-

tures resolved patient subgroups to a degree. A wider range of nuclear features, and

feature selection focused on clinically-useful classi�cations may have better resolved pa-

tient groups.

What is the clinical utility, with respect to OS, of histopathology clusters in

FL and DLBCL? Di�erences between groups (in OS) were found to be subtle in H&E,

but those e�orts focused on use of nuclear features, which were found to underperform in
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prediction of IHC clusters. Emerging trends in histopathology involve use of less intuitive

but, empirically, highly informative feature representations, such as UNI features[82].

These may therefore have far greater value in H&E e�orts focusing on OS in FL and

DLBCL.

In DLBCL IHC, clustering of patients into three groups strati�ed patients on OS risk,

but this could almost completely be attributed to expression pro�le. Existing classi�ers

appeared to stratify OS risk e�ectively. Focusing computational pathology e�orts on

classi�cation of existing clusters (mutation and expression) may lead to good performance

in strati�cation of risk.

Real-world merit of this thesis

Key novelties within this thesis were strategies to cluster patients in FL and DLBCL

on nuclear features (Chapters 2 & 3) and cellular markers (Chapter 4) using routine

H&E histopathology slides. Findings from these analyses have potential value in clinical

practice. In this section, considerations for clinical deployment will be discussed brie�y

in order to highlight challenges and potential solutions for clinical adoption.

Technical

With respect to hardware requirements, all presented techniques were developed and

validated on a medium tier consumer workstation. The presented methods are there-

fore relatively accessible. With further optimisation, for instance through substitution

of HoVerNet[103] for the optimised HoVerFast[181] algorithm in nuclear phenotype in-

ference, technical requirements may potentially be reduced further. In clinical settings

where slides are routinely digitised, automated analysis of H&E lymphoma samples us-

ing the presented techniques would likely not require considerable changes to existing

hardware and work�ows. On the other hand, the digitisation of slides required for all

methods presented is not universally adopted across healthcare providers (at the time

of writing) due to cost and extent of changes required in clinical work�ows. Technical
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considerations for adoption of presented methods therefore largely depend on availability

of slide scanning facilities.

Clinical

Clinical utility was evidenced in FL nuclear phenotypes, where associations were observed

with mutation patterns and in prediction of DLBCL IHC clusters, observed to associate

with high risk expression pro�les, using H&E. In each of these cases, the methods pre-

sented may have utility in automated referral of slides for con�rmatory mutation, gene

expression or IHC analyses in the time that they would be queued for initial pathologist

review in current practice. This may potentially save days in overall turnaround time,

improve healthcare unit performance metrics and lead to faster diagnosis for patients.

Financial

The presented methods aimed to assist pathologist analysis of non-Hodgkin Lymphoma

through automation of time-consuming processes (Chapter 2), determination of features

otherwise not feasible for a human observer to calculate (Chapter 3) and make predictions

otherwise requiring more expensive analyses(Chapter 4). Each of these aims presented

potential �nancial bene�ts also, with substitution of expensive expert time in algorithmic,

repetitive processes with electricity costs; added value in clinical decision-making with

additional features, reducing costs through administration of more e�ective interventions

and thirdly, potential substitution of IHC for H&E in classi�cation of high risk DLBCL.

Finally, if used for reduction in turnaround times as discussed above, higher rates of

compliance with health authority targets may also have a positive �nancial impact for

users.
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Regulatory and Ethical

Current classi�cation

Under the most recent MHRA guidelines[195], the authority responsible for approval of

medical products in the UK, tools such as those presented in this thesis would be classi�ed

as Class II in vitro diagnostic devices (Class II IVD) as they aim to in�uence diagnostic

decisions. For instance, IHC clusters (Chapter 4) would ideally inform clinicians of the

likelihood of a patient's death within 2 years of diagnosis, with the standard of care. The

equivalent body in the US, the FDA recently approved an algorithm, similarly operat-

ing on histopathology images, as a Class II Medical Device[196]. This evidences that a

similar classi�cation will likely apply in the US and more broadly. These classi�cations

require devices to undergo rigorous validation through a 'clinical study', performed on

a dataset representative of the intended patient (as outlined in the joint MHRA / FDA

machine learning principles[197]). The tools presented have been validated on subgroups

of the population, including a population dataset limited to a region of the UK (HMRN

dataset) and global population limited to narrow clinical criteria (GALLIUM clinical

trial dataset). This scope would not likely meet the criteria of a representative dataset,

as outlined by both the FDA and MHRA. So, clinical use of the presented tools (except

under the in-house exclusion[195] within the Leeds Teaching Hospital NHS Trust) would

currently not be advised.

For clinical approval of the presented tools, they would require validation in geographi-

cally dispersed centres with su�cient representation of all patient groups outlined in the

intended use. For instance, approval of the DLBCL IHC clusters classi�er for general use

in the UK would likely require participation of clinics throughout the devolved nations

as well as representation of patients receiving each of the common interventions (R-CVP,

Pola-R-CHP and R-CHOP).

Future approaches

Though not appropriate for clinical decision-making yet, there is scope for more immedi-

ate use of presented tools for purely administrative purposes, where potential harm is far

202



Chapter 4. Immunohistochemistry clusters 5. CONCLUSIONS

less severe. In a more general context or a far narrower scope of utility (not making clini-

cal decisions), requirements for a representative dataset would likely be more manageable.

One such use case may be in arranging cases for pathologist review by cell phenotype. In

this example, the model may ensure that samples with high centroblast presence (typ-

ically treated with immunochemotherapy) are analysed by a pathologist more quickly,

allowing faster intervention while not explicitly in�uencing clinician decisions.

Additionally, the regulatory landscape with respect to use of arti�cial intelligence in the

clinic is in �ux. A recent focus of the authority responsible for determining if and how

interventions are used within the NHS (National Institute for Health and Care Excellence;

NICE) is the development of e�cient processes for validation and approval of AI medical

devices[198]. As such, processes for validating and approving the reported tools will

likely change in the near future. One such recent change has been the establishment

of a National Secure Data Environment, for collation of medical data across dozens of

NHS trusts[199]. Validation of the presented tools on this dataset, representative of the

population of the UK, would likely meet UK clinical study criteria of Class II medical

devices.
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Appendix

1 Chapter 1: Introduction

Magni�cation in digital slides

Magni�cation in traditional pathology relates to the ratio between the perceived size

of an object through a magnifying instrument (image size) and the object's true size,

with the term `size' referring to a length measure. Common magni�cations include 400×,

which would create an image of width 4cm from a biopsy sample of width 0.1mm. Digital

imaging is far less restricted in magni�cation than microscopes - there is a physical limit to

the magni�cation of a microscope while a digital image can be scaled in�nitely - but there

is a limit to the `information' presented. This is limited in large part by the resolution -

the minimum distance that two points can be identi�ed as being distinct - of the image.

In traditional microscopy, resolution is mostly limited by the wavelength of light used

and an observer's eyesight. In digital images, this limit is set by the density of display

units, pixels, which are the minimum unit of distinct colour. Scaling a digital image

many times will increase image size and therefore, magni�cation but will not provide

more information about what is between pixels. `Magni�cation' is commonly used in

digital pathology to communicate the image type and so it is also used in this thesis. For

clarity on the amount of information presented within images, the resolution is reported

in terms of physical distance represented by the side length of a single pixel, µm per pixel.

Throughout the thesis, magni�cations used and respective resolutions are:

� 40×, relating to resolution of 0.25µm per pixel

� 20×, relating to resolution of 0.50µm per pixel

� 1×, relating to resolution of 10µm per pixel
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2 Chapter 2: Cytological Grading

Feature

categ-

ories

Dataset HMRN GALLIUM

Part-

ition
All

All

su�.
Len. Pass

Y

(% )
n

Y

(% )
n

Y

(% )
n

Y

(% )
n

Scan-

ning

Hama-

matsu
0 (0) 308

498

(96.0)
519

380

(100)
380

269

(100)
269

Aperio
308

(100)
308

21

(4.0)
519

0

(0)
380

0

(0)
269

Discrete

features

Male
158

(51.3)
308

232

(44.7)
519

157

(41.3)
380

108

(40.1)
269

Night

sweats

53

(18.1)
293

135

(26.0)
519

98

(25.8)
380

72

(26.8)
269

Fever
0

(0)
297

18

(3.5)
519

15

(3.9)
380

12

(4.5)
269

Weight

loss

44

(14.8)
297

89

(17.1)
519

63

(16.6)
380

44

(16.4)
269

Extra-

nodal

sites

90

(30.1)
299

347

(66.9)
519

248

(65.3)
380

175

(65.1)
269

Marrow

involv-

ement

87

(32.2)
270

263

(51.7)
509

197

(52.8)
373

142

(54.2)
262

Elevated

LDH

55

(19.6)
280

162

(31.2)
519

120

(31.6)
380

84

(31.2)
269

POD24
27

(25.5)
106

73

(14.1)
519

52

(13.7)
380

34

(12.6)
269
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Immuno-

chemo-

therapy

Chemo-

(any)

117

(38.0)
308

519

(100)
519

380

(100)
380

269

(100)
269

Benda-

must-

ine

1

(0.3)
305

338

(65.1)
519

244

(64.2)
380

175

(65.1)
269

CVP
75

(24.6)
305

55

(10.6)
519

33

(8.7)
380

17

(6.3)
269

CHOP
28

(9.2)
305

126

(24.3)
519

103

(27.1)
380

77

(28.6)
269

Other

chemo-

11

(3.6)
305

0

(0)
519

0

(0)
380

0

(0)
269

Imm-

uno (any)

107

(35.1)
305

519

(100)
519

380

(100)
380

269

(100)
269

Rit-

uxi-

mab

107

(35.1)
305

251

(48.4)
519

192

(50.5)
380

129

(48.0)
269

Other

treat-

ments

Palli-

ative

3

(1.0)
308 N/A

Radio-

therapy

67

(21.8)
308

33

(6.4)
519

26

(6.8)
380

15

(5.6)
269

Watch

& Wait

121

(39.3)
308 N/A

Contin-

uous

features

Median

(IQR)
n

Median

(IQR)
n

Median

(IQR)
n

Median

(IQR)
n

Age

62.9

(53.6

-73.0)

308
58.0

(48.0-66.0)
519

57.0

(48.0-66.0)
380

57.0

(48.0-66.0)
269
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ECOG
0.0

(0.0-1.0)
307

1.0

(1.0-1.0)
519

1.0

(1.0-1.0)
380

1.0

(1.0-1.0)
269

Stage
3.0

(2.0-4.0)
273

4.0

(3.0-4.0)
517

4.0

(3.0-4.0)
379

4.0

(3.0-4.0)
268

FLIPI
2.0

(1.0-3.0)
299

2.0

(2.0-3.0)
519

2.0

(2.0-3.0)
380

2.0

(2.0-3.0)
269

PRIMA-

PI

quantile

2.0

(1.0-2.0)
158

2.0

(1.0-3.0)
519

2.0

(1.0-3.0)
380

2.0

(1.0-3.0)
269

Table A.1: Patient characteristics in the HMRN and external validation GALLIUM
datasets. IQR = interquartile range.

Figure A.1: Performance of the H&E Follicle Segmentation Algorithm with respect to
an immunohistochemistry ground truth. The naive B-cell marker CD10 was used for
annotation of ground truth. AJI = Aggregated Jaccard Index. AJI+ = Aggregated
Jaccard Index Plus. DICE2 = Ensemble DICE score. DQ = Detection Quality. PQ =
Panoptic Quality. SQ = Segmentation Quality. Metrics are de�ned in Chapter 2, Section
4.1, Segmentation.
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(a) Registered CD10 IHC slide
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(b) H&E slide
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Figure A.2: Performance of the H&E Follicle Segmentation Algorithm with respect to a
CD10 immunohistochemistry ground truth. Details of the development of the algorithm
are provided in Chapter 2, Section 4.1, Naive B-cell Region Classi�cation. Green = IHC
ground truth annotations. Blue = Algorithm predictions on H&E data.
a) CD10 ground truth and H&E algorithm predictions superimposed on CD10 IHC slide,
used for annotation of IHC ground truth.
b) CD10 ground truth and H&E algorithm predictions superimposed on H&E slide, used
for algorithm prediction.

(a) Permutation importance of nuclear features in classi�cation of cell type

(b) Nuclear classi�er performance with successive Recursive Feature Elimi-
nation
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Figure A.3: Results of nuclear feature selection approaches in predictions of cell type us-
ing nuclear features. Details of the development of the algorithm are provided in Chapter
2, Section 3.8, Machine Learning approach.
a) Permutation importance of nuclear features, measured using decrease in accuracy upon
random shu�ing (permutation) of feature values. Used to gauge utility of features in the
classi�cation task.
b) Random Forest Classi�er performance (macro-averaged F1-score) with successive
rounds of recursive feature elimination (RFE), used to identify optimal feature number
and gauge the most informative features for the classi�cation task. Solid line represents
mean value. Shaded area indicates 95% con�dence intervals of performance, determined
using 5-fold cross validation.

(a) HMRN FL dataset
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(b) GALLIUM FL dataset

253



2. CHAPTER 2: CYTOLOGICAL GRADING Appendix

Figure A.4: Pearson correlation between patient features and binary nuclear features
(membership resulting in a value of 1). Correlation values with p-value greater than
0.05 between groups masked. P-values calculated in a one vs. rest con�guration where
multiple classes existed (AD clusters).
Abbreviations:
ROIs = regions of interest; conc.= concentration, in blood; LDH = Lactate dehydroge-
nase; Hist. Trans. = Histologic transformation; DLBCL = Di�use Large B-cell Lym-
phoma; HM = Haematological Malignancy; NHL = Non-Hodgkin Lymphoma; CB =
Centroblast; AD = Anderson-Darling cluster (also referred to as nuclear distribution
cluster).
* = E�ect observed following Bonferroni multiple testing correction.

Figure A.5: Kaplan-Meier estimator �tted to HMRN dataset progression-free survival
(PFS) events with up to 8 years of follow up. Estimators not displayed for individual
treatment partitions due to low event number.
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3 Chapter 3: Nuclear clusters

(a) Cell clustering on nuclear features

(b) Cell clustering on UMAP embedded nuclear features
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(c) Clustering of FL/DLBCL nuclei on 66 nuclear features

Figure A.6: Assessment of clustering over a range of cluster numbers (K). Clustering
models �tted to linearly scaled nuclear features (a), 2-dimensional UMAP embedded fea-
tures (b) and 66 nuclear features transformed using a range of pre-processing methods
(c). Metric values for K-means clustering models �tted on 177,000 unlabelled nuclei from
a range of Non-Hodgkin Lymphomas (a and b) and 4.6 million nuclei sampled from naive
B-cell regions of FL and DLBCL slides in the HMRN dataset (c).
Homogeneity, completeness and V-measure (a and b, right) calculated on 67,000 nuclei
labelled by a pathologist (A.B.) as centroblast, non-centroblast or non-nuclear. Calinski-
Harabasz (CH) score calculated using input feature values and predicted cluster assign-
ment (a and b, left, and c).
Input feature types (c) key: Raw = unscaled nuclear features; Scaled = linearly scaled
features (to within range of 0 and 1); Raw PCA = unscaled features reduced to 2 principal
components; Scaled PCA = linearly scaled features reduced to 2 principal components.
Solid lines indicate mean performance metric values, over 10 repeats of model �tting.
Shaded areas indicate 95% con�dence intervals. Red, vertical lines in plots a and b indi-
cate the cluster number at which Calinski-Harabasz score (left plots) or V-measure (right
plots) were maximised.
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Figure A.7: Quantitative results of patient clustering in FL(top) and DLBCL (bottom),
using a range of clustering methods.
Left) Calinski-Harabasz score (CH; scaled to dataset size) over cluster number. Solid
lines indicate mean performance metric values, over 10 repeats of model �tting. Shaded
areas indicate 95% con�dence intervals.
Right) Optimal clustering of slides, as measured by CH score for each method in a 2D
UMAP space. Arbitrary cluster membership denoted by colour.
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Figure A.8: Cellular composition of nuclear phenotypes trained on external datasets.
Bars represent mean values for patients belonging to each cluster, with 95% con�dence
intervals (errorbars). Values on the x-axis correspond to linearly-scaled values of cell
proportions (scaled to minimum/maximum values of respective datasets). Y-axis values
relate to predicted cell types, as determined using the pan non-Hodgkin classi�er.

(a) Follicular Lymphoma (FL)
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(b) Di�use Large B-cell Lymphoma (DLBCL)

Figure A.9: Composition of nuclear groups with respect to published molecular groups
in FL (mutation[46]) and DLBCL (cell-of-origin expression; COO[56, 144�146]). Values
represent percentage of each nuclear cluster (x-axis), for samples with available molecular
data. P-values were calculated using Chi2 tests on n×m contingency tables of frequency,
where n = number of molecular groups and m = number of nuclear groups. No multiple
testing correction was applied.
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4 Chapter 4: Immunohistochemistry clusters

Figure A.10: Divergence of imputed data from original data as mea-
sured using Mean Absolute Error (MAE) and p (Welch's t-test). Patient
samples for which complete IHC data was available were used. Propor-
tions of data, as indicated on the x-axis were randomly masked and
values of masked data were imputed (K-Nearest Neighbours model).
MAE and p-values (mean over all feature columns) were calculated be-
tween imputed and original data over 10 repeats. Disease key: FL =
Follicular Lymphoma; DLBCL = Di�use Large B-cell Lymphoma.

Nuclear features

� area

� Eccentricity

� Orientation

� Solidity

� Euler number

� Maximum intensity (red channel)

� Mean intensity (red channel)

� Minimum intensity (red, green and blue channels)
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� Hu moments (1st, 3rd, 4th, 5th and 7th)

� The following central mixed moments up to the 4th order:

� 1st-2nd

� 1st-4th

� 2nd-1st

� 2nd-2nd

� 2nd-3rd

� 2nd-4th

� 3rd-2nd

� 3rd-4th

� 4th-1st

� 4th-2nd

� 4th-3rd

4.1 Evaluation metrics

Segmentation

Segmentation algorithms - those tasked with predicting the boundary of an object -

were used to classify centroblast-rich regions (naive B-cell regions; section 3.7) and the

interiors of nuclei (section 3.6), to guide feature extraction. Segmentation algorithms

performance was evaluated using two complementary types of metric, as previously per-

formend[103]. Firstly, metrics that compared ground truth and predicted segmentation

area only, regardless of the number of distinct objects present or predicted - DICE score,

the Aggregated Jaccard index (AJI) and Segmentation Quality (SQ)[200]. Secondly,

metrics designed to describe quality of individual objects segmented - Ensemble DICE
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(DICE2)[110], Aggregated Jaccard Index Plus (AJI+)[201], F1 score of segmented ob-

jects, referred to as Detection or Recognition Quality (DQ)[200] and Panoptic Quality

Score (PQ)[200].

A limitation of the �rst group of metrics in the proposed use case was that they did

not distinguish between models on ability to segment individual nuclei. This was a core

requirement as bias in distinction of nuclei could have presented a severe confounding

variable in downstream classi�cation of nuclei. Equations for all metrics used are pre-

sented below. For all metrics, higher values indicate better performance with a value of

1 indicating perfect segmentation performance and 0, completely imperfect performance.

DICE:

DICE(X, Y ) =
2× |X ∩ Y |
|X|+ |Y |

(A.1)

DICE is a pixel-wise comparison of a predicted segmentation X, with respect

to ground truth segmentation Y. Where |X ∩ Y | represents the number of

pixels within the intersection of predicted segmentation X and ground truth

segmentation Y and |X|+ |Y | represents the sum of pixels in X and Y. The

classi�cation metric equivalent of DICE is F1-score, the harmonic mean of

precision and sensitivity.

DICE 2:

Ground truth objects Yn; n = 1, ..., p

Predicted segmentation objects Xm; m = 1, ..., q

DICE 2(X, Y ) = 2×
∑

n, m, Yn ∩ Xm ̸=∅ |Xm ∩ Yn|∑
n, m, Yn ∩ Xm ̸=∅ (|Xm|+ |Yn|)

(A.2)

DICE 2 can be interpreted as an object-wise DICE score designed to penalise

algorithms that segment a large number of small objects to �ll a space. It is

calculated between all distinct objects n in the ground truth segmentation Y

and the corresponding subset of predicted objects m that overlap n.

|Yn ∩ Xm| represents the number of pixels within the intersection of ground
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truth object n and predicted object m. |Ym|+ |Xn| represents the sum of the

areas of m and n, in number of pixels.

Aggregated Jaccard Index:

AJI(X, Y ) =
|X ∩ Y |
|X ∪ Y |

(A.3)

Aggregated Jaccard Index (AJI) is a pixel-wise comparison of a predicted seg-

mentation X, with respect to ground truth segmentation Y otherwise known

as Intersection-over-Union (IoU). Where |X ∩ Y | represents the number of

pixels within the intersection of predicted segmentation X and ground truth

segmentation Y and |X∪Y | represents the number of pixels within the union

of X and Y.

Aggregated Jaccard Index Plus:

For ground truth objects Yn; n = 1, ..., p

Predicted segmentation objects Xm; m = 1, ..., q

Unmatched Ground truth objects YnC ; nC /∈ Yn

Unmatched Predicted objects XmC ; mC /∈ Xm

AJI + (X, Y ) =

∑
n, m, Yn ∩ Xm ̸=∅ |Xm ∩ Yn|∑

n, m, Yn ∩ Xm ̸=∅ |Xm| ∪ |Yn|+
∑

nC |YnC |+
∑

mC |XmC |
(A.4)

Aggregated Jaccard Index Plus (AJI+) can be interpreted as an object-wise

AJI, aggregating AJI across overlapping pairs of ground truth and predicted

objects. AJI+ penalises algorithms which predict more than one segmentation

per ground truth object through addition of the areas of unpaired objects to

the denominator. AJI+ is calculated across all distinct objects m in the

predicted segmentation X. Objects m are paired to a maximum of 1 ground

truth object n using maximum pairwise AJI value. |Xn ∩ Ym| represents

the number of pixels in the intersection of predicted object Xn and matched

ground truth object Ym. |Xn ∪ Ym| represents the number of pixels within
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the union of objects Xn and Ym. The areas of unmatched ground truth and

predicted objects Ync and Xmc , respectively, are added to the denominator to

penalise prediction of too few or too many objects, with respect to number of

objects in the ground truth.

Segmentation Quality:

SQ(X, Y ) =

∑(n,m)∈TP
n=0 AJIn,m
|TP |+ α

(A.5)

Where true positive segmentations (TP) are de�ned as predicted objects n

that have Aggregated Jaccard Index (AJI) values above 0.5 with a matched

ground truth objectm. The numerator is therefore the sum of the AJI between

matched pairs of n and m. The denominator is the number of true positives

|TP|. α is a small value (10−6) to prevent zero division.

Detection Quality:

DQ(X, Y ) =
|TP |

|TP |+ 1
2
|FP |+ 1

2
|FN |

(A.6)

Where true positive segmentations (TP) are de�ned as predicted objects in

the predicted segmentation X that have Aggregated Jaccard Index (AJI)

values above 0.5 with a matched ground truth object in the ground truth seg-

mentation Y. False positives (FP) are de�ned as objects predicted in X with

no corresponding objects to be matched against (no objects with AJI ≥ 0.5)

in Y. False Negatives FN are de�ned as objects in Y with no corresponding

objects to be matched against (no objects with AJI ≥ 0.5) in X.

Panoptic Quality:

PQ(X, Y ) = SQ×DQ (A.7)

Panoptic Quality (PQ) is the product of Segmentation Quality (SQ) and

Detection Quality (DQ) for predicted segmentation X, with respect to ground

truth segmentation Y.

264



Appendix 4. CHAPTER 4: IMMUNOHISTOCHEMISTRY CLUSTERS

Classi�cation

Classi�cation algorithms - those tasked with predicting categories of objects - were used

to predict cell type (section 3.8). Cell counts were used to assign cytological grades to

patients (section 3.9). These tasks were evaluated using Accuracy, Precision, Sensitivity,

Speci�city, F1 and Area under the Receiver operating curve (AUC-ROC).

Accuracy:

Accuracy =
TP + TN

TP + TN + FN + FP
(A.8)

Accuracy is the proportion of all objects to be correctly classi�ed. TP = True

positive. TN = True negative. FP = False positive. FN = False negative.

Precision:

Precision =
TP

TP + FP
(A.9)

Precision is the proportion of all objects predicted to belong to a class that

are correctly classi�ed. TP = True positive. FP = False positive.

Sensitivity:

Sensitivity =
TP

TP + FN
(A.10)

Sensitivity (also known as Recall) is the proportion of all objects of a class to

be correctly classi�ed. TP = True positive. FN = False negative.

Speci�city:

Specificity =
TN

TN + FP
(A.11)

Speci�city is the proportion of all objects that do not belong to a class that

are correctly classi�ed as not belonging to the class. TN = True negative.
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FP = False positive.

F1:

F1 =
2× Precision× Sensitivity

Precision+ Sensitivity
=

2× TP

2× TP + FP + FN
(A.12)

F1 score is the harmonic mean of Precision and Sensitivity. The equivalent

segmentation metric is DICE score. TP = True positive. FP = False positive.

FN = False negative.

Area under the Receiver Operating Curve:

AUC−ROC =

∫ 1

0

Sensitivity d(1− Specificity) (A.13)

Area under the receiver operating curve (AUC-ROC) is de�ned as the area

contained under a curve of Sensitivity over False Positive Rate (FPR; equiv-

alent to (1 - Speci�city)), formed by all classi�cations.

Agreement

Agreement is de�ned as level of similarity in exact values, di�ering to correlation which

instead compares change in value over a range of conditions. This was deemed a valuable

comparison in cytological grade, where exact grade assigned (especially grade 3) can be

used in informing treatment choice[24]. Agreement between pathologist and machine

estimates of continuous features (such as number of cells and cytological grade) were

assessed using the coe�cient of determination (R2) and Bland-Altman (B&A) plots.

R2: R2 provided details on how close predicted values were to pathologist estimates,

weighted by variation in pathologist estimates.

The metric value was calculated as follows:
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SSresidual =
i∑

i=1

(yi − hi)
2

SStrue =
i∑

i=1

(yi − ȳ)2

R2 = 1 − SSresidual

SStrue

(A.14)

R2 is a measure of the di�erence between ground truth measurements, y,

and predicted values, h, over all matched datapoints i, weighted by varia-

tion observed in ground truth. SSresidual = sum of the squares of residuals

(di�erences) between true and predicted values. SStrue = sum of the square

di�erences between true measurements and the mean of true values, ȳ. Since

it is possible for the value of SSresidual to be higher than SStrue, R2 values can

be in the interval (−∞, 1]. R2 is not de�ned if all values of yi equal ȳ.

Bland-Altman plots

In B&A plots, residuals of measurements (pathologist estimate - machine prediction) were

plotted on the Y-axis against pathologist estimates on the X-axis. These plots provided

information on[202]:

� Systematic di�erences between pathologist and machine estimates; for instance, a

general under-estimation of grade by 1 unit, compared to pathologists. Horizontal

red, dotted lines were plotted at mean residual values, used to indicate systematic

di�erences in estimates

� Consistency in agreement over a range of measurement values; for instance, demon-

strating consistent agreement in cell counts up to 50 cells but increased disagreement

at higher values
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� 95% con�dence intervals of ground truth (pathologist) estimates were displayed

using grey, dotted horizontal lines on plots. These indicated acceptable limits for

agreement, with proportion of machine predictions falling outside of these limits

used as a measure of agreement quality (higher values demonstrating better agree-

ment).

Clustering

Clustering performance was evaluated using complementary strategies which operated

with respect to:

1. Underlying data structure - Calinski-Harabasz index (CH score)

2. Ground truth labels, assigned by a pathologist - Homogeneity, Completeness and

their harmonic mean, V-measure[150]

For all metrics, higher values indicated better quality of �t. While homogeneity, com-

pleteness and V-measure values were in the range 0-1 and could be directly compared

between experiments, CH score was not bounded and so could only be interpreted through

comparison with other clustering schema on the same data.

In the implementation of Homogeneity and Completeness used[153], only valid combina-

tions of cluster assignment and ground truth object labels αyk are considered - those with

at least one member.

Equations for metrics:

Calinski-Harabasz index:

For data points: {x1, x2, . . . , xn}; their respective assignments to m clusters: {k1, k2,

. . . , km}; centroids of clusters: {c1, c2, . . . , cm} and the global centroid c:

CH =
1

m−1

∑m
i=1 ni ||ci − c||2

1
n−m

∑m
i=1

∑
x∈ki ||x− ci||2

(A.15)
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The numerator represents the mean square Euclidean distance between the

cluster centroid and global centroid, c, with respect to number of clusters m

and weighted by the number of objects assigned to each cluster n. This is

also known as `Between-Cluster Sum of Squares' (BCSS).

The denominator represents the mean square Euclidean distance between data

points x and their respective cluster centroid k, with respect to number of data

points. This is also known as `Within-Cluster Sum of Squares' (WCSS). The

CH score is a measure of cluster dispersion (BCSS), with respect to dispersion

within clusters (WCSS).

Homogeneity: The total number of data points is represented by N, number of objects

in cluster k, Nk, and number of objects of class y, Ny.

For ground truth labels belonging to p classes: {y1, y2, . . . , yp};

assignment of data points to m clusters: {k1, k2, . . . , km}

and total number of data points of each class y belonging to cluster k, αyk: {α1,1, α1,2,

. . . , αp,m}:

Homogeneity = 1− H(Y |K)

H(Y )

H(Y |K) = −
m∑
k=1

p∑
y=1

ayk
N

log
ayk
Nk

H(Y ) = −
p∑

y=1

Ny

p
log

Ny

p

(A.16)

Homogeneity is a measure of cluster purity with respect to ground truth la-

bels. The value of homogeneity approaches 1 as a greater proportion of data

points assigned to cluster k belong to the same class y.

The numerator represents information encoded in ground truth labels Y, given
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clustering K (H(Y|K)). It is a measure of the number of objects of class y

belonging to cluster k, with respect to the total number of objects of class y,

scaled using the total number of objects.

The denominator represents information encoded in Y (H(Y)) and has the

e�ect of scaling (H(Y|K)) to account for imbalance in class labels. It is a

measure of the total number of objects within each class y, scaled by the total

number of objects.

Completeness:

Completeness = 1− H(K|Y )

H(K)

H(K|Y ) = −
p∑

y=1

m∑
k=1

ayk
N

log
ayk
Ny

H(K) = −
m∑
k=1

Nk

m
log

Nk

m

(A.17)

Completeness is a measure of data fragmentation. Completeness approaches

1 as a greater proportion of data points belonging to class y are assigned to

the same cluster k.

The numerator represents information encoded in clustering K, given ground

truth labels Y (H(K|Y)). It is a measure of the number of objects of class y

belonging to cluster k, with respect to the total number of objects of class y,

scaled using the total number of objects.

The denominator represents information encoded in clustering K (H(K)) and

has the e�ect of scaling (H(K|Y)) to account for imbalance in cluster sizes.

It is a measure of the total number of objects within each cluster k, scaled by

the total number of objects.
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V-measure:

Where β is a weight coe�cient, leading to greater contribution from Completeness (C )

as β → 0, and greater contribution from Homogeneity (H ) as β → ∞. A default β value

of 1 led to equal weighting between H and C.

V −measure =
(1 + β) ∗ H ∗ C

(β ∗ H) + C

Default value of β = 1 :

V −measure =
2 ∗ H ∗ C

H + C

(A.18)

V-measure is the harmonic mean of Homogeneity and Completeness. Since

these metrics oppose one another - an increase in cluster number often leads

to a decrease in Homogeneity and increase in Completeness - V-measure can

provide a convenient aggregation.
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