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ABSTRACT

Clinical pathologists have learned to identify morphological qualitative features to characterise
the different normal cells, as well as the abnormal cell types whose presence in peripheral blood
is the evidence of serious haematological diseases. A drawback of visual morphological analysis
is that is time consuming, requires well-trained personnel and is prone to intra-observer
variability, which is particularly true when dealing with blast cells. Indeed, subtle interclass
morphological differences exist for leukaemia types, which turns into low specificity scores in
the routine screening. They are well-known the difficulties that clinical pathologists have in the
discrimination among different blasts and the subjectivity associated with their morphological

recognition.

The general objective of this thesis is the automatic recognition of different types of blast cells
circulating in peripheral blood in acute leukaemia using digital image processing and machine
learning techniques. In order to accomplish this objective, this thesis starts with a discrimination
among normal mononuclear cells, reactive lymphocytes and three types of leukemic cells using
traditional machine learning techniques and hand-crafted features obtained from cell
segmentation. In the second part of the thesis, a new predictive system designed with two serially
connected convolutional neural networks is developed for the diagnosis of acute leukaemia. This
system was proved to distinguish neoplastic (leukaemia) and non-neoplastic (infections) diseases,
as well as recognise the leukaemia lineage. Furthermore, it was evaluated for its integration in a

real-clinical setting.

This thesis also contributes in advancing the state of the art of the automatic recognition of acute
leukaemia by providing a more realistic approach which reflects the real-life complexity of acute

leukaemia diagnosis.

Keywords: Leukaemia; Morphological analysis; Blood cell automatic recognition; Image

analysis; Convolutional neural networks; Diagnostic support.
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CHAPTER 1

Introduction

1.1. Motivation

Severe haematological diseases, especially leukaemia and lymphoma, are common in all the
stages of life. The early detection of leukemic cells in peripheral blood and the possibility of a
subsequent quick treatment are essential for patients’ survival. The World Health Organization
considers morphology, along with other complementary tests such as immunophenotype,
cytogenetic and molecular biology, essential for the integrated diagnosis of haematological
diseases. Nevertheless, smear review is time consuming, requires well-trained personnel and is
prone to intra-observer variability. Most of the morphological descriptions are given in qualitative
terms and there is a lack of quantitative measures. This is particularly true when dealing with blast
cells in acute leukaemia. Indeed, subtle interclass morphological differences exist for leukaemia

types, which turns into low specificity scores in the routine screening.

The haematological diagnosis starts with the morphological analysis and continues with other
more complex procedures such as immunophenotyping, chromosome analysis and molecular-
orientated disciplines, which are available only in highly specialized clinical laboratories because
of the equipment’s costs and the required human skills. In this context, a methodology able to
automatically analyse objective morphological features of blast cells from images obtained
through optical microscope, could be a practical support tool for the morphological diagnosis in

clinical laboratories.

Nowadays, there are automated analysers able to perform an automatic pre-classification of blood
cells based on digital image processing. They show a high efficiency in the recognition of normal
blood cells such as neutrophils, eosinophils, basophils, lymphocytes and monocytes.
Nevertheless, the automatic morphological discrimination of the abnormal cells by these devices
is still an unresolved problem. Moreover, these analysers are not able to discriminate between
myeloid or lymphoid blast cell lineages, which is crucial since the prognostic and immediate

therapeutic consequences drastically depend on this differentiation.
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Image analysis, quantitative morphological features and machine learning approaches have been
the main technological tools adopted in the last decade to overcome such drawbacks. The late
explosion of deep learning has shifted the focus towards new classification models using
convolutional neural networks. This thesis is motivated by the urgent need, as demanded by
clinical practise and featured in the recent literature research, to contribute with new
developments, combining medical, engineering and mathematical backgrounds, to assist the

clinical pathologist reach a faster, more objective and accurate diagnosis of acute leukaemia.

1.2. Objectives

The ultimate goal of this thesis is to develop a complete automatic classification system to predict
the diagnosis of acute leukaemia using digital images of peripheral blood cells. The system input
is a set of cell images of an individual smear, and the output is the prediction of one of the
following diagnoses: myeloid leukaemia, promyelocytic leukaemia, lymphoid leukaemia or

infection. We turn this goal into the problem of recognising the following cell types:

e Malignant leukemic cells: blast cells from myeloid and lymphoid origin and abnormal
promyelocytes.

¢ Non-malignant mononuclear cells: lymphocytes, monocytes and reactive lymphocytes.

To achieve this goal, we follow two alternative directions. The first one is based on machine
learning approaches using hand-crafted features obtained from cell segmentation. The second
approach is based on convolutional neural networks, which autonomously extract their own

features and perform the classification.
The following specific objectives are proposed for the first approach:

1. Obtain quantitative features from each of the segmented regions of interest (nucleus,
cytoplasm, whole cell and peripheral zone around the cell) to characterise the different

cell types under study.

2. Explore several machine learning methods to obtain the best effective classifier along

with the selection of the most relevant quantitative features.

3. Perform a detailed analysis and interpretation of the most relevant features using

statistical tools to understand their importance in the classification.

4. Evaluate the diagnostic performance by means of a proof of concept using smears from

patients with acute leukaemia, infection and healthy controls.
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The following specific objectives are proposed for the second approach:

5. Develop and evaluate a convolutional neural network-based model to automatically

classify images of the six cell groups of interest.

6. Evaluate the diagnostic performance of the convolutional neural network-based model by
means of a proof of concept using smears from patients with acute leukaemia, infections

and healthy controls.

1.3.Research Context

In 2012, a collaboration started between members of the research group CoDAlab (Control,
Modelling, Identification and Applications), in the Department of Mathematics of the Technical
University of Catalonia (UPC), led by Prof. José Rodellar and Dr Anna Merino, who develops
her healthcare, research and teaching tasks at the Biomedical Diagnostic Centre of the Hospital
Clinic of Barcelona. This teamwork arose from the experience of the daily needs in the reference
haematology laboratory of the Hospital Clinic and the incorporation of new laboratory equipment
with software tools, which presented serious limitations for the recognition of malignant cells. A
new research line was initiated to explore the application of digital image processing and pattern
recognition techniques for the automatic classification of lymphoid cells circulating in peripheral
blood, which led to the publication of the first two doctoral thesis by Alférez (1) and Puigvi (2).
Recently, Acevedo (3) presented her doctoral thesis related to the automatic classification of
normal and dysplastic blood cells. In the last years, the research group has identified other key
scenarios where it would be urgent to have computational assistance during the morphological
assessment, such as in the recognition of acute leukaemia, lymphoma, malaria and acquired

haemolytic anaemias.

This thesis has been carried out in the Haematology and Cytology Unit of the Core Laboratory of
the Hospital Clinic of Barcelona, with strong interaction and use of the facilities of CoDAlab at
the Department of Mathematics in the Barcelona East School of Engineering (EEBE); and it has
been conducted within the context of two research projects:

e Characterization and morphologic classification of leukemic cells by means of digital
image processing and pattern recognition to support diagnosis. Project funded by the
Ministry of Economy and Competitiveness of Spain (ref. DP12015-64493-R). The
ultimate objective of this project was the development of an automatic recognition system



Introduction

able to supply an accurate classification among the abnormal leukocytes circulating in

peripheral blood in specific lymphoid neoplasms and acute leukaemia.

e Computational hematopathology: deep learning solutions for diagnosis of haematological
diseases from peripheral blood cell images (CellsiMaticDeep). Project funded by the
Ministry of Science and Innovation of Spain (ref. PID2019-104087RB-100). The main
objective of this project was to develop computational methodologies to assist the clinical
pathologist to reach a reliable diagnosis in acute leukaemia, lymphoma, myelodysplastic

syndromes, malaria and acquired haemolytic anaemias using deep learning techniques.

This work has also been possible thanks to the pre-doctoral scholarship granted by Siemens
Healthineers S.L.U (Erlangen, Germany) to Laura Bold, as a part of a collaborative agreement
with the Hospital Clinic of Barcelona. This made possible to conclude the thesis with an
international internship in the multidisciplinary research group from the Technical University of
Munich and the Department of Technologies for Precision Medicine of Siemens Healthcare

GmbH, located in the Siemens Campus Erlangen and supervised by Dr Gaby Marquardt.

1.4. Thesis Structure

The present thesis consists of seven chapters starting with the introduction where the motivation,
the objectives and the research context are described. Chapter 2 describes acute leukaemia and
also includes their latest classification regarding the World Health Organization. Chapter 3
focuses on the first step of acute leukaemia diagnosis, which is the morphological analysis of
peripheral blood cells. It is the stage where we have applied the computer vision techniques. This
chapter also includes a brief revision of the most important steps for the design and development
of the methodology of this thesis. Chapter 4 is constituted by the first paper derived from this
thesis, which develops a methodology based on traditional machine learning algorithms to predict
the diagnosis of acute leukaemia using peripheral blood cell images. Chapter 5 presents the second
paper in which a deep learning-based system is designed, developed and evaluated for its
integration in a real clinical setting. Following these two chapters is the directors’ report that
supports the presentation of this thesis as a compendium of publications. Chapter 6 summarises
the main results of the articles, and presents a brief discussion on their main contributions. Finally,

Chapter 7 summarizes the conclusions of the thesis and some perspective on future works.



CHAPTER 2

Acute Leukaemia and their Classification

This chapter consists of two sections. Section 2.1 introduces the concept of haematopoiesis.
Section 2.2 describes acute leukaemia and presents their latest classification regarding the 2016
revision of the World Health Organization, which aims that the diagnosis of acute leukaemia is
accomplished through the integration of clinical findings, cytomorphology, cytochemistry,

immunophenotyping, cytogenetics and molecular biology.

2.1. Haematopoiesis

Haematopoiesis is defined as the production, development, differentiation, and maturation of all
blood cells (4) (Figure 2.1). It takes place in the bone marrow and all cellular blood components
are derived from the maturation of myeloid or lymphoid lineages of stem cells, which have two
main basic functions: self-renewal, and differentiation and maturation. The lymphoid stem cell
produces lymphoblasts, which can differentiate in B and T lymphoid cells and natural killer cells.

The myeloid stem cell originates the myeloid, monocytic, megakaryocytic and erythroid lineages.

Once cells have matured, they pass through bone marrow’s sinuses to enter the peripheral
circulation. Peripheral blood (PB) carries the following cell types suspended in plasma, all
essential for immunity and life; erythrocytes (red blood cells), leukocytes (white blood cells) and
thrombocytes (platelets). White blood cells include neutrophils, eosinophils, basophils,
lymphocytes and monocytes. For lymphocytes, there is an extra maturation in the lymph nodes,

where cells learn their defensive role in the immune system.

In normal conditions, there is a self-regulated balance between the quiescence and the ability for
self-renewal of haematopoietic stem cells, which controls the proliferation, apoptosis and
differentiation of the progenitors to mature cells. This results in blood carrying normal cells in the
adequate proportions. Moreover, cell differentiation implies the progressive development of
biochemical, functional and structural characteristics for a specific cell type. Leukocytes express

distinct assortment of molecules on their cell surfaces, cytoplasm and nucleus, many of which
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reflect either different stages of their lineage-specific differentiation or different states of
activation or inactivation. The detection of these clusters of antigens, named clusters of
differentiation (CD), by means of monoclonal antibodies has made possible the characterization
of the different leukocyte subpopulations and their maturation process, which is required for the

diagnosis and classification of the haematological neoplastic diseases (5).
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2.2. Acute Leukaemia Classification

Acute leukaemia are neoplastic diseases of the blood system which are the result of a somatic
mutation in a haematopoietic stem cell which causes a clonal proliferation of immature leukemic
cells. These diseases are characterised by the abnormal proliferation of blast cells in bone marrow,
where causes a replacement of normal cells and a decrease of the three haematopoietic lines in
PB, resulting in anaemia, neutropenia and thrombocytopenia. As a consequence, acute leukaemia
frequently go with infection and/or haemorrhage, and the proliferation of blast cells in other

organs causes hepatomegaly and splenomegaly (6).

Genetic alterations responsible for this leukemic transformation are usually acquired
chromosomic alterations which include the inappropriate expression of oncogenes and function
loss of tumour suppressor genes (those responsible for cellular circle and apoptosis). Oncogenes
may be either normal cellular genes (protooncogenes) which have mutated or are dysregulated,
or novel hybrid genes resulting from the fusion of two genes. In acute leukaemia there is a defect
in maturation, since cells of the leukemic clone continue to proliferate without maturing to end
cells and dying. Moreover, leukemic cells are genetically unstable and further mutations can occur
in these clone’s cells. If one of these new mutations gives the progenitor cell a growth or survival
advantage it tends to replace the parent clone and lead to transformation into a more aggressive

or treatment-refractory form of the disease with an associated worsening of prognosis (7).

The cell in which the leukaemia transformation occurs could be a lymphoid precursor, a myeloid
precursor or a pluripotent haemopoietic stem cell capable of differentiating into both myeloid and

lymphoid cells. Regarding the precursor’s type, acute leukaemia are divided in two main groups:

e Acute myeloid leukaemia (AML) which can emerge from a lineage-restricted cell, a
multipotent stem cell capable of differentiating into cells of granulocytic, monocytic,

erythroid and megakaryocytic lineages, or a pluripotent lymphoid-myeloid stem cell.

e Acute lymphoid leukaemia (ALL) which can emerge from a B or T lineage stem cell, or

occasionally from a lymphoid-myeloid stem cell.

In addition, there are also the mixed-phenotype acute leukaemia (MPAL). It is a heterogeneous
category that compromises acute leukaemia with discrete admixed populations of myeloid and
lymphoid blasts (“bilineal”) or with extensive coexpression of lymphoid and myeloid markers in
a single blast population (“biphenotypic”) (8). However, 1-2% of acute leukaemia could not be

classified, known as undifferenced acute leukaemia.



Acute Leukaemia and their Classification

Independent of the precursor’s type, acute leukaemia could be de novo, if there is no such previous
event to justify their appearance, or secondary, as an evolutive stage of other previous diseases or

due to antineoplastic therapies, such as chemotherapy or radiotherapy.

Acute leukaemia represent the 11" and 10" most frequent cause of cancer occurrence and death
worldwide, respectively, with more than 300,000 deaths estimated in 2018. Acute leukaemia are
aggressive cancers with 1 to 3 new cases per 100,000 habitants per year with a predominance in
masculine sex. The incidence of AML increases with age, from 1.3 cases per 100,000 habitants
in patients less than 65 years old, to 12.2 in those over 65 years old. Even with the current
treatments, as much as 70% of patients 65 years or older will die of their disease within 1 year of

diagnosis (9,10). With respect to ALL, they represent the 15% of the total cases in adults.

Regarding the clinical and biological manifestations leading to suspicion of acute leukaemia
include pallor, fever or other signs of infection, petechiae and other haemorrhagic manifestations,
bone pain, hepatomegaly, splenomegaly, lymphadenopathy, gum hypertrophy and skin
infiltration. The proliferation of blasts and their spread all over bone marrow have in consequence
a medullar failure, along with cytopenia in PB (anaemia, neutropenia and thrombocytopenia).
Haemorrhagic episodes are frequent especially in acute promyelocytic leukaemia patients who
can suffer severe bleeding and disseminated intravascular coagulation. Leukocyte value is
variable, although in general an increased value indicates an unfavourable prognosis. The most
frequent biochemical parameters are hyperuricemia and the increment of lactate dehydrogenase.
The gingival hypertropia is associated with acute monocytic leukaemia because of the tendency
of these blasts to infiltrate the gingival tissue (6,7). A suspicion of acute leukaemia generally leads
to perform a blood count and film and, if this shows relevant abnormalities, the bone marrow

aspiration is proceeded.

Making an accurate diagnosis of haematological neoplasms is crucial for the selection of their
most appropriate treatment. Since there are many different types of leukaemia differing in the cell
lineage affected, natural history, optimal choice of treatment and prognosis; their classification is

essential as it permits to develop selective evidence-based therapeutic approaches.

The diagnosis and classification of acute leukaemia was initially based on morphology. Between
1976 and 1999, a collaborative group of French, American and British haematologists (the FAB
group) proposed a classification of acute leukaemia based on morphology supplemented by
cytochemistry and to some extend by immunophenotyping (11-13). Over the years, the FAB
classification has been replaced by the World Health Organization (WHO) Classification of
Tumour of Haematopoietic and Lymphoid Tissues (14,15). In 2001, the WHO expert group, in

conjunction with the Society for Hematopathology and the European Association of
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Hematopathology, proposed an updated system for the classification of leukaemia and lymphoma
not only based on morphology, but also it incorporated clinical features, immunophenotyping and
the results of cytogenetic and molecular genetic analysis. In 2008 and 2016 further updating of
the WHO classification provided new knowledge and great importance to molecular genetic
features (16,17).

Summarizing, acute leukaemia are a group of heterogeneous blood-related cancers, differing in
their aetiology, pathogenesis, prognosis and response to treatment. The aim of their classification
is to reduce this heterogeneity and to identify biologically different groups in order to improve

the therapeutic options and patient’s prognosis (18).

2.2.1. Acute Myeloid Leukaemia

Acute myeloid leukaemia (AML) are clonal expansions of myeloid blasts in PB, bone marrow or
other tissues, which lead to proliferation alongside differentiation block and maturation arrest.
The most frequent clinical symptoms of AML are the following: bone marrow failure and in
consequence anaemia, neutropenia and thrombocytopenia; extramedullary involvement in other
tissues/organs, such as skin, gum, central nervous system or other; proliferative symptoms;

coagulopathy, leukostasis and metabolic disorders (lysis tumour syndrome) (17,19).

Myeloblasts are immature cells of variable cell size (15-25 um) with high nucleus-cytoplasm
relation. Their nucleus has a round outline, which sometimes adopts a quadrangular position
depending on its cytoplasm, and shows dispersed and immature chromatin with 1-2 visible
nucleoli. They have a basophilic cytoplasm, often containing a hint of primary azurophil
granulation. Occasionally, blasts show a single long and sharp rod with sharpened ends (Auer
rods) (Figure 2.2B), or large granules (pseudo-Chédiak-Higashi) suggesting abnormal granules’
fusion (20).

In addition to the usual morphological features of myeloid blasts, cytochemistry show
myeloperoxidase (MPO) reactivity and the non-specific esterase reaction may be negative or
weakly positive, although monoblasts and promonocytes are usually strongly positives.
Immunophenotype in AML shows granulocytic (CD13, CD33, CD15, CD65, MPO positive) or
monocytic (CD14, CD4, Cd11lb, CD11c, CD64, CD36, lysozyme positive) lineages or immature
blasts with high CD34 and CD117 expression (17).

10
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A . B C D

Figure 2.2. Myeloid blast cells. (A) Myeloblast with its nucleus adopting a quadrangular position
(arrow); (B) Myeloblast with an Auer rod (arrow); (C) Abnormal promyelocyte with prominent
splinters (arrow); (D) Monoblasts with cytoplasmic vacuoles.

The PB smear of AML patients shows leucocytosis, anaemia and thrombocytopenia.
Leucocytosis reflects the presence of circulating blast cells, while the number of neutrophils is
usually reduced and few cells of intermediate stages of maturation are seen (promyelocytes,
myelocytes and metamyelocytes). A minority of patients could present an increased number of
eosinophils and, considerably less often, of basophils. Moreover, there may be evidence of
dysplastic maturation such as poikilocytosis and macrocytosis, hypolobulated or agranular

neutrophils, or hypogranular or giant platelets.

Morphology is the starting point for the diagnosis and classification of acute leukaemia, although
immunophenotyping, cytogenetic and molecular genetic analysis also provide crucial diagnostic
information. This is why an ideal classification must incorporate all these elements (21,22). The
FAB classification published in 1976 was only based on the morphological characteristics of
blasts, the cell line affected and their maturation stage, which was further supplemented by
cytochemistry and immunophenotyping to distinguish the following morphological types of
AML:

e MO (undifferentiated AML) e M4 (acute myelomonocytic leukaemia)
o M1 (AML without differentiation) e M5 (acute monocytic leukaemia)

o M2 (AML with maturation) e M6 (acute erythroid leukaemia)

e M3 (acute promyelocytic leukaemia) e M7 (acute megakaryocytic leukaemia)

In 2001, the WHO introduced a new classification system as an effort to integrate advances made
in the diagnosis and management of AML. The 2008 WHO classification and its 2016 revision
incorporated genetic information with morphology, immunophenotype and clinical presentation
to define the seven major disease entities summarised in Table 2.1 (14). The WHO criteria for
regarding a patient as presenting an AML is to have at least 20% of blast cells in bone marrow or
PB, whereas the threshold of the FAB classification was 30% and only applied to the bone

marrow. The WHO classification is hierarchical, as shown in Figure 2.3, with therapy-related

11
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cases being assigned first, then cases with specific recurrent genetic abnormalities followed by
cases with myelodysplasia-related changes. Finally, when they cannot be assigned to any
recognizable cytogenetic/genetic categories, the classification is based on cytological features.
Moreover, myeloid neoplasms associated with Down syndrome and blastic plasmacytoid

dendritic cell neoplasm are assigned to two separate specific entities (7,17).

Table 2.1. The 2016 revision of the WHO classification of acute myeloid leukaemia (AML).

AML with t(8;21)(g22;g22.1); RUNX1-RUNX1T1
APL with t(15;17)(g24.1;921.2); PML-RARA
AML with inv(16)(p13.1922) or t(16;16)(p13.1;922); CBFB-MYH11
AML with £(9;11)(p21.3;023.3); KMT2A-MLLT3
AML with recurrent AML W!th F(6;9)(p23;q34.1); DEK-NUP214
AML with inv(3)(g21.3926.2) or t(3;3)(g21.3;926.2); GATA2, MECOM
Acute megakaryoblastic leukaemia with t(1;22)(p13.3;9q13.1); RBM15-MKL1
AML with t(9;22)(g34.1;q11.2); BCR-ABL1
AML with NPM1 mutation
AML with biallelic CEBPA mutation
AML with RUNX1 mutation

genetic abnormalities

AML with myelodysplasia-related changes

Therapy-related myeloid neoplasms

AML with minimal differentiation
AML without maturation
AML with maturation

AML-NOS Acute myelomonocytic leukaemia
(not otherwise Acute monoblastic/monocytic leukaemia
specified) Acute erythroid leukaemia

Acute megakaryoblastic leukaemia
Acute basophilic leukaemia
Acute panmyelosis with myelofibrosis

Myeloid sarcoma

Myeloid proliferation
related to Down
syndrome

Transient abnormal myelopoiesis
Myeloid leukaemia associated with Down syndrome

Blastic plasmacytoid dendritic cell neoplasm

APL, acute promyelocytic leukaemia. Adapted from Arber et al. 2017 (23).

13



Acute Leukaemia and their Classification

'SOLI0TA1ED SBIUALYNI] JOYIO JOJ BLIDILID ONSOUTEIP IOPISUOD OS[Y 4

v - : "(LT) 8102 "V OulIs N

TVdN -
ny - woiy pardepy "elwaeyna] pioydwA] sinde ‘v ‘elwaeyna] awnde adAousyd
oadd - ‘ ‘ 1 ‘
Pt +pop1oeds -paxiW VN ‘elwaeyna| palenualajiipun sinde Ny wsejdosu (182 dnLpusp
proxypAio
o_z_%sﬁwu . el ca0d TRV projAoewseld onse|q ‘Dadg :wsejdosu sAnesajijoidojeAw ‘NN ‘8WOIPUAS
L 15030 J9pISTO) e onse|dsApojaAw ‘SN ‘Molrew suogq ‘NG ‘poolq [essyduad ‘gd “papnjoul
kPl +
X 10U 3aJe ewoaJtes plojaAw pue swsejdosu pIojoAW PaleIdOSSE-3aWO0IPUAS UuMoQ
Juasaid spo sony "OHM 341 JO UOISIN3I 9TOC 341
10 J0/pue
o Swwmwmﬁa s Buipaebal (TIAV) elwseyna] plojaAw alnoae Jo sisoubelp ysijdwoase 03 paulgquiod
ale uolewIo Ul JUBAS[a) JO $821N0S snoLieA moy Buimoys wyiiobly €' aanbi4
%0¢€ < S1sejqoaypAiooxd pue
ON ﬁ NE U %08 Mn-mu_ne_ﬂbmq s «Sa8ueyd pajejar
San T SaN -eise[dsApojoku
IopIsuo) JOPIFROD) s TAY
Wa/dad ut Wa/dd ut
ON %07 Z SIsegl s ON %02 < Siseld B
ON
3
Ayeuniouqe o1nauad(0142) pajejor
-SAN 10 NdW/SAN ‘San jo SAA
K101s1Y * eIse[dsAp oBrournNN
91:910 »Ajeuuouqe
10 (9)Aur onpuad
ON 10 (LISSIH Sax — JUDLINODI
o (17'sh L Lo (Nd/SAN- ‘SAN-Y)
i um; swsejdoou projoAw m\uuﬂ,__u
el A BruISEyNO| vswﬂw.ﬁwuﬁwﬁu Adeqy
ON 112ua3(0}40) JuaLm SdA onkoopokuord 5 1
PABIOOSSE-TINY 9INOE IAPISUO))
1 *7 ON SHA
na/ad
ON ur guo—ohaan— SAA d/dd ut

%0T < si1seld

[BULIOUQE JO 9SBAIDU]

SIA

‘paxnbai uoneuuyuos sidAjoudydounurwiy , . .
“Soul] [[09 7 158a] 18 Ul BIse[dSAP %0S5< xx

(51123 00S) WP A
(51192 0027) WP 9d




Acute Leukaemia and their Classification

AML with recurrent genetic abnormalities

This entity includes AML with recurrent genetic abnormalities, most of which correspond to
balanced translocation/inversions. A bone marrow or PB blast count of 20% is required, except
for AML with t(15;17), t(8;21), inv(16) or t(16;16) (23). Moreover, it includes the category of
AML with gene mutations. AML with NMP1 and biallelic CEBPA have been incorporated, and

AML with RUNX1 mutation has been added as a new provisional entity.
AML with t(8;21)(g22;922.1); RUNX1-RUNX1T1

This category is characterised by the first balanced translocation discovered in AML by Rowley
in 1972 (24). It predominates in younger patients and approximately represents the 8% of the
AML cases. The presence of this translocation is diagnostic of AML itself regardless of the blast
count. In normal conditions, RUNX1 heterodimerizes to bind DNA and recruit lineage-specific
transcription factors to regulate the differentiation of haematopoiesis. The fusion product RUNX1-
RUNXA1T1 result of the translocation in this core-binding factor turns genes off, and therefore,

blocks the differentiation of blood cells and leads to the production of myeloid blasts (25,26).

Typically, it is characterised by the presence of large blasts with abundant basophilic cytoplasm
containing azurophilic granules and occasional Auer rods. Their nuclei are common indented or
cleft with large nucleoli. Promyelocytes, myelocytes and mature neutrophils are commonly
dysplastic. Eosinophil precursors are frequently increased in bone marrow, but they do now
present morphological and cytochemical alterations associated with AML with abnormalities in

chromosome 16. It could also be seen an increased number of basophils.

Immunophenotypically blasts express the classical markers of immaturity, CD34 and CD117,
together with CD13, CD33. Cytoplasmic MPO is positive. Maturation of a proportion of blasts
towards the neutrophil lineage translates into some expression of CD15 and/or CD65 but not
CD11b. Many cases show aberrant weak CD19 expression. Other B-lineage antigens that could
be found are PAX5, CD79a and TdT (27).

AML with RUNX1-RUNX1T1 is categorised into a favourable cytogenetic risk group in both
children and adults because of the usually good response to chemotherapy. However, several
somatic mutations affecting diverse cellular pathways in AML have been identified as poor
prognostic factors. These include genes encoding for chromatin modifiers (ASXL1, ASXL2, EZH2,
KDMG6A), cohesin complex (RAD21, SMC3, SMC1A) and signalling pathways (KIT, FLT3,
NRAS) (28,29).

15
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Acute promyelocytic leukaemia with t(15;17)(g24.1;921.2); PML-RARA

The predominant cell in this AML type is the abnormal promyelocyte because of the characteristic
translocation between chromosomes 15 and 17, in which part of the PML gene in chromosome
15 fuses with part of the RARA gene in chromosome 17. The resulting fusion protein PML-RAR«
not only is unable to block cell proliferation or induce apoptosis, but it also represses gene
transcription. This ends with the differentiation pathway of leukocytes blocked at promyelocyte
stage and an abnormal proliferation of these cells (17). The latest 2016 WHO classification
emphasised the significance of this cytogenetic rearrangement by renaming this category as acute
promyelocytic leukaemia (APL) with PML-RARA. The detection of this translocation is
diagnostic of APL despite the blast count and it is of utmost importance because patients can
suffer severe bleeding and disseminated intravascular coagulation with patients’ death (30,31).
APL predominates in adults in mild-life, although it can occur at any age, representing the 5-8%
of AML cases.

It is of great importance to distinguish between the two morphological variants of APL as they
have different immunohistochemical and genetic features, as well as, clinical and prognostic (32—
34). The hypergranular APL is the most frequent variant representing the 60-70% of cases. These
abnormal promyelocytes present a bilobed nucleus outline and their cytoplasm contains densely
packed large granules with sometimes the presence of splinters (see Figure 2.2C). The
hypogranular APL is also characterised by bilobed nuclei, and there is often a negative image
between lobes. There is an absence of granulation and they show a more basophilic cytoplasm
than hypergranular abnormal promyelocytes. From a morphological point of view, the differential
diagnosis of these hypogranular blasts should be made with respect to monocytic blasts and
myeloblasts with nucleophosmin (NMP1) gene mutation. The white blood cell count is often
normal or low in the hypergranular APL, while tends to be elevated in the hypogranular variant.
The hypogranular APL has a worse prognosis and represents the 15-20% of the total APL (6).

Regarding the immunophenotype of abnormal promyelocytes, they express characteristic myeloid
markers such as CD13, CD33, and often CD117. However, they lack of expression of HLA-DR
and CD34, which is not APL specific. They also present strong expression of cytoplasmic MPO,
while CD15 and CD16 present on neutrophils are absent. There is also lack of expression of 2
integrins (CD18 p-chain and CD1la, CD1lb or CD11 a-chains) (17,27). Abnormal
promyelocytes are highly sensitive to anthracycline-based chemotherapy and they differentiate in
response to ATRA (all-trans-retinoic acid). In addition, those cases of relapse or refractory APL

show good response with arsenic trioxide therapy.
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AML with inv(16)(p13.1922) or t(16;16)(p13.1;922); CBFB-MYH11

AML with inv(16)(p13.1922) or t(16;16)(p13.1;q22) represents one of the most common
subtypes of de novo AML cases, compromising 10% of AML in adults and 6% in children. This
chromosomal abnormality causes a fusion of the core-binding factor subunit 3 (CBFB) gene at
16¢22 and the gene encoding for the smooth muscle myosin heavy chain 11 (MYH11) at 16p13,
creating the chimeric gene CBFB-MYH11. The resulting fusion protein interferes with the
formation of the core-binding factor complex and blocks the differentiation of hematopoietic cells

(35,36). The presence of this genetic abnormality is diagnostic of AML regardless the blast count.

This AML category is generally associated with acute myelomonocytic leukaemia with an
increase of abnormal eosinophils and their precursors showing abundant and large basophilic
granules in bone marrow. In PB myeloblasts, monoblasts and promonocytes can be observed.
Monocytic blasts have a big size, moderate nucleus-cytoplasmic relation and changeable

basophilia. Their nucleus could be round, kidney-shaped or irregular with prominent nucleoli.

The immunophenotype reveals multiple populations, including an immature blast population
expressing CD34 and/or CD117 and groups of cells exhibiting granulocytic (CD13, CD33, CD15,
MPO) or monocytic (CD4, CD11b, CD11c, CD14, CD64) markers. The incidence of extra-
medullary disease is higher than for most types of AML, with a predominance in the central
nervous system. Similar to AML with t(8;21), this core-binding factor leukaemia has a favourable
prognosis, although KIT mutations are present in approximately 30% of cases and negatively

impact in adults’ prognosis (17).
AML with t(9;11)(p21.3;923.3); KMT2A-MLLT3

This AML is characterised by the rearrangement of the histone-lysine N-methyltransferase 2A
(KMT2A) gene, previously known as MLL, which encodes a transcriptional coactivator that plays
an essential role in regulating gene expression during early development and haematopoiesis. This
genetic alteration is seen in 5% of de novo adults and up to 22% of paediatric patients. Patients
suffering from AML with t(9;11) are at increased risk of disseminated intravascular coagulation
and have a predominance for extramedullary disease, such as myeloid sarcoma or tissue

infiltration, commonly in the gingiva or skin (37).

Although there are not specific morphological features distinctive of this category, AML with
t(9;11) is usually associated with those of acute monocytic leukaemia. Monaoblasts are large cells
with intensely basophilic cytoplasm and round nuclei with immature chromatin and large nucleoli
(see Figure 2.2D). Promonocytes are often present, with a more mature-shaped nuclei but

retaining immature nuclear chromatin. The immunophenotype shows the presence of monocytic
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markers (CD14, CD64, CD11b, CD11c and CD4). Moreover, blasts may vary from expressing
myeloid-associated antigens (CD13 and CD33) and, are usually CD34 and MPO negative with
variable CD117 and CD56 reactivity (17,27).

AML with KMT2A-MLLT3 is related to intermediate risk disease, with a complete remission rate
similar to that of normal AML Kkaryotype. Occasionally, point mutations of FLT3 may occur in
this AML category and are currently of unknown significance. However, an overexpression of

MECOM (EVI1) is associated with a very poor prognasis (37).
AML with t(6;9)(p23;q34.1); DEK-NUP214

In AML with t(6;9) occurs a head-to-tail rearrangement with part of the DEK gene at chromosome
6 and part of the NUP214 gene (previously known as CAN) in chromosome 9, forming the fusion
protein DEK-NUP214. It compromises less than 1% of cases of AML. This category sometimes
presents as AML with maturation and sometimes as acute myelomonocytic leukaemia. It is
associated with basophilia and multilineage dysplasia. It is common an increase of basophils in
PB and bone marrow, and in some patients, of eosinophils in bone marrow. The characteristic
immunophenotype is the expression of MPO, CD117, CD123, HLA-DR, CD33 and CD13
together with CD9 and CD38, with variable expression of CD15 and CD34. In some cases, TdT
is expressed, and those cases with monocytic differentiation may show expression of CD4 and
CD64 (7,17).

In AML with t(6;9), this is the unique cytogenetic abnormality in about 80% of patients, being
trisomy 8 and 13 the most frequent additional abnormalities. FLT3-I1TD is found as a second
genetic event in up to 70% of adult patients and about 40% of children, whose prognosis is not
significantly worsened. The prognosis of this category is poor and the complete remission rate is

around 40% being the 5-year survival very low (7,37).
AML with inv(3)(q21.3926.2) or t(3;3)(q21.3;926.2); GATA2, MECOM

AML with inv(3)(q21.3926.2) or t(3;3)(921.3;926.2) represents about 1% of AML cases. The
molecular mechanism that takes place in this category is a juxtaposition of the region surrounding
the RPN1 gene in 3921 with the MECOM (also known as EVI1) gene at 3g26.2, causing a
reposition of a distal GATA2 enhancer, which induces the transcription of MECOM instead of
GATA2 and thus promotes leukemogenesis. MECOM is implicated in the maintenance and
expression of normal haematopoietic stem cells and GATA2 gene encodes an essential protein for
the regulation of transcription of genes involved in the development and proliferation of

haematopoietic and endocrine cell lineages (17,23).
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In this category of AML, multilineage dysplasia and atypical megakaryocytes are common
findings. Differentiation can be granulocytic, myelomonocytic or monocytic, although
megakaryocytic is over-represented. Regarding blasts’ immunophenotype, they express CD34,
CD13, CD33 and HLA-DR, with aberrant expression of CD7 in some cases. Megakaryocytic
differentiation can be confirmed by CD41, CD42 and/or CD61 positivity (6).

Acute megakaryoblastic leukaemia with t(1;22)(p13.3;913.1); RBM15-MKL1

AML with t(1;22)(p13.3;913.1) represents less than 1% of cases of AML. This translocation is
associated with acute megakaryoblastic leukaemia, and results in the fusion of RNA-binding
motif protein-15 (RBM15) and megakaryoblastic leukaemia-1 (MKL-1) gene. The chimeric
protein RBM15-MKL1 deregulates RNA processing and Ras/MAP kinase signalling and ends
altering the normal proliferation and differentiation of megakaryoblasts (38). This type of AML

predominantly occurs in infants rather than in adults.

Blast cells show characteristic morphological features of megakaryoblasts. They are very
immature and highly polymorphic. Their nucleus is eccentric with dispersed chromatin and 1-3
prominent nucleoli, and their cytoplasm is basophil and reminds of circulant platelets (Figure
2.4A). Micro-megakaryocytes and megakaryoblastic elements can also be found in PB with a
huge platelet dysmorphia. Immunophenotypically, there is expression of platelet glycoproteins
suchas CD41 and CD61, and some cases may express CD56. Myeloid antigens (CD13 and CD33)
may be expressed while CD34, CD45 and HLA-DR are usually negative (7,17).
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Figure 2.4. (A) Blasts characteristic of acute megakaryoblastic leukaemia. (B) Myeloblasts with
the “cup-like” nuclear inclusion (arrow) characteristic of NMP1 mutation. (C) Blasts from a
blastic plasmacytoid dendritic cell neoplasm.
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AML with t(9;22)(q34.1;q11.2); BCR-ABL1

This is a new provisional category of AML in the WHO classification 2016, because of the
significance of distinguishing from a diagnostic point of view de novo AML with BCR-ABL1
from blast transformation of chronic myeloid leukaemia. It is added to recognise those rare de
novo AML with BCR-ABL1 cases that may benefit from tyrosine kinase inhibitors therapy (16).
This category represents less than 1% of cases of AML. The t(9;22) results in fusion of part of
the breakpoint cluster region (BCR) gene at 22q11.2 with part of the ABL1 oncogene translocated
from 9934.1. The chimeric BCR-ABL1 resulting gene encodes a constitutively activated tyrosine
kinase, which is important in leukemogenesis and is a target for treatment (39). The chromosomal
abnormality occurs in a pluripotent stem cell, and thus causing abnormality in granulocytic,
monocytic, erythroid and megakaryocytic lineages, and also in some precursors of B and T

lymphoblasts.

Leukocytosis with blast predominance is observed in most of patients, and basophils count is
usually less than 2%. Blast cell morphology show from minimal differentiation to granulocytic
maturation. Regarding their immunophenotype, there are not specific features. There is usually
an expression of myeloid antigens (CD13, CD33) and CD34, and being also common the aberrant

expression of lymphoid markers such as CD19 and CD7 (6).
AML with NPM1 mutation

In the absence of the recurrent genetic abnormalities described above, the 2016 revision of the
WHO classification included as a specific entity those cases of de novo AML with NPM1 mutated
(16). The NPM1 gene encodes nucleophosmin, a phosphoprotein localised in cells” nucleolus that
shuttles between nucleus and cytoplasm, and whose mutation leads to a cytoplasmic localization
rather than nuclear. Nucleophosmin plays an important role in many cellular functions, such as
those involved in protein formation, DNA replication and the progression of the cell cycle (40).
Its function in the nucleolus is to attach to a tumour suppressor (ARF) to prevent cells from
growing in an uncontrolled way, however when nucleophosmin is in the cytoplasm this

attachment is not possible and entails leukemogenesis (17).

There is a strong association with acute myelomonocytic and acute monocytic leukaemia. In some
cases, blasts show a very characteristic morphology with “cup-like” nuclear inclusions (Figure
2.4B). This is particularly seen in those cases with coexisting FLT3-internal tandem duplication.
Blasts’ immunophenotype show expression of CD33, CD117 and MPO in cases with
myeloblastic differentiation, lacking expression of CD34 and HLA-DR. Cases with monocytic
differentiation could express CD64, CD14 and/or CD11b (7,41,42).
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AML with NPM1 mutation is usually associated with normal karyotype, and it may not be the
initial leukemic event as it is generally preceded by DNMT3A, IDH1, IDH2, KRAS or NRAS
mutations. Although AML with NPM1 mutated show a good response to induction therapy, the
high frequency of FLT3-1TD as a latter event is associated with worse overall survival. The
coexistence of NPM1, DNMT3 and FLT3-ITD mutations has been associated with a very adverse

outcome (39).
AMVL with biallelic CEBPA mutation

The 2016 WHO classification included AML with biallelic mutation of CEBPA, the gene
encoding the myeloid transcription factor CEBPo (CCAAT/enhancer binding protein o). CEBPA
is a key myeloid transcription factor important for both haematopoietic stem cells self-renewal
and for driving transcription during myeloid differentiation. Therefore, CEBPA mutations entail

a block in myeloid differentiation, transcriptional deregulation and cell cycle alterations (43,44).

Most of these AML have characteristics of AML with or without maturation and multilineage
dysplasia is present in 26% of cases, with no adverse prognosis significance.
Immunophenotypically blast cells express myeloid antigens such as CD13, CD33, CD65 and
CD15, as well as, CD34, HLA-DR and CD7 are usually expressed. With respect to the
monoallelic mutation, cases with biallelic mutation are more likely to express HLA-DR, CD7 and
CD15 rather than CD56 (7).

AML with biallelic CEBPA mutation is associated with a favourable prognosis and a normal
karyotype. Nevertheless, some cases could present chromosomal abnormalities being del(9q)
common within this group without influence in the prognosis. FLT3-ITD is more common in
patients with monoallelic CEBPA, only between 5-9% has been reported in biallelic CEBPA
mutation. Moreover, TET2 mutation is prognostically adverse in biallelic mutated cases, whereas

GATA2 mutation may be prognostically favourable (45).
AML with RUNX1 mutation

AML with mutated RUNX1 is other provisional category added to the latest WHO 2016
classification for cases of de novo AML with this mutation which are not related to
myelodysplastic-related cytogenetic abnormalities (25,26). This type of AML can occur in
patients with Fanconi anaemia or severe congenital neutropenia. It represents the 4-16% of AML

cases being more frequent in older adults (>60 years) (6).

This category may show morphological features of most AML subtypes, but is most frequent

among cases with minimal differentiation cytological features. Immunophenotypically, blasts
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express CD13, CD34 and HLA-DR with variable expression of CD33, suggesting immature cells.
Most RUNX1 mutations are monoallelic and could occur with karyotypic abnormalities such as
trisomy 8 or trisomy 13. Other genes that may be mutated include ASXL1, KMT2A, FLT3, IDH1

and IDH2. This new provisional entity seems to have a worse prognosis than other AML (7,17).
AML with myelodysplasia-related changes

AML with myelodysplasia-related changes (AML-MRC) is an AML with morphological features
of myelodysplasia, which could occur in patients with a prior history of a myelodysplastic
syndrome (MDS) or MDS/myeloproliferative neoplasm (MDS/MPN) with MDS-related
cytogenetic abnormalities. AML classified in this category must fulfil one of the following
criteria: 1) AML arising from previous MDS or MDS/MPN, 2) AML with a MDS-related
cytogenetic abnormality and 3) AML with multilineage dysplasia. Furthermore, patients should
not have prior history of cytotoxic or radiation therapy (17). Two main amendments were added
to the 2016 revision of the WHO classification: 1) multilineage dysplasia in a patient with NPM1
mutated or with biallelic mutation of CEBPA is not considered an AML-MRC, and 2) the presence
of del(9q) is no longer regarded as an AML-MRC because of its association with NPM1 or
biallelic CEBPA mutations (7,23). In cases lacking these mutations and showing evidence of
multilineage dysplasia, which must be present in more than 50% of the cells in at least two
myeloid cell lines, remains a poor prognostic indicator and is sufficient to make a diagnosis of
AML-MRC. This entity generally has a poor prognosis with a lower rate of complete remission
than other AML categories, and mainly occurs in elderly patients and often presents with severe

pancytopenia (46).

The immunophenotype reveals features related to MDS with variable expression of myeloid
markers such as CD13 and CD33, as well as, CD34, TdT, CD7 and CD56 could also be expressed.
The expression of CD14 has been reported to be prognostically adverse (39). With respect to
chromosome abnormalities, they are similar to those found in MDS. The most common molecular
genetic abnormalities are mutations in ASXL1, RUNX1, IDH2 and TET2 genes (7).

Therapy-related myeloid neoplasms

Therapy-related myeloid neoplasms (t-MNSs) is a distinct category in the WHO 2016 classification
for patients who develop myeloid neoplasms because of a complication of cytotoxic and/or
radiation therapy. This category includes t-AML, t-MDS and t-MDS/MPN. Cytotoxic agents
implicated in t-MNs are alkylating agents, topoisomerase Il inhibitors, some antimetabolites, anti-

tubulin agents, and radiation therapy (23,47).
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Morphological features could be those of any FAB category, and being the multilineage dysplasia
common particularly after alkylating agents. Auer rods are less common, whereas an increased
basophil count, hypocellularity and bone marrow fibrosis are all more common than in de novo
AML or MDS. The immunophenotype of these blasts is heterogeneous and non-specific. Some
cases might show aberrant expression of CD7 or CD56 (7). The prognosis of t-MNs is generally
poor, influenced by cytogenetic and genetic mutations, as well as, the underlying malignancy for

which prior therapy was received.
AML, not otherwise specified

The WHO category of AML-NOS (not otherwise specified) is a default category for those cases
that do not meet criteria for any of the above-mentioned AML categories. It is worth mention that
AML-NOS subcategories resemble to specific FAB categories, with the exception that cases
meeting the criteria for the specific entities described above are excluded and a blast count of 20%
in either blood or bone marrow is sufficient for the diagnosis (6). This category classifies AML
based on morphology, cytochemistry and immunophenotype in one of the following

subcategories:

e AML with minimal differentiation is similar to FAB MO0 category.
Immunophenotypically blasts show expression of CD34, CD38, HLA-DR, and
sometimes CD13, CD117 and CD33. Markers of maturation and MPO are negative and
CD7 and TdT could be expressed.

¢ AML without maturation resembles to FAB M1 category. The immunophenotype is
similar to that of AML with minimal differentiation with the exception that MPO is

positive.

e AML with maturation is similar to FAB M2 category. Immunophenotyping usually
shows expression of MPO, CD13, CD33 and often CD34, HLA-DR and CD117. Markers
of granulocytic maturation are positive (CD11b, CD15 and CD65), and CD7 may be

expressed.

e Acute myelomonocytic leukaemia resembles to FAB M4 category. The
immunophenotype of these blasts is similar to that of AML with maturation with the

addition of expression of monocytic markers such as CD4, CD14 and CD64.

e Acute monoblastic/monocytic leukaemia is similar to FAB M5 category.
Immunophenotyping shows expression of HLA-DR, CD13, CD33, CD15 and CD#65,

being CD34 and MPO usually negative in monoblasts. Those mature cells show
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expression of monocytic markers such as CD11c, CD14, CD64 and CD68, and the
expression of CD7 and CD56 is often frequent.

e Acute erythroid leukaemia has been the only AML-NOS subcategory with a significant
change in the WHO 2016 classification. The erythroid or erythroid/myeloid leukaemia
has been removed. In the revised classification, the only current type of acute erythroid
leukaemia is the pure erythroid leukaemia. It is characterized by a neoplastic proliferation
of undifferentiated or proerythroblastic immature cells committed exclusively to the
erythroid lineage, being 80% of the bone marrow cells erythroid with more than 30%
proerythroblasts. Those cases previously classified as erythroid/myeloid leukaemia are
now classified as MDS with excess of blasts, as now myeloblasts are counted as a
percentage of total bone marrow cells and the majority of such cases has less than 20%
of total blast cells. This change was based on the close biologic relationship between
erythroid/myeloid type and MDS in terms of their clinical presentation, morphological
features and genetic abnormalities, as well as, the effort to achieve uniformity in
expressing blast percentage across all myeloid neoplasms (6,17). Antigens expressed by
the more mature cells are glycophorin A (CD235a) and haemoglobin A, while less mature
cells express carbonic anhydrase and CD36. The transferrin receptor and CD71 may be
also expressed, but as it happens with CD36, they are not lineage specific. CD34 and
HLA-DR are often negative, although CD117 could be positive. Cadherin-E is lineage
specific and could be useful for recognition of those cases not expressing CD235a (7).
Pure erythroid leukaemia is usually associated with a rapid clinical course with a median

survival of only three months.

e Acute megakaryoblastic leukaemia resembles to FAB M7 category. Blast cells could
present cytoplasmic blebs, suggesting their lineage, or may appear undifferentiated.
Differentiation can occur to dysplastic megakaryocytes, and there may be giant or
agranular platelets. Immunophenotypically these blasts show expression of CD41 and
CD61, as well as, CD13, CD33 and CD36; CD34, CD45 and HLA-DR are often negative

).

e Acute basophilic leukaemia presents differentiation to basophils but there may be blasts
with granules characteristic of mast cells. Blasts of basophilic lineage may be packed
with basophilic granules, resembling to abnormal promyelocytes, or may have more
sparse granules and cytoplasmic vacuolation. Immunophenotyping could show the
expression of CD11b, CD123, CD203c and often CD9 and CD25, in addition to CD11b,
CD13, CD33 and CD133. Leukemic basophils could be HLA-DR positive and express
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CD22. The presence of t(9;22) and BCR-ABL1 must be excluded. The most common
cytogenetic abnormalities that have been reported include t(3;6)(g21;p21) and
t(X;6)(p11.2;923.3) with MYB-GATAL (7,48).

e Acute panmyelosis with myelofibrosis typically goes with constitutional symptoms
such as fever and bone pain. Patients usually present pancytopenia with erythroblasts in
PB film, mild poikilocytosis and absence of teardrop cells. Bone marrow is hypercellular
with a disproportionate increment of cells of all myeloid lineages and a predominance of
immature cells. Blast count is usually relatively low (20-25%), presenting a variable
mixture of myeloblasts or monoblasts, proerythroblasts and megakaryoblasts. This

category has a poor prognosis (6,7).
Myeloid sarcoma

Myeloid sarcomas are solid extramedullary tumours which can be composed of cells with
granulocytic differentiation (granulocytic sarcoma) or with monocytic differentiation (monocytic
sarcoma). Common sites of involvement include skin and soft tissues, lymph nodes, the
gastrointestinal tract, bones and testis (7,47). Myeloid sarcoma may present de novo, accompany
PB and bone marrow involvement, present as relapse of AML, or may present as progression of
aprior MDS, MPN, or MDS/MPN. Immunohistochemistry is crucial to distinct this category from

other tumours such as non-Hodgkin lymphoma.
Myeloid proliferation related to Down syndrome

The WHO 2016 classification include in myeloid proliferation related to Down syndrome
transient abnormal myelopoiesis (TAM) and AML associated with Down syndrome. Both are
usually megakaryoblastic proliferations, TAM occurring at birth or within days of birth and
resolving in one or two months, and AML associated with Down syndrome occurring usually the
first three years of life with or without prior TAM and persisting if not treated (23,49). Both
conditions are associated with an acquired GATAL mutation and mutation of the JAK-STAT
pathway (50).

TAM typically presents a high leukocyte count with neutrophilia and the presence of myelocytes
and blast cells. Basophilia is common and sometimes there is eosinophilia. Its immunophenotype
is characteristic. Blasts are positive for CD7, CD13, CD33, CD34, CD36, CD38, CD71 and
CD117. CDA41, CD42b and CD61 are usually expressed and CD56 is expressed in about 80% of
cases. Regarding blasts from AML associated with Down syndrome, they show platelet antigens
(CD41, CD42 and CD61), and also expression of CD13 and CD33, and coexpression of CD7 and
CD117 (7).
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Blastic plasmacytoid dendritic cell neoplasm

This entity is a rare form of haematologic neoplasm corresponding to a clinically aggressive
tumour derived from precursors of plasmacytoid monocytes with a predilection for skin, followed
by bone marrow and PB (17). There is an association with AML, MDS and chronic
myelomonocytic leukaemia. Its presentation is often with cutaneous lesions and some patients

could also present splenomegaly and lymphadenopathy.

Blasts are medium size with irregular nucleus, fine chromatin and showing one or several
nucleoli. The cytoplasm is scant, with a grey-blue appearance, without granules and showing
microvacuoles or pseudopodia (Figure 2.4C). The lack of alpha-naphthyl butyrate esterase
activity can help in differentiating it from acute monoblastic leukaemia. The immunophenotype
is distinctive and of diagnostic importance. There is almost always expression of CD56 in the
absence of B-lineage and most myeloid antigens. The only T-lineage antigens expressed are CD4,
often CD7 and CD2. Expression of CD4, CD56, CD123 and CD45RA with lack of expression of
CD45R0 and CD116 has been found to be specific for this entity. CD43 and plasmacytoid
dendritic markers (CD68, CD303, CD304, TCL1A, CLA) and CD123 are expressed. CD34 is
usually negative and BCL2, BCL6, MUM1/IRF4 and S100 may be expressed, which they are not

in normal plasmacytoid dendritic cells (7,51).

Summarizing, AML is a biologically and clinically heterogeneous disease, whose classification
is becoming increasingly complex and it is likely to continue over the years. This will make
possible the recognition of new entities with important biological difference. Given the molecular
diversity of AML, the new knowledge of these disorders is essential to develop novel therapies,
which alongside to the improved genetic profiling and risk stratification could result in

incremental gains in remission and survival (52-54).
2.2.2. Acute Lymphoid Leukaemia

Acute lymphoid leukaemia (ALL) and lymphoid lymphoma are both precursor lymphoid
neoplasms and thus, they are considered the same biological entity. Their differentiation is made
in regards that ALL are malignant transformations and proliferations of lymphoid blasts in the
bone marrow and PB, whereas in lymphomas there is only nodal or extranodal infiltration. The
most frequent symptoms of ALL are the following: bone marrow failure (anaemia, neutropenia
and thrombocytopenia); fever, weight loss, easy bleeding or bruising, fatigue, dyspnoea, infection
and extramedullary involvement (lymph nodes, spleen, liver and central nervous system). ALL
are the most common childhood cancer, and despite cure rates exceed 90% in children, they

remain an important cause of morbidity and mortality in children and adults. The prognosis of
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this latest group is very poor and only 30-40% of adult patients with ALL achieve long-term

remission (55,56).

Lymphoid blasts are smaller cells than myeloblasts, with high nucleus-cytoplasm relation and
regular nucleus’ outline (B-lymphoblasts) or with indentations (T-lymphoblasts). Their chromatin
is dispersed with few apparent nucleoli or without them. The cytoplasm is scant, slightly basophil
and without granulation, and sometimes could contain vacuoles (Figure 2.5). Their differential
diagnosis should be made with myeloblasts, especially with those of AML with minimal
differentiation and AML without maturation. Lymphoblasts are negative for MPO and present
positive reactivity for periodic acid-Schiff, while acid phosphatase shows a diffuse positivity with
the exception of T-lymphoblasts whose positivity is of centrosomic localization.
Immunophenotype in ALL has important diagnostic implications, being CD79a, CD22 and CD19
the most common markers of B-lymphoblasts, and CD7 and cytoplasmic CD3 of T-lymphoblasts

(6). Table 2.2 shows the most commonly expressed antigens in lymphoid precursors’ neoplasia.
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Figure 2.5. Lymphoid blast cells. (A, B) B-lymphoblasts; (C) Burkitt’s B-lymphoblast; (D) T-
lymphoblast.
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Table 2.2. Antigens expressed by blast cells in acute lymphoid leukaemia (ALL).

Pro-B CD79a and/or CD22 and/or CD19
common CD79a and/or CD22 and/or CD19, CD10 (CALLA)
SALL Pre-B CD79a and/or CD22 and/or CD19, cytoplasmic p chain
Mature CD79a and/or CD22 and/or CD19, surface membrane immunoglobulin
Pro-T CD7 and cytoplasmic CD3
TALL Pre-T CD7 and cytoplasmic CD3 and CD2 and/or CD5 and/or CD8

Thymus-cortical CDla

Mature Surface CD3 in absence of CD1la

Adapted from Merino A. 2019 (6).
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The PB film of ALL patients shows anaemia, neutropenia and thrombocytopenia, although
sometimes neutrophil count, platelet count or even both are normal. Leukocyte count could be
high, normal or low. In contrast to AML, dysplastic morphological features are not observed, as
well as, the presence of micromegakaryocytes is not common (with the exception of cases of

lymphoid neoplasia with Philadelphia chromosome).

The first attempt to classify ALL was made by the FAB collaborative group who divided ALL
into three subtypes: L1, L2 and L3. However, it was replaced by the WHO classification which
incorporated morphology, immunophenotyping, cytogenetics and molecular information to group
ALL in B or T-lineage specific. Their diagnosis and classification require: 1) the presence of 20%
or more lymphoblasts in bone marrow or PB, 2) their assignment to B or T lineage, and 3) their
further categorization to recognize real entities which differ in their molecular mechanisms,
clinical and haematological features, prognosis and optimal management (7,55). Table 2.3

summarizes the 2016 WHO classification.

Table 2.3. The 2016 revision of the WHO classification of acute lymphoid leukaemia (ALL).

B-lymphoblastic leukaemia/lymphoma with t(9;22)(g34.1;g11.2); BCR-ABL1
B-lymphoblastic leukaemia/lymphoma with t(v;11923.3); KMT2A rearranged
B-lymphoblastic leukaemia/lymphoma with t(12;21)(p13.2;g22.1); ETV6-RUNX1
B-lymphoblastic leukaemia/lymphoma with hyperdiploidy

B-lymphoblastic leukaemia/lymphoma with hypodiploidy

B-lymphoblastic leukaemia/lymphoma with t(5;14)(g31.1;932.1); IGH/IL3
B-lymphoblastic leukaemia/lymphoma with t(1;19)(g23;p13.3); TCF3-PBX1
B-lymphoblastic leukaemia/lymphoma, BCR-ABL1-like

B-lymphoblastic leukaemia/lymphoma with iAMP21

B-lymphoblastic
leukaemia/lymphoma
with recurrent genetic
abnormalities

B-lymphoblastic leukaemia/lymphoma, NOS (not otherwise specified)

T-lymphoblastic

leukaemia/lymphoma Early T-cell precursor lymphoblastic leukaemia

Natural killer cell lymphoblastic leukaemia/lymphoma

Adapted from Arber et al. 2017 (23).

28



Acute Leukaemia and their Classification

B-ALL with recurrent genetic abnormalities

This entity includes B-ALL with recurrent genetic abnormalities, most of which correspond to

balanced translocations and abnormalities in the number of chromosomes.

B-ALL with t(9;22)(q34.1;q11.2); BCR-ABL1

B-ALL with t(9;22)(g34.1;q11.2) is characterized by the fusion of part of the ABL1 oncogene on
chromosome 9 with part of the BCR gene on chromosome 22 to form the resulting BCR-ABL1
hybrid gene on chromosome 22. BCR-ABL1 encodes a chimeric protein with aberrant tyrosine
kinase activity. This B-ALL category is also referred to as Ph-positive ALL, because of the
implication of chromosome 22 which is known as the Philadelphia (Ph) chromosome. Although
this cytogenetic abnormality is also characteristic of chronic myeloid leukaemia, the breakpoint
on chromosome 22 differ in both translocations. This ALL is more frequent in adults than in
children, representing the 25% of ALL cases in adults and only the 2-4% of cases in children.
Immunophenotypically blasts express CD10, CD19 and TdT, and it is not infrequent the

association with some myeloid markers such as CD13 and CD33 (6,7).

Regarding secondary cytogenetic abnormalities in Ph-positive ALL, the most common are
duplication of the Ph chromosome, del(9p), trisomy 21 and high hyperdiploidy. The presence of
them and of a complex karyotype is associated with a worse prognosis. Moreover, in more than
80% of patients IKZF1 gene is deleted or mutated, which encodes the lymphoid transcription
factor IKAROS. This may be responsible for the poor prognosis of BCR-ABL1-positive ALL
patients (57). The treatment with tyrosine kinase inhibitors has led to a marked improvement in
the prognosis of this entity.

B-ALL with t(v;11923.3); KMT2A-rearranged

B-ALL with t(v;11923.3) occurs at all ages but is particularly frequent among babies with
congenital ALL and in young patients. The molecular mechanism that takes place in this category
is a translocation between KMT2A (previously known as MLL) in 11g23.3 resulting in the

formation of proteins with oncogenic potential (56,58).

This entity is associated with marked leucocytosis (>100 x 10%L) and central nervous system
infiltration in the moment of diagnosis, which are prognostically adverse. With respect to the
immunophenotype, it is strongly associated with early-B-precursor ALL (pro-B), which is the
positivity for TdT and pan-B markers such as CD19, and the negativity for CD10 and CD24.
Aberrant expression of CD15 and CD65 is also common, and CD33 is sometimes positive.
KMT2A-rearranged cases show low frequency of secondary somatic mutations, which are often

subclonal, indicating that KMT2A rearrangement is sufficient to induce leukaemia (7,56).
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B-ALL with t(12;21)(p13.2;g22.1); ETV6-RUNX1

This category is characterized by the fusion of two transcription factor genes, ETV6 on
chromosome 12 and RUNX1 on chromosome 21 to form the fusion gene ETV6-RUNX1
(previously known as TEL-AMLZ1). This is one of the commonest subtypes of childhood ALL with
a predominance in ages between 2 and 9 years old. It has a very favourable prognosis with a

complete remission rate of more than 90% of children (6).

Immunophenotypically blasts show positive expression of CD19, CD10 and usually CD34. There
is also high expression of CD40 and HLA-DR and lower expression of CD9, CD20 and CD86.
Myeloid antigens such as CD13 and CD33 could also be expressed. Cytogenetic abnormalities
associated with B-ALL t(12:21) include del(6q), +8, abnormal 9p, del(11q), i(21q), +21, and
translocations between chromosome 12 and its partner chromosomes. However, these secondary

abnormalities are not of any prognostic significance (7,59).
B-ALL with hyperdiploidy

The term hyperdiploidy indicates that blasts have more than 50 (but usually fewer than 66)
chromosomes, without any translocation or other chromosomal abnormalities. The molecular
mechanism of leukemogenesis in hyperdiploidy is unknown. Chromosomes most often gained
are 4, 5, 10, 14, 17, 18, 21 and X, in that order. This B-ALL is more frequent in children older
than 2 years old than in adults, where it represents only the 6-7% of B-ALL cases. It has a very
good prognosis with an overall remission above 90% in children. The immunophenotype is that
of common B-ALL, expressing positivity for CD19 and CD10, while cytoplasmic p chain and

surface membrane immunoglobulin are negative. CD34 is often expressed (6,7).
B-ALL with hypodiploidy

Hypodiploidy is defined by blast cells having less than 46 chromosomes. Near haploid (23-29
chromosomes) metaphases usually retain both sex chromosomes and preferentially gain of
chromosomes 10, 14, 18 and 21 into the haploid chromosome set. This entity represents the 5%
of B-ALL cases, having the same incidence in children than in adults and it is associated with
adverse prognosis. The immunophenotype is usually that of common ALL with expression of
CD19 and CD10 and without other specific markers. Regarding genetic abnormalities, there is
association with deletions of CDKN2A, CDKN2B and RB1 and inactivation of IKZF2 (6,7).

B-ALL with t(5;14)(gq31.1;932.1); IGH/IL3

This category of B-ALL is characterized by a translocation between the interleukin 3 (IL3) gene

on chromosome 5 and an immunoglobulin (IGH) gene on chromosome 14. It is associated with
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eosinophilia as a result of dysregulation of the IL3 gene. Although eosinophils do not come from
the leukemic clone, they may show morphological abnormalities such as hypolobulation and
degranulation. The immunophenotype is that of common ALL, being CD19 and CD10 expressed.
This is a rare form of B-ALL accounting of less than 1% of cases and making difficult to predict

its prognosis (6,7).
B-ALL with t(1;19)(923;p13.3); TCF3-PBX1

In B-ALL with t(1;19) there is a fusion of the PBX1 gene from 1g23 with part of the transcription
activator gene TCF3 (previously known as E2A) at 19p13.3 to form the hybrid gene TCF3-PBX1,
which encodes an abnormal transcription factor. This category is more frequent in children (2-
5%) than in adults (1-3%). Although it was originally considered to be a high-risk ALL category,
its outcome has improved with current more intensive treatments. However, it has been reported
a greater risk for central nervous system relapse (60). The t(17;19)(g21-22;p13) is a molecular
variant of this category, which leads to the fusion gene TCF3-HLF, which is associated with
disseminated intravascular coagulation, hypercalcemia and a very poor prognosis (7,56). Blasts
show a pre-B phenotype, being cytoplasmic p chain present but not surface membrane
immunoglobulin. The typical immunophenotype is CD19, CD22, CD10 and CD9 positive, and
CD21 and CD34 negative.

B-ALL, BCR-ABLI1-like

B-ALL BCR-ABL1-like is not characterized by the t(9;22), but shows a gene-expression profile
similar to Ph-positive B-ALL. It is a provisional category in the 2016 revision of the WHO
classification due to its clinical relevance and association with an adverse prognosis and
responsiveness to tyrosine kinase inhibitors. This category represents about 10-13% of childhood
B-ALL, about 21% of adolescent cases and about 27% of young adult cases. Leucocyte count is

higher that in other types of B-ALL. The immunophenotype is usually that of common ALL (6,7).

BCR-ABL1-like is associated with high-risk clinical features, a poor response to induction
chemotherapy and poor prognosis. Common genetic abnormalities of this entity are related to
alterations of B-lymphoid transcription factor genes (IKZF1 deletions) and genetic alterations
deregulating cytokine receptors and tyrosine kinase signalling, such as rearrangements and
mutation of CRLF2, rearrangements of ABL-class tyrosine kinase genes, rearrangements of JAK2
and the erythropoietin receptor gene EPOR (16,56).
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B-ALL with iAMP21

This B-ALL is characterised by presenting lymphoblasts with an intrachromosomal amplification
of part of chromosome 21 (iIAMP21). It particularly occurs in older children (9 years) and is
associated with poor prognosis, which is improved with intensive treatment. This provisional
entity added in the 2016 WHO classification is detected by FISH with a probe for the RUNX1
gene that reveals five or more copies of this gene (or three or more extra copies on a single
abnormal chromosome 21 in metaphase FISH). It is associated with leukopenia and no specific
immunophenotype has been identified (6,7,16). Common associated molecular genetic
abnormalities include deletion of RB1 or ETV6 and mutation of RAS genes, FLT3 or CRLF2
(61,62).

B-ALL, not otherwise specified

This category includes all cases of B-ALL which have not been assigned to any of the previously
mentioned categories, and thus being a heterogeneous group. Blasts present a variable
immunophenotype, generally expressing CD19, CD79a and CD22, and there may be expression
of CD10, CD20, CD24, PAX5, CD34 and TdT. CD45 may be weak or negative (7).

The wide range of molecular abnormalities seen in this category may include deletions of genes
involved in B-cell differentiation (RAG1, RAG2, CD200 and VPREB1), transcriptional co-
regulators (BTG1, ETV6, ERG, TBL1XR1) and others (TCF3, EBF1, LEF1, RB1, CDKN2A,
CDKN2B and IKZF3) (62,63).

Furthermore, in some cases of Burkitt’s lymphoma a leukemization of proliferative lymphoid
cells could be observed and this entity is presented as a leukaemia with infiltration in PB and bone
marrow. In Burkitt’s leukaemia is frequent the central nervous system infiltration. Regarding the
morphology of these blasts, they have big size (20-25 um of diameter) and regular nucleus’
outline with disperse chromatin. An abundant cytoplasmic basophilia, prominent vacuoles from
lipid origin and high mitotic activity are what most characterise these lymphoblasts. VVacuoles
could be also localised in the nucleus (see Figure 2.5C). These blasts may show a mature B
immunophenotype with expression of surface membrane immunoglobulin. Cytogenetic
alterations characteristic of this entity are translocations on chromosome 8, such as t(8;14), 1(8;22)
and t(8;2) (6).

T-ALL

T-ALL represent only 15% of cases of childhood ALL, typically occurring in adolescents rather

than in younger children. Constitutes a quarter of adult ALL cases with a male predominance.
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There is involvement of bone marrow and PB or the thymus, as well as, other extranodal sites
such as liver, spleen, skin, tonsils and testes. Leucocyte count is typically increased and some T-

ALL cases present eosinophilia, which indicates a worse prognosis (6,7).

Regarding the morphology of T-lymphoblasts, they are similar to those of B-lineage, with high
nucleus-cytoplasm relation and small-medium size. Nucleus’ outline is irregular or convoluted
with moderate condensate chromatin and unapparent nucleolus (see Figure 2.5D). It is more
frequent to observe mitotic figures in T-lymphoblasts rather than in B-lymphoblasts. T-
lymphoblasts show an intense centrosomic positivity for acid phosphatases and are TdT positive
with variable expression of CD1a, CD2, CD3, CD4, CD5, CD7 and CD8. In about 25% of cases
there is rearrangement of the TCR (T-cell receptor) loci, and in consequence in 20% of cases the
immunoglobulin gene is affected. A complex karyotype is detected in 50-70% of cases and the
most recurrent cytogenetic abnormalities involve the TRa and TRS in 14q11.2, the TR at 7934
and the TRy at 7p14.1 (6). Moreover, about 30% of patients have del(9)(p21.3) leading to
homozygous loss of the tumour suppressor genes CDKN2A and CDKN2B. Activating mutations
in NOTCHL. are found in about 50% of patients, and another 30% of patients have a mutation in
FBXW7. NOTCH1 encodes a membrane receptor that regulates normal T-cell development and

FBXW?7 reduces NOTCH1 activity. These mutations seem to correlate with a better prognosis (7).
Early T-cell precursor ALL

This provisional category represents about 12-16% of childhood cases and up to 10% of adult
cases of T-ALL. Immunophenotypically blasts express CD7 but lack CD1a and CD8, and are
positive for one or more myeloid/stem cell markers (CD34, CD117, HLA-DR, CD13, CD33,
CD11b or CD65). They also express CD2 and cytoplasmic CD3 and may express CD4. Myeloid-
associated gene mutations, such as FLT3, NRAS/KRAS, DNMT3A, IDH1 and IDH2 are reported
at high frequency in this category, whereas more typical T-ALL-associated mutations such as
activating mutations in NOTCH1 or mutations in CDKN1/2 are infrequent. Although originally
this category was associated with poor prognosis, recent studies with larger number of patients

with more effective therapy suggest no prognostic significance (6,16).
Natural killer lymphoblastic leukaemia/lymphoma

This is a rare neoplasm included as a provisional entity in the 2016 revision of the WHO
classification within the category of precursor lymphoid neoplasms (64). It has been suggested
that those cases previously assigned as T-ALL with expression of cytoplasmic CD3 and
sometimes a mediastinal mall, might represent neoplasms of immature natural killer cells. There

is expression of CD7 and CD2 and cytoplasmic CD3g, but without rearrangement of the TCR

33



Acute Leukaemia and their Classification

loci. Cases are provisionally identified by expression of CD94 1A, an isoform of CD94 which is

induced in natural killer cell precursors by IL15 (7).

Summarizing, both AML and ALL are biologically and clinically heterogeneous diseases, whose
classification is becoming increasingly complex and it is likely to continue over the years. This
will make possible the recognition of new entities with important biological difference. The new
knowledge of these disorders will be essential to develop novel therapies, which alongside to the
improved genetic profiling and risk stratification will result in incremental gains in remission and

survival.

Having said that, the diagnosis of acute leukaemia relies on cytomorphology, cytochemistry,
immunophenotyping, cytogenetics and molecular biology. Only the integration of all these
diagnostic methods allows for a comprehensive and complementary characterisation of each

entity, which is a prerequisite for the optimal diagnosis and management of acute leukaemia.
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CHAPTER 3

Digital Morphological Recognition of Blood Cells in the

Diagnosis of Acute Leukaemia

This chapter includes two main sections. Section 3.1 focuses on the morphological analysis of
peripheral blood cells, which is the first step in acute leukaemia diagnosis. This section also shows
the trend of automated methods for the digital morphological analysis of blood smears in clinical
laboratories. It is in this stage where we have dedicated effort with the use of computer vision
techniques to assist in the diagnostic procedure of acute leukaemia. Section 3.2 introduces the

concept of machine learning and describes the main steps of image-based recognition systems.

3.1. Morphological Analysis of Peripheral Blood Cells

Even in the age of molecular analysis, morphological analysis of PB remains the crucial starting
point for the diagnostic approach and follow-up of patients with malignant haematological
diseases. This is because PB smear examination is considered to be a non-invasive procedure to
suggest a differential diagnosis and the identification of further necessary tests in a time and cost-
effective way (65,66). This is why cytomorphology was, is and will still be at the forefront of

haematological diagnosis.

The morphological analysis of the PB smear provides the percentage of each of the different
leukocytes’ subpopulations. The blood smear must be requested by the clinician when there is a
specific diagnostic suspicion, or unexplained leucocytosis, lymphocytosis or monocytosis. It is
also a task of the clinical pathologist to indicate the realization of the PB examination when the
results of the complete blood count have quantitative anomalies, or when the flagging system of
an automated instrument suggests the presence of blast cells (Figure 3.1). Then, the clinical
pathologist analyses the morphology of all the cells to detect abnormalities related to different

types of diseases and gives a diagnostic orientation.
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Figure 3.1. Routine workflow of the morphological assessment of patients’ blood samples in
clinical laboratories.

Although this purely visual and manual morphological inspection is time consuming, needs expert
professionals to review the blood smears in an objective and reliable was and is prone to intra-
observer variability; its careful observation provides a lot of information, being a valuable tool in
both diagnostic orientation (which guides the complementary tests) and performing some definite
diagnoses. Most of the morphological descriptions are given in qualitative terms and there is a
lack of quantitative measures. This is particularly true for blasts and abnormal lymphocytes.
Indeed, subtle inter-class morphological differences exist among abnormal cell types. For
example, the common morphological characteristics shown by myeloblasts include variable cell
size with a high nucleus-cytoplasm relation and mostly showing a quadrangular nucleus profile
(except abnormal promyelocytes in APL) and a basophilic cytoplasm, often containing
azurophilic granules (17,67,68). Some of the described characteristics are shared by
lymphoblasts, what makes difficult in most cases recognizing under the microscope the type of
acute leukaemia the patient suffers. This gives low specificity scores in routine screening. In
addition, the blood smear is of particular importance in Burkitt’s leukaemia/lymphoma and APL
because it facilitates rapid therapeutic intervention influencing the prognosis. Thus, there is an
increasing demand for the development of digital microscopy systems, capable of performing

morphological analysis of blood smears in an automated manner (69).

36



Digital Morphological Recognition of Blood Cells in the Diagnosis of Acute Leukaemia

The field of laboratory haematology diagnostics advanced significantly in the 1980s with the
introduction of flow-based cell counters. These analysers were capable of subclassifying
leukocytes and detecting abnormalities in leukocytes, red blood cells, and platelets using
instrument flags. An example of them is the Advia2120i® (Siemens Healthcare GmbH), which
performs the complete blood cell count and provides flags when there are malignant cells
circulating in PB, such as reactive lymphocytes, abnormal lymphocytes or blast cells. These flags

indicate the examination of the PB smear by the clinical pathologist.

Despite the fact that these cell counters have become an integral part of haematology laboratory
nowadays, the need for the morphological review of the blood smear still remains. Thus, at the
beginning of XXI century a new inclination started in the development of more advanced
automated digital microscopy systems able to perform the morphological analysis of blood smears
in an automated and more efficient way. Most of these systems make use of a digital camera
coupled to a computer system. Digital images of blood cells are then used as inputs for a
computer-aided classification system based on blood cell image analysis parameters such as

geometric, colour and texture (69).

The latest automated digital image analysers introduced to the haematology laboratory market are

the following:

The Vision Hema® Automated Haematology Imaging Analyser (West Medica, Perchtoldsdorf,
Austria) provides a detailed analysis and pre-classification of leukocytes, red blood cells, platelets
and reticulocytes. It also identifies cells on bone marrow, body fluid and cervical cytology smears.

A separate module can be also used for malaria diagnosis (70).

EasyCell®assistant (Medica Corporation, Bedford, MA, USA) automatically detects white blood
cells on a blood smear, and then it classifies normal leukocytes, smudge cells and nucleated red
blood cells. This system employs image processing and artificial intelligence for cell

identification and pre-classification (71).

Nextslide Digital Review Network (Nextslide Imaging LLC, Cleveland, OH, USA) consists of a
high-resolution slide scanner and a hosted software-application suite, which includes image-
processing, management and online review applications. The image-processing application
accepts completed images from the slide scanner and processes them to identify and classify white
blood cells. Afterwards, with the online review the processed and raw images can be analysed, as
well as evaluate the morphology of red blood cells and platelets (72).

The Roche Cobas® m511 (Roche Diagnostics, Indianapolis, IN, USA) introduces a digital

morphology analyser, a cell counter and a classifier in a unique equipment which includes an
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auto-stainer and a microscope analyser of blood smears. This technology analyses the cell
morphology, counts and classifies each cell providing a 5-part differential on 600 nucleated cells
on the slide. It is also used to classify the types of white blood cells, evaluate red blood cells and
platelets, and to review their morphology. This system can simultaneously provide both

quantitative and morphological information (73).

The HemaCAM® system (Fraunhofer Institute for Integrated Circuits 1IS, Erlangen, Germany)
is able to evaluate PB samples and perform differential blood cell counts. This equipment can
automatically pre-classify different types of leukocytes, and provide information about red blood
cells and platelets. Further applications under development may include the detection of malaria

parasites and the automated recognition of bone marrow cells for the workup of leukaemia (74).

The Sysmex DI-60 system (Sysmex Corp. Kobe, Japan) was the first fully-integrated cell image
analyser on the market, which could co-operate with the Sysmex XN haematology analyser and
the Sysmex slide maker-stainer SP-10, thus allowing a single sample placed on this automated
device to provide a complete blood count, perform a smear preparation and also determine digital
cell location. This system can pre-classify leukocytes, pre-characterise red blood cells and

estimate the number of platelets on PB smears (75).

CellaVision®DM?96 (CellaVision AB, Lund, Sweden) is an automated device which scans stained
blood slides, identifies white blood cells and then takes images of them at high magnification
(x1,000). It is made for the differential pre-classification of leukocytes, evaluation of red blood
cells morphology, platelet estimation on blood smears, and it can also analyse body fluids. This
equipment includes a motorized microscope, a camera and a computer containing the acquisition
and classification software. Cell type recognition is based on an artificial neural network, which
analyses the digital images and pre-classifies the cells. The analyser requires a skilled pathologist
to review all cells and to re-classify all unidentified cells before it is possible to release the results.
Several studies have evaluated the concordance between the automated leukocyte differential

counts on the CellaVision to manual differential counts by the standard reference method:

o Kratzetal. (76) reported that the pre-classification made by the CellaVision® DM96 was
more accurate for neutrophils, lymphocytes and monocytes (92.5%, 96.4% and 81.4%
correctly classified respectively) than for eosinophils (63.2%). They concluded that this

automated analyser showed similar performance to the manual microscopy.

e Briggs et al. (77) similarly documented poor detection of immature granulocytes,

eosinophils and basophils, and that the overall pre-classification accuracy of the
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CellaVision was 89.2%. In this study is concluded that DM96 accuracy depends on both

pathology and the experience of medical operator.

e Cornet et al. (78) and Billard et al. (79) highlighted a failure to identify lymphoblasts.
They noted that the CellaVision®DM?96 had difficulty in reliably identifying immature

granulocytes, plasma cells and blasts.

e Eilertsen et al. (80) determined the effects of pre- and reclassification, as well as, inter-
smear and between-technologist variation in blast counts through generalized linear
mixed models. They found a significant difference between blast counts of pre-

classification and after being reclassified by the clinician (p=0.009).

e Stouten et al. (81) analysed 6,945 blood smears containing approximately 1.4 million
cells. They concluded that the CellaVision had excellent performance for the five normal

leukocyte classes, as well as for blasts.

e Merino et al. (82) reported excellent values of correlation for segmented neutrophils,
lymphocytes, monocytes and blasts, and good values for eosinophils, basophils and
plasma cells when comparing the pre-classification results of the CellaVision® DM96 and
the manual microscopic review. Furthermore, the correlation for the reclassification was
very good for promyelocytes and myelocytes, intermediate for reactive lymphocytes and
erythroblasts, and low for metamyelocytes. They also highlighted that DM96 is not able
to reclassify neoplastic lymphoid cells, which has to be done by the clinical pathologist.

The conclusions from these studies were the good correlation and concordance of the application
of the digital image analysis over the traditional method by direct microscopy, but highlighting
the need of subsequent validation and review by an expert physician. The reduction of the time
spent in the analysis by improving the workflow, the efficiency and the quality were also
observed. In the end, several of these papers underlined that the CellaVision®DM96 cannot
automatically classify abnormal neoplastic cells, and for example when samples from patients
suspected to have leukaemia may require review by manual microscopy. It has been reported that
further improvement must be done regarding the detection and classification of specific
pathological cell types. This is why, the automatic morphological recognition of blast cells is the

problem that has given rise to the study of the machine learning approaches of this thesis.
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3.2. Machine Learning Approaches for Blast Cell Classification

As it was mentioned above, automated analysers based on digital image analysis are used in
laboratories, which pre-classify PB normal cells based on cell image morphological features such
as size, shape, colour and texture. However, the morphological discrimination of abnormal PB
cells by these devices is still an unresolved problem. Moreover, these analysers cannot
discriminate between myeloid and lymphoid blast cell lineages, which is essential for choosing

the suitable initial treatment.
3.2.1. Classical Machine Learning Approaches

Multiple efforts have been made to develop image-based automated systems for leukaemia
detection. Indeed, many researchers have highlighted that developing image analysis systems for
computer-assisted interpretations of PB smears is of a great importance (83-85). However, based
on literature review, it has been found that there are few examples of automated systems which
can analyse and classify blast cells, and most of these systems are still in development stages
(86,87). In addition, all these previous studies have been mainly focused on comparing various
classification techniques, and improving nucleus and cytoplasm segmentation procedures, instead
of trying to obtain morphological variables and quantitative characteristics useful for cell type

evaluation and standardization.

The main steps in image-based recognition systems include image segmentation, feature
extraction/selection and classification. Segmentation is the core step in processing digital images,
while steps related to features and classification lie within the area of machine learning. Machine
learning is a branch of artificial intelligence since it enables the extraction of meaningful patterns
from data (in this case from images). Machine learning algorithms are potentially useful
components of computer-aided diagnostic support systems, which can help physicians interpret

medical imaging findings and reduce interpretation times (88).
3.2.1.1. Segmentation

The segmentation consists of separating the different parts of an image without overlapping.
These parts are known as regions of interest (ROIs). This procedure is crucially important to be
successful since the accuracy of the succeeding stages (feature extraction and classification) is
totally dependent on it. This is why is one of the most complex tasks in image processing and
computer vision. Moreover, when it concerns PB cell segmentation there is extra difficulty
because of the complicated morphology of the different types of cells and the problems caused

by variations in the staining of blood films.
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Regarding PB cells, segmentation aims to separate the whole cell from the background and also
separate their elements (nucleus and cytoplasm). To understand the essence of segmentation,
digital images have to be seen as grids of rectangular pixels. Typically, colour images are
decomposed into three colour components: red, green and blue. Each colour component results
in an individual greyscale image with a continuous distribution between black at the weakest
intensity (0) to white at the strongest (255). Segmentation techniques are generally based on
exploiting two basic properties of pixel intensity values: discontinuity and similarity.
Discontinuity looks for abrupt intensity changes to detect the borders of the parts to be segmented.
Similarity identifies regions with pixels having similar values according to prescribed thresholds.
The final result of any segmentation method is a set of binary images, commonly known as masks,
one for each ROI. Each mask contains the ROI as a bounded white region over a black background
(see Figure 3.2) (89).

Nucleus

Peripheral
zone

Figure 3.2. Example of a segmented cell monoblast. The original image (left) shows the three
regions of interest: nucleus (yellow line), cell (blue line) and peripheral zone around the cell (red
line); and their respective masks (right).

3.2.1.2. Feature Extraction/Selection

Feature extraction is the process of obtaining a set of quantitative descriptors for each ROI mask.
These features allow to obtain quantitative measurements to characterize cells, which are based
on morphological variables such as size, nucleus-cell relation, nucleus outline, nucleus
eccentricity, chromatin characteristics, basophilic cytoplasm and other. Three main classes of

features are used: geometric, colour and texture.
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Geometric features are easy to interpret because they have direct intuitive relation with the visual
observations and descriptions made by pathologists. They are quantitative geometric
interpretations of cell and nucleus shapes, and the most common parameters include area,
perimeter, circularity, diameter, nuclear eccentricity, elongation, roundness, convexity, nucleus-
cell ratio, and others (1). New geometry-based features may be proposed to quantify more
complex characteristics. For instance, our group proposed a novel descriptor in (90) to describe
the cytoplasmic profile or hairiness in villous lymphocytes. Another new geometric feature
named RBC proximity was proposed for the first time by our group as an indirect measure of the
amount of cell cytoplasm adhered to red blood cells, which resulted useful for the recognition of
reactive lymphocytes (91).

Colour is a physical property very helpful in characterising blood cells and closely related to the
visual cell appearance. RGB is the colour space most commonly used. However other colour
spaces have been used to explore the rich amount of colour information in malignant blood cells,
such as CMYK in which the colour components are cyan (C), magenta (M), yellow (YY) and black
(B); HSV space is defined by hue (H), saturation (S), and brightness (V); and Lab or Luv spaces
use lightness (L) and chromaticity (a, b, u, v). As mentioned before, each colour component
results into an individual greyscale image. Colour features are calculated from the histogram
obtained from each ROI mask of each colour component of its greyscale image. This plot displays
the number of pixels corresponding to different intensity values within non-overlapped intervals
covering the whole intensity range from O (black) to 255 (white). For each histogram, six
statistical features are calculated: mean, standard deviation, skewness, Kkurtosis, energy

(uniformity) and entropy (variability) (1,91).

Colour features are involved in the quantification of cytoplasmic basophilia and granulation, both
very important morphological characteristics in the classification of myeloid and lymphoid cells
(92). However, the interpretation of the nuclear texture by visual observation is not that easy,
because variations in fixation and staining have a high influence on chromatin density. Chromatin
distribution reflects DNA nucleus organization which contains important cellular diagnostic and

prognostic information (91).

Texture describes spatial patterns of material, colour or intensity. In digital image it is
quantitatively defined by uniformity, density, pixel tone and their spatial relationships, among
others. Such analysis is not an easy task and it is usually performed following two main
approaches: the granulometry and the grey level co-occurrence matrix (GLCM). Granulometry
measures the size distribution of dark and bright particles in an image through mathematical
morphology operations (93). These operations are visualized by means of the so-called

granulometric and pseudogranulometric curves. Examples of texture features calculated from
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both curves are mean, standard deviation, skewness and kurtosis. Our group presented a study
(94) in which the granulometry was applied for the morphological differentiation of 12 types of
abnormal lymphoid cells. The GLCM is defined as the probability that pairs of neighbouring
pixels have similar intensities (95). Many measurements can be calculated from the GLCM of a
digital image, which provide more information about the texture of the ROI such as correlation,
homogeneity, maximum probability, and others. This matrix has been widely used for texture
guantification in medical imaging, such as ultrasound images for solid neoplasms (96) and in bone

marrow images to distinguish erythrocyte precursor cell stages (97).

After feature extraction, it is necessary to reduce the amount of information by selecting a reduced
number of features with the purpose of decreasing complexity and computation time. Having too

many features can lead to overfitting rather than learning the true basis of a decision (98,99).

3.2.1.3. Classification

The classification step consists of the application of different algorithms to recognize the different
cells from their extracted features. There are many techniques, being the most common those
involving support vector machines, k-nearest neighbours, decision trees, the naive Bayes

algorithm and neural networks.

In the cell recognition problem, pathologists have to supply the dataset of images truly identified
and labelled a priori to train the model in such a way that the model knows the true group to which
the cell images belong. This kind of training is called supervised. The training is usually
performed through an iterative optimization algorithm which searches for the optimal parameters
that minimize the error between the training classification and the true labels. In addition, an
important part in any machine learning system is to combine the training process with a validation
to evaluate the performance of the classifier using a new set of images. The idea is to assess to
what extend the classifier is able to predict the true class for each image of the validation set and
modify the structure of the classifier until the validation is considered satisfactory. The method
most widely used to do so is the so-called cross-validation. It consists of randomly decomposing
the training set into a number of equal partitions which do not share images. Then, one subset is
left apart and the remaining are used to train the classifier. Once it is trained, the classifier is
applied over the first subset to validate its performance. This training/validation process is
consecutively repeated until all the subsets are used. The classifier performance is typically
measured with the so-called confusion matrix and ROC (Receiver Operating Characteristics)
curve. Overall accuracy, sensitivity and specificity are usual quantitative quality indexes to decide

whether the classifier is finally ready to be implemented in an operational mode (89).
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Accuracy in classification problems is the number of correct predictions made by the model
(classifier) over all the predictions made. In our case is the percentage of images correctly

classified in their true category. It is a good measure when the target classes are nearly balanced.

Precision measures the proportion of cases which were predicted as having a condition (e.g., acute
leukaemia), that actually had acute leukaemia. If we translate this into our case of concern, it
provides the percentage of images that were classified, for example, as myeloblasts and that

actually were myeloblasts.

Recall, sensitivity or true positive rate (TPR) measure the proportion of cases which actually had
acute leukaemia that was predicted by the algorithm as having acute leukaemia. For example, the
percentage of myeloblast images that were correctly classified by the model. Sensitivity provides
information about a classifier’s performance with respect to false negatives (how many the
classifier missed), while precision gives information about its performance with respect to false

positives (how many the classifier caught).

Specificity or true negative rate (TNR) provide the proportion of cases that did not present the
condition of study and were predicted by the model as non-having it (e.g., not having acute

leukaemia).

ROC curves give us the ability to assess the performance of a classifier over its entire operating
range. The most widely-used measure is the area under the curve (AUC). ROC curves can be used
to select a threshold for a classifier which maximises true positives while minimising false

positives.
3.2.2. Deep Learning Approaches

Deep learning is a new and popular area of research that is yielding impressive results and growing
fast. It is a sub-field of machine learning, whose approach is learning representations from data
using the so-called neural networks which emulate the structure and function of human brain
neurons. Deep learning does not rely on the extraction and selection of handcrafted features,
saving most of the computational steps. However, it requires more sophisticated hardware
resources and larger datasets to train a model. The late explosion of deep learning has shifted the
focus towards new classification models for leukaemia detection. The application of these new
automated systems will increasingly become a part of clinical practise in the coming years in the

field of haematological malignancy (100,101).

To date, the most successful models for image analysis are convolutional neural networks

(CNNs). CNNs are multi-layer architectures designed to recognize visual patterns. Their structure
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mainly contains three different types of layers: 1) convolutional layers; 2) pooling layers and 3)

fully connected layers.

The convolutional layer transforms an input to an output through a convolution-based
mathematical operation. As inputs are images, both inputs and outputs are volume structures with
fixed width, height and depth. Width and height are defined by the number of pixels of images,
while depth is defined by the number of planes (colour components). For example, a RGB image
has a depth of three. Once the input layer reads the pixels of the image, convolutional layers detect
specific patterns using multiple filters that slide across the image. The filter size (kernel)
determines how many pixels are looked at the same time, whereas the stride indicates how many
pixels the filter moves to the right when detecting patterns in the image. The higher the stride is,
the less detailed patterns can be captured. At the end, all these matrices resulting from sliding a
filter over the three planes of the image are summed to obtain one feature map. The final output
of the convolutional layer is the set of all the feature maps resulting from all the layer’s filters.

Figure 3.3 illustrates the structure of a convolutional layer with a RGB image as example.

Original image Feature map
-

A

| tr o¢ -
® f*,’J'oc

filter slides
< 74 over the three . =
o~ R ) image planes ot
G and produces
B one output

Figure 3.3. Convolutional layer structure. An original RGB image of size 224x224 (width x
height) is decomposed into its number of planes (depth=3). In this example the filter size is 5x5
and stride (s) is equal to 2, meaning that the filter scans 25 pixels each time while moving 2 pixels
to the right until the entire plane is completed. As a result of sliding the filter over the three planes
a feature map is produced.

After a convolutional layer it is usual to find specialized layers (activation layers) able to amplify
the important features. The most common activation function is the rectifier linear unit (ReLU).
It converts all negative input values to zero while keeping all positive inputs the same, which

helps to increase the learning speed of the network and the classification accuracy.
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CNNs could contain one or consecutive convolutional layers creating convolutional blocks. After
each convolutional layer or block, it usually comes a pooling layer to reduce the size of feature
maps. This reduction preserves important information while eliminates irrelevant details,
reducing the sensitivity of the model to shifts and distortions. The pooling function most widely
used is the so-called max pooling, which reduces feature maps size by taking the maximum values
of the convolution and, thus, rewarding the convolution function that best extracts the important
features of the image. After the successive convolutional and pooling layers, the final result is a
set of relevant quantitative features representative of the input image. Afterwards, fully connected
layers coupled at the end of the network are trained to learn how to combine these features to
perform the final classification. This is done by assigning a probability to each possible class and
predict the class with the highest score. Although these are basic elements in all CNNs, the

number and how these layers are arranged can vary enormously among the different architectures.

Regarding the training of a neural network, it is an iterative process which typically consists of
two phases. Firstly, in a forward phase all input images are passed through the network. Once
each image is classified, the difference between their label (ground truth) and the prediction made
by the network is measured using a loss function. Secondly, in a backpropagation phase the
parameters (weights) of the network are updated iteratively so that the class scores are consistent
with the true labels. The goal is to minimize the loss function by calculating its gradient. This
two-phase process usually needs to be repeated for several cycles (epochs) to obtain an optimum
trained model. Moreover, the effectiveness of training is influenced by the learning rate, an
important hyperparameter which indicates how well we are adjusting the weights of our network
while minimizing the loss function. Small values of learning rate make the model converge

slowly, whereas large values make it to diverge.

Similar to the above-mentioned classical models, the training process needs to be combined with
a validation to assess the performance of the network. This could also be done by using the cross-
validation approach. A common approach in deep learning is the hold-out, which consists of
splitting the whole dataset into training and validation, so that the training set is used to fit the
model and the validation set is used to provide a punctual evaluation at the end of each epoch,
which helps to set the hyperparameters of the model. At the end, the performance of models is
evaluated with confusion matrices and quality indexes such as accuracy, sensitivity and
specificity.
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CHAPTER 4

Automatic Recognition of Different Types of Acute

Leukaemia in Peripheral Blood by Image Analysis

This chapter presents a paper which develops a methodology based on traditional machine
learning algorithms to predict the diagnosis of acute leukaemia using peripheral blood cell images.
In this publication, we propose a system which has integrated feature selection after image
segmentation for the automatic recognition of myeloid and lymphoid blasts, abnormal
promyelocytes, reactive lymphocytes, lymphocytes and monocytes. We also present a detailed

analysis of the most relevant features to understand their importance in blast cell detection.
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ABSTRACT

Aims Morphological differentiation among different
blast cell lineages is a difficult task and there is a lack of
automated analysers able to recognise these abnormal
cells. This study aims to develop a machine learning
approach to predict the diagnosis of acute leukaemia
using peripheral blood (PB) images.

Methods A set of 442 smears was analysed from

206 patients. It was split into a training set with 75%
of these smears and a testing set with the remaining
25%. Colour clustering and mathematical morphology
were used to segment cell images, which allowed

the extraction of 2,867 geometric, colour and texture
features. Several classification techniques were studied
to obtain the most accurate classification method.
Afterwards, the classifier was assessed with the images
of the testing set. The final strategy was to predict the
patient’s diagnosis using the PB smear, and the final
assessment was done with the cell images of the smears
of the testing set.

Results The highest classification accuracy was
achieved with the selection of 700 features with linear
discriminant analysis. The overall classification accuracy
for the six groups of cell types was 85.8%, while the
overall classification accuracy for individual smears was
94% as compared with the true confirmed diagnosis.
Conclusions The proposed method achieves a high
diagnostic precision in the recognition of different types
of blast cells among other mononuclear cells circulating
in blood. It is the first encouraging step towards the idea
of being a diagnostic support tool in the future.

INTRODUCTION

Acute leukaemia (AL) are some of the most
common neoplastic diseases affecting both adults
and children. The starting point for clinical pathol-
ogists in the diagnosis of most AL is the detection of
blast cells in peripheral blood (PB). For this reason,
morphology is still important since a reliable
quick diagnosis can be made using basic haema-
tological parameters combined with microscopic
investigation.

Automated analysers based on digital image anal-
ysis are used in laboratories, which pre-classify PB
normal cells. However, the morphological discrim-
ination of abnormal PB cells by these devices is
still an unresolved problem, and some authors
reported accuracies in blast classification around
76%."* Moreover, these analysers cannot discrimi-
nate between myeloid and lymphoid blast lineages,
which is essential for choosing the suitable initial
treatment.

Multiple efforts have been made to develop
image-based automated methods for classifying
blasts, some of them proposing the use of machine
learning techniques.*'® Most of these previous
papers focused on the automatic recognition of
myeloblasts vs. lymphoblasts,” '® lymphoblasts vs.
lymphocytes,” '° ' and lymphoblasts or myeloblasts
vs. leukocytes.” > 1 ° Nevertheless, automatic
distinction between blasts and reactive lympho-
cytes could be also difficult since both share some
morphological similarities, as it has been highlighted
in some external quality control surveys.'” '® This
is why a previous paper by the authors' included
for the first time reactive lymphocytes for their
automatic recognition alongside myeloblasts and
lymphoblasts.

The objective of this paper is to develop a
machine learning system to predict the diagnosis of
acute leukaemia using PB images. The system input
is a set of cell images of an individual smear, and
the output is the prediction of one of the following
diagnoses: myeloid leukaemia, promyelocytic
leukaemia, lymphoid leukaemia or infection. It
will be achieved through the automatic recognition
of different blasts (myeloid and lymphoid origin)
and pathological promyelocytes, reactive lympho-
cytes and other normal mononuclear cells, such as
lymphocytes and monocytes.

Such a high number of groups has not been jointly
addressed before. This adds more complexity to
the challenging automatic classification of blasts
because of the overlapping morphological char-
acteristics they exhibit.”*** A particular major
challenge is the detection of pathological promyelo-
cytes, whose patients could present serious haemor-
rhagic accidents and die if no treatment is initiated
promptly.>* **

MATERIALS AND METHODS

This study was performed following two stages: (1)
classifier development, and (2) diagnostic system
design and assessment.

Image sets

Blood samples, collected in EDTA, were auto-
matically prepared using the slide maker-stainer
SP1000i (Sysmex, Kobe, Japan) and stained with
May Griinwald-Giemsa. Digital images of PB
cells were acquired by the CellaVision® DM96
(CellaVision, Lund, Sweden) (363x360 pixels)
from the routine workload of the Core Laboratory
of the Hospital Clinic of Barcelona. PB cell images
were identified by pathologists (AMe and AMo)

BM)
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Table 1 Diagnosis of the patients in the respective sets of study: AL according to the WHO 2016 classification and viral or other infections.
Training Testing
Diagnosis AL subtype and complementary tests P | !
AML with recurrent genetic abnormalities APL with PML-RARA 9 597 157
(HLA-DR-, CD34—, CD13+, CD33+)
AML with t(6;9) (p23;q34.1); DEK-NUP214 1 76 25
(CD45 weak, CD34+, HLA-DR weak, CD117 weak, CD13+, CD33+)
AML with inv(3) (q21.3926.2) 1 80 30
(CD45 weak, CD34+, HLA-DR+, CD117+, CD13 weak, MPO weak)
AML with t(9;11) (p21.3;923.3); MLLT3-KMT2A 144 65
AML with mutated NPM1 182 77
(HLA-DR+, CD117+, CD13+, CD33+, CD123+)
AML with myelodysplasia-related changes CD45 weak, CD34+, HLA-DR+, CD117+, CD13+, CD33+, CD123+ 9 376 140
AML, NOS Acute monoblastic/monocytic leukaemia 17 657 357
(HLA-DR+, CD13+, CD33+, CD64+, CD4+, CD36+, CD11b+)
ALL-B/lymphoma with recurrent genetic abnormalities ALL-B/lymphoma with t(9;22) (q34.1;q11.2); BCR-ABL1 7 135 99
(CD123+, CD19+, CD22+, CD79a+)
ALL-B/lymphoma, NOS CD19+, CD22+, CD79a+, CD10+, CD20+, CD34+ 8 402 143
CD45 weak, CD19+, CD79a+, TdT+, CD10—, CD20- 8 400 146
Viral or other infections 53 944 264
Total 120 3,993 1,503

The table also indicates the diagnosis and AL subtype with results of the most relevant complementary tests.
AL, acute leukaemia; ALL-B, acute lymphoid leukaemia;AML, acute myeloid leukaemia; APL, acute promyelocytic leukaemia;HLA-DR, Human leucocyte antigen; I, number of

images; MPO, Myeloperoxidase; NOS, not otherwise specified; P, number of patients.

according to their morphological characteristics. Patients’ diag-
noses were confirmed by the integration of all supplementary
test results: flow cytometry, cytogenetics and molecular biology.
Patients with AL were diagnosed by the Clinic Haematology
Service of the Hospital following the WHO 2016 classifica-
tion.” Table 1 shows the number of images and patients with AL
and infections included in training and testing sets.

A total of 442 PB smears from 206 patients were analysed:
86 corresponding to outpatients (not admitted to the hospital)
without any haematological disease, in which cell blood count
and smear review were normal, 53 with viral or other infections
and 67 with AL: myeloid (18) promyelocytic (9) monocytic (17)
and lymphoid (23). From each smear, pathologists selected those
cell images corresponding to the confirmed diagnosis, obtaining
a total of 7,468 images to work with. The training set was

arranged with 75% of these smears (332 with 5,493 images),
distributed in seven cell groups: lymphocytes (n=844) and
monocytes (n=656) as the control group, reactive lymphocytes
(n=944), myeloblasts (n=858), monoblasts (n=657), patholog-
ical promyelocytes (n=597) and B-lymphoblasts (n=937).

The testing set included the remaining 25% of the smears
(110 with 1,975 images), distributed as follows: lymphocytes
(n=245), monocytes (n=227), reactive lymphocytes (n=264),
myeloblasts (n=337), monoblasts (n=357), pathological promy-
elocytes (n=157) and B-lymphoblasts (n=388).

Stage 1: classifier development

Image-based recognition systems include image segmentation,
feature extraction/selection and classification (see figure 1).
In this work, we used an automatic segmentation procedure

Feature extraction
(2,B67 features)

Feature selection
and analysis

Classification

. H
Training set

332 PB smears
5,493 cell images

IMAGE ACQUISITION IMAGE PROCESSING

( The best 700

The best LDA |
classifier

fealures

PATTERN RECOGNITION

Reactive lymphocyte

Testing set
110 PB smears
1,975 cell images

Figure 1

'
[Fealure on LDA 4
| (700 features) Classi n [\

i

Lymphoblast
Pathological promyelocyte

Diagram illustrating the steps followed to develop the classifier. Firstly, the training set of 332 smears (5,493 cell images) is processed

through the automatic segmentation procedure to obtain a database of features, which is used to tune the best classifier through an iterative process
involving 5-fold cross validation, where the most relevant features are determined by the accuracy of the classifier. The final recognition module
includes a classifier based on LDA, whose input is the set of the 700 most relevant features. Secondly, the testing set of new 110 smears (1,975

cell images) is processed following the preceding steps. This final stage consists of the assessment of the system for cell classification. LDA, linear

discriminant analysis; PB, peripheral blood.
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recently published by our group. This algorithm uses the image
colour information through fuzzy clustering of different colour
components and the application of the watershed transforma-
tion with markers. A more detailed explanation could be found
in Alférez et al.*. This segmentation allowed us to obtain three
regions of interest (ROIs): the nucleus, the whole cell and the
peripheral zone around the cell. A fourth ROI was obtained for
the cytoplasm by the difference between the cell and the nucleus.

From each ROI, quantitative features were calculated for the
purpose of morphological analysis and further classification. In
this study, 28 geometric and 2,839 colour and texture features
were calculated for each segmented cell. Geometric features give
quantitative geometric interpretations of cell and nucleus shapes,
whose definitions can be found in Alférez et al.”’.

Colour is a physical property very helpful in characterising
blood cells. An image is separated into three colour components:
red, green and blue. To explore the rich amount of colour infor-
mation in malignant blood cells, more colour spaces were used.
Each colour component results in an individual greyscale image,
which contains shades of grey, varying from black at the weakest
intensity (0) to white at the strongest (255).%% .

Colour features are calculated from the histogram of a grey-
scale image. This plot displays the number of pixels corre-
sponding to different intensity values. For each histogram, six
statistical features were calculated: mean, standard desviation,
skewness, kurtosis, energy and entropy.”’ %

Texture in digital images is identified by uniformity, density,
pixel tone and their spatial relationships, among others.*® 3!
Statistical measures are calculated from the grey level co-oc-
currence matrix (GLCM), which represents the probability that
pairs of neighbouring pixels have similar intensities.*>** Exam-
ples of these statistical parameters are correlation, cluster shade
and maximum probability. In this study, we also considered
more mathematical approaches to characterise texture, whose
explanation can be found in Alférez et al.”” % 3

After feature extraction, each cell image is uniquely described
by a set of numerical features. Using this set, the classifier output
is the prediction of the class to which the cell image belongs.
In machine learning, it is important to select a reduced number
of features to decrease complexity and computation time.*” In
this study, selection techniques were employed to determine the
most relevant features by using conditional mutual information
maximisation criteria.>® This procedure was implemented within
the tuning of the classifier parameters, as shown by the feedback
arrow in figure 1, to obtain the most relevant features from the
best classification.

Several classification techniques were studied to face the chal-
lenging number of cell types under study: linear discriminant
analysis (LDA), k-nearest neighbour, naive Bayes, support vector
machine and random forest. A 5-fold cross validation technique

INPUT

IMAGE
PROCESSING

was performed using the images of the training set. The overall
classification accuracy (ratio of images correctly classified in
their true category) was used to choose the best features and clas-
sifier. This classifier was further validated using the images of the
testing set, which were not previously used in the training step.
Furthermore, to interpret the most relevant features involved
in the discrimination of the cells under study, statistical analysis
was performed using R software®” over the selected features:
Kolmogorov-Smirnov test for residuals normality, Flign-
er-Killeen test for variance homogeneity, Kruskal-Wallis test to
calculate p-values and Kruskal-Wallis test after Dunn test by
applying Bonferroni adjustment for multiple comparisons to see
which pairs of cells could be quantitatively differentiated.

Stage 2: diagnostic system design and assessment
Once the system was ready for the classification of individual
cell images, our strategy was to predict patient’s diagnosis using
the PB smear, trying to emulate the way pathologists interpret
results in clinical laboratories. The system input was a set of cell
images of an individual smear and the output was the predic-
tion of one of the following diagnoses (see figure 2): myeloid
leukaemia, promyelocytic leukaemia, lymphoid leukaemia or
infection. The diagnosis was made by identifying the cell class
that predominated in the smear. This required a previous step
to establish a threshold value such that the diagnosis will be
predicted by identifying the cell class with the percentage of
images classified above this value. We used all the smears of the
training set to perform a multiclass Receiver Operating Charac-
teristic (ROC) analysis with the statistical R software. The result
was the optimal threshold in terms of the percentage of images
correctly classified by the system over the total number of images
in the smear, such that it guarantees the largest number of smears
correctly predicted in its true diagnosis within the training set.
Once the threshold was determined, the automatic recognition
system was assessed using the smears of the testing set, which
were not used before.

A confusion matrix was obtained to evaluate the system
performance, and sensitivity and specificity were calculated.

RESULTS
Stage 1: classifier development
For the classifier development, we extracted 2,867 quantitative
features, which were ranked based on a relevance criterion. As
shown in figure 3, we trained and tuned five classifiers using
different numbers of the best-ranked features and displayed the
corresponding accuracy. The highest accuracy was achieved with
the LDA classifier when using the best 700 features.

Table 2 lists the 10 most relevant features. Among them,
three features were geometric and seven represented colour and

Myeloid

FEATURES PATTERN leukaemia

]
|
i
CALCULATION RECOGNITION |
] Promyelocytic

i
e
!

Segmentation H | N =700 |—)[ LDA classifier

leukaemia

Lymphoid

leukaemia

OUTPUT

Figure 2 Diagram illustrating the design of the diagnostic system to predict the patient’s diagnosis using the peripheral blood smear. The
system input is a set of cell images of an individual smear, and the output is the prediction of one of the following diagnoses: myeloid leukaemia,
promyelocytic leukaemia, lymphoid leukaemia or infection. LDA, linear discriminant analysis.
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Figure 3  Plot of the five classifiers trained and tuned with all the
2,867 features to obtain the combination of the best number of features
and the classifier with the highest overall classification accuracy. The
x-axis shows the number of features and y-axis shows the accuracy
values (in percentage) for each selected number of features. The highest
classification accuracy (marked with an arrow) is achieved with the
selection of the most relevant 700 features with LDA classifier. Bayes,
naive Bayes; KNN, k-nearest neighbour; LDA, linear discriminant
analysis; R forest, random forest; SVM, support vector machine.

texture. Eight features were calculated from the whole cell and
two from the nucleus.

As an example of a colour statistical feature calculated from
the histogram, figure 4 shows the kurtosis of the green—red of
the cell. Tt was the best feature to distinguish among the seven
cell groups. It considers the green-red pixels and measures the
histogram’s flatness. We observed that kurtosis is related to the
nucleus/cell relation. In fact, cells with high relation show higher
kurtosis values. Figure 4 shows two original images of a B-lym-
phoblast and a monoblast and the histograms from the green-red
component. The histogram of a B-lymphoblast (in blue) presents
a narrow and flatter peak with the pixels very localised within
a short intensity range, so that the kurtosis of the cell is higher.
In contrast, the histogram of a monoblast (in red) shows two
peaks with lower height, indicating more information variety,
corresponding to cytoplasm and nucleus, respectively. Table 2
summarises the results of the statistical analysis performed among
the cell pairs in which recognition by morphology is difficult. It
shows that kurtosis was significantly different between reactive
lymphocytes and myeloblasts or B-lymphoblasts (p<0.0001),
between B-lymphoblasts and myeloblasts (p<0.0001), and
between myeloblasts and monoblasts (p<0.0001).

(B) Green-red component

(A) Original image N Grovacile

(C) Green-red intensity histogram

Pixal count
2

(D) Statistical feature calculated from the histogram

Kurtosis = 6.09

Groon-1ed intensity levels
Figure 4 (A) Original images of B-lymphoblast from acute lymphoid
leukaemia and monoblast from acute monocytic leukaemia acquired
by the CellaVision®DM96. (B) Green—red component in greyscale. (C)
Green—red intensity histogram. (D) Statistical feature calculated from
the histogram. The whole cell in the B-lymphoblast image is practically
formed by bright spots. It correlates with its histogram (blue), which
presents a narrow peak with the pixels very localised in a short intensity
range between 155 and 175, so that the kurtosis is higher. In contrast,
the histogram of monoblast image (red) shows two lower peaks, which
cover many pixels with different levels of intensity. This indicates more
information variety due to the presence of the cytoplasm that makes the
nucleus/cell relation lower; therefore, the kurtosis of the image is lower.

Regarding geometric features, nuclear area, cellular area and
Nucleus/Cell (N/C) ratio were the most representative. Those
cells with higher nucleus and bigger cellular area, such as patho-
logical promyelocytes and monoblasts, had higher values for
nuclear and cellular areas. In contrast, either myeloblasts or
B-lymphoblasts are smaller cells with smaller nucleus, which was
correlated with their lower values for these features. The N/C
ratio was significantly different between myeloblasts and B-lym-
phoblasts (p<0.0001), between myeloblasts and pathological
promyelocytes (p<0.01) and between myeloblasts and mono-
blasts (p<0.0001) (see table 2).

The blue correlation of the cell is the first among the texture
features. Figure 5 shows this statistical feature, which is based on
the GLCM. Correlation measures how correlated a pixel is to its
neighbours over the whole cell. As shown in figure 5, the blue
correlation for a reactive lymphocyte with lower nucleus/cell
relation was high (0.94), since bright intensity pixels are close
to each other (corresponding to cytoplasm), as well as those of
darker intensities (nucleus). Moreover, the majority of values
were grouped in the main GLCM’s diagonal, which resulted in

Table 2  P-values obtained after applying Kruskal-Wallis post-hoc tests after Dunn by applying Bonferroni type-adjustment

Lymphoblasts vs.  Pathol Prom vs. Myeloblasts vs.

Rank Feature (type) RL vs. Lymphoblasts RL vs. Myeloblasts Myeloblasts Myeloblasts Monoblasts
1 Kurtosis of the green—red of the cell (colour) ~ <0.0001 <0.0001 <0.0001 NS <0.0001
2 Area of the nucleus (geometric) <0.0001 NS <0.0001 <0.0001 <0.0001
3 Area of the cell (geometric) <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
4 Correlation of the blue of the cell (texture) <0.0001 <0.0001 <0.0001 NS <0.0001
5 Mean of the blue of the nucleus (colour) <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
6 Energy of the yellow of the cell (colour) <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
7 Cluster shade of the blue—purple of the cell <0.0001 <0.0001 0.0021 0.0428 <0.0001

(texture)
8 Skewness of the green—red of the cell (colour) <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
9 Nucleus/Cell ratio (geometric) <0.0001 <0.0001 <0.0001 0.026 <0.0001
10 Energy of the magenta of the cell (colour) <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Multiple comparisons of the quantitative values from the 10 most relevant features corresponding to five pairs of cell subsets are shown, in which their recognition in peripheral
blood smears by morphology usually is difficult. P<0.05 was considered significant.
. NS, non-significant; Pathol Prom, pathological promyelocyte; RL, reactive lymphocyte.
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Figure 5 (A) Original images of RL and myeloblast from acute myeloid

leukaemia acquired by the CellaVision® DM96. (B) Blue component in
greyscale. (C) Grey level co-occurrence matrices obtained in MATLAB®.
The RL image shows more bright intensity values due to the presence of
its cytoplasm and darker intensities corresponding to the nucleus. The
majority of values are concentrated in the main diagonal, which results
in a higher correlation value. In contrast, the myeloblast image shows
many pixels with different levels of grey intensities. This indicates more
information variety, more intensity differences between neighbouring
pixels and, therefore, lower correlation. RL, reactive lymphocyte.

a higher correlation value. In the opposite way, figure 5 shows a
myeloblast with the nucleus occupying almost the whole cell and
presenting many pixels with different levels of grey intensities.
This indicates more intensity differences between neighbouring
pixels and, therefore, a lower correlation value (0.42). As seen in
table 2, blue correlation showed significant differences between
reactive lymphocytes and myeloblasts and B-lymphoblasts
(p<0.0001), between myeloblasts and lymphoblasts (p<0.0001),
and between myeloid and monocytic blasts (p<0.0001).

Classification by individual cells

The last step for classifier development was a validation of
the LDA classifier (with the best 700 features). This was done
through a blind classification of all the individual images of the
testing set. Table 3 shows the confusion matrix that summarises
the classification results. The true positive rates shown in the
main diagonal were: 97.7% for reactive lymphocytes, 97.6%
for lymphocytes, 93% for monocytes, 80.8% for myeloid blasts
(myeloblasts and monoblasts), 72.6% for pathological promyelo-
cytes and 78.9% for B-lymphoblasts. The overall classification

Original article

Multiclass ROC

AUC =099

Sensitivity

1 - Specificity

Figure 6 Plot of the multiclass ROC analysis to obtain the best
threshold to predict the diagnosis of the subtype of acute leukaemia.
The best threshold is defined as the minimum percentage of images
required in a cell class to predict a diagnosis. The 50% resulted to be the
best threshold (marked with a red dot), obtaining an AUC of 0.99. AUC,
area under the curve ; ROC, Receiver Operating Characteristic.

accuracy was 85.8%. Most of the individual cell images were
automatically identified in the group of its true class.

Stage 2: diagnostic system design and assessment

Prior to assessment, figure 6 shows the results of the multiclass
ROC analysis performed by analysing all the smears of the
training set. This curve was obtained by averaging the single
ROC curves obtained for each of the six classes under study. It
was found that 50% of the cell images correctly classified was
the best threshold to predict patient’s diagnosis through the
smear, obtaining an area under the curve of 0.99.

For example, such threshold may be interpreted in such a way
that if more than 50% of the cell images of a smear are clas-
sified as myeloblasts, the predicted diagnosis is acute myeloid
leukaemia.

Classification by individual smears

Table 4 shows the classification results for the smears of the
testing set, considering the 50% threshold. As seen in the main
diagonal, 100% of smears corresponding to patients with
infections were correctly classified, as well as those containing
lymphocytes or monocytes (accuracies of 100% and 97%,
respectively). In regard to AL, the true positive rates were 88%
for myeloid leukaemia, 85% for lymphoid leukaemia and 80%
for promyelocytic leukaemia. The overall classification accu-
racy of individual smears was 94%. Moreover, sensitivity values
above 97% were obtained for normal smears and those related
to infections and above 80% for all AL subtypes, while speci-
ficity values for all categories were above 96%.

Table 3  Confusion matrix of the classification results (in %) for the images of the testing set

Predicted class

Lymphoid blasts  Pathological
promyelocytes

True class  Lymphoid blasts 78.9 15

Pathological promyelocytes  14.0 72.6

Myeloid blasts 14.0 1.6

Reactive lymphocytes 0.4 0.0

Lymphocytes 0.0 0.0

Monocytes 13 0.4

Myeloid blasts Reactive Lymphocytes  Monocytes
lymphocytes

16.5 2.1 1.0 0.0

134 0.0 0.0 0.0

80.8 1.6 0.1 1.9

1.1 97.7 0.0 0.8

0.0 2.0 97.6 0.4

1.3 4.0 0.0 93.0

Rows indicate the true class and columns represent the predicted class supplied by the classifier. Diagonal values are the true positive rates for each cell type. The overall

classification accuracy was 85.8%.
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Table 4 Confusion matrix of the classification results (in %) for the
individual smears of the testing set, taking the threshold of 50% into
consideration.

Predicted diagnosis

ALL-B APL AML Infections Control Control
(Ly) (M0)
True ALL-B 85 0 15 0 0 0
diagnosis  ApL 0 80 20 0 0 0
AML 12 0 88 0 0 0
Infections 0 0 0 100 0 0
Control 0 0 0 0 100 0
(LY)
Control 0 0 0 3 0 97
(MO)

Rows indicate the true diagnosis and columns represent the predicted diagnosis
supplied by the classifier. Diagonal values are the true positive rates for each smear.
The overall classification accuracy was 94%.

ALL-B, acute lymphoid leukaemia; AML, acute myeloid leukaemia; APL, acute
promyelocytic leukaemia; LY, lymphocyte; MO, monocyte.

DISCUSSION

Morphological review of PB smears is still relevant nowadays in
that it provides the primary evidence of a specific haematolog-
ical or non-haematological diagnosis. In this sense, blood cell
morphology has become crucial for the initial diagnosis of AL
subtype, especially in acute promyelocytic leukaemia, to apply the
suitable treatment.

In this paper, for the first time, we employ a LDA classifier
combined with our recently published automated segmentation
algorithm®® and with feature extraction for the automatic recogni-
tion of blasts, reactive lymphocytes and other mononuclear cells,
as well as for the distinction among myeloblasts, B-lymphoblasts
and pathological promyelocytes. The automatic recognition of this
wide variety of cell types is a new contribution since it has not
previously been accomplished. Previous results showed accuracy in
the automatic classification of B-lymphoblasts and lymphocytes.'
However, these two groups of lymphoid cells are usually easier
to differentiate than myeloblasts and lymphoblasts. Other studies
tried to automatically detect lymphoblasts’ '* or myeloblasts®
among other leukocytes, which show a very different morphology
since the nucleus of neutrophils, eosinophils and basophils is lobu-
lated and their cytoplasm shows abundant granules. From a diag-
nostic perspective, our contribution is relevant since it allows us
(1) to diagnose malignant and non-malignant diseases and (2) to
recognise the AL subtype.

In previous studies, we have described results about the automatic
recognition of different types of abnormal lymphocytes, where
high precision has been achieved when selecting 140 features.' In
regard to leukemic cells, the results of this study demonstrate that
the best classification is achieved when the number of features is
increased compared to our previously published paper."”” When we
considered smaller numbers of features, the accuracy decreased
(data not shown). The reason why this study required a greater
number of features may be related to the inclusion of a larger
image data set, as well as much different types of blasts and other
mononuclear cells.

Regarding feature analysis, our results demonstrated that the
N/C ratio was one of the most important geometric features. This
is consistent with our previous publications, which reported that
this feature was also the most relevant for the recognition among
several abnormal lymphocytes subsets*® and blasts."”” Moreover,
in*! were listed the features most commonly used for the auto-
matic recognition of leukaemia, with N/C ratio being one of

them. Wahhab et al.** found that the N/C ratio was within the
best geometric features to distinguish between lymphoblasts and
myeloblasts with an accuracy of 93.6%.

The relevance obtained in colour and texture features, such
as Kurtosis and Correlation, can be explained by the large cyto-
plasm of reactive lymphocytes, monoblasts and some pathological
promyelocytes in comparison with the low cytoplasm of myelo-
blasts and B-lymphoblasts. The Mean provides essential infor-
mation for cell types with dispersed chromatin. The differences
observed among different myeloid blasts can be related to the
immature chromatin with visible nucleolus in myeloblasts, which
is seen as a thinner texture in monoblasts, compared to the abun-
dant azurophil granulation typical in pathological promyelocytes.
Moreover, Cluster Shade allows the distinction among cells with
thinner and condensed texture. Lower values shown in lympho-
blasts and myeloblasts can be associated with their nucleus occu-
pying almost the entire cell, resulting in a cell image with a very
condensed texture. Higher values are seen in monoblasts and reac-
tive lymphocytes, which exhibit a thinner texture because of their
cytoplasm. The results obtained in this work are in accordance with
previous studies, such as that of Wahhab et al.,* who found that
information of the nuclear chromatin distribution pattern could be
provided by GLCM features, and cluster shade, correlation, mean
and skewness were among the most important texture features to
distinguish between lymphoblasts and myeloblasts.

The automatic recognition of blasts has always been addressed
considering each cell image as a unit,* *” without considering indi-
vidual smears when arranging sets for both training and assessing
the classifier. It may happen that images from the same smear are
used in both stages, causing an undesired bias. An innovation of
this study is that we arranged a set of smears for the system devel-
opment and a different one for the assessment. For the first time,
PB smear was used as a diagnostic unit, which allowed us to achieve
an efficient approach for diagnostic prediction in patients with AL
or infection using digital images. Future implementation in clinical
laboratories of such technology will entail challenges in the stan-
dardisation of PB smear staining to ensure high-quality smears and
to minimise diversity among images from different sources.

A satisfactory diagnostic ability was achieved as the system
differentiated normal smears from those related to infections and
with respect to smears with abnormal leukemic cells (as seen in
table 4). It is important to note that the lower accuracy for smears
with pathological promyelocytes (80%), in relation to the other
AL, is because the remaining 20% were classified as smears from
patients with myeloid leukaemia, which is true since promyelocytic
leukaemia is a subtype acute myeloid leukaemia.

The key contribution of this work is a system which has inte-
grated feature selection to lead to the most relevant quantitative
features to achieve the highest percentage of classification accu-
racy. Moreover, such detailed analysis of the most relevant features
to understand their importance has not previously been done. All
these improvements related to methodology have allowed us to
achieve high overall accuracy not only when classifying cell by
cell but also when classifying simultaneously all the images from a
single smear for diagnostic purposes.

For the first diagnostic orientation of leukaemia in the clinical
laboratory, it is important the detection of quantitative abnormal-
ities in leucocyte count, haemoglobin level or thrombocyte count,
which triggers the smear review. The detection of blast cells circu-
lating in blood is the following step. The integration of laboratory
parameters, smear review and an automatic classification system
able to confirm blast detection and to discriminate among blasts of
different origin may improve the diagnostic orientation of patients
with AL. In the end, the proposed method would be a practical tool
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Take home messages

» Morphological review of the peripheral blood smear is the
first step to detect blast cells, being crucial for the initial
diagnosis of acute leukaemias.

» The contribution of this paper is to provide an automatic
recognition system able to predict the diagnosis of patients
with acute myeloid leukaemia, acute promyelocytic
leukaemia, acute lymphoid leukaemia and infection using
peripheral blood images.

» An innovation of this study is that the smear is used as
a diagnostic unit, which enabled the achievement of a
satisfactory diagnostic ability when differentiating normal
smears from those related to infections and with respect to
smears with abnormal leukemic cells.

» In addition, the proposed system would be a practical
tool to assist the pathologist in the initial diagnosis of
acute leukaemia during the morphological examination in
peripheral blood.

to assist the pathologist in the initial diagnosis of acute leukaemia
through the morphological examination of PB cells.
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for its integration in a real clinical setting. In this publication, we propose a new predictive system
designed with two serially connected convolutional networks to assist pathologists in the
diagnosis of acute leukaemia during the blood smear review. The concept of fine-tuning is
adopted to examine the effects of four well-known CNNs on model performance, which are
trained and evaluated using 5-fold cross validation and hold-out. Furthermore, the proposed
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Background and objectives: Morphological differentiation among blasts circulating in blood in acute
leukaemia is challenging. Artificial intelligence decision support systems hold substantial promise as part
of clinical practise in detecting haematological malignancy. This study aims to develop a deep learning-
based system to predict the diagnosis of acute leukaemia using blood cell images.
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Methods: A set of 731 blood smears containing 16,450 single-cell images was analysed from 100 healthy
controls, 191 patients with viral infections and 148 with acute leukaemia. Training and testing sets were
arranged with 85% and 15% of these smears, respectively. To find the best architecture for acute leukaemia
classification VGG16, ResNet101, DenseNet121 and SENet154 were evaluated. Fine-tuning was imple-
mented to these pre-trained CNNs to adapt their layers to our data. Once the best architecture was
chosen, a system with two modules working sequentially was configured (ALNet). The first module recog-
nised abnormal promyelocytes among other mononuclear blood cell images, such as lymphocytes, mono-
cytes, reactive lymphocytes and blasts. The second distinguished if blasts were myeloid or lymphoid lin-
eage. The final strategy was to predict patients’ initial diagnosis of acute leukaemia lineage using the
blood smear review. ALNet was assessed with smears of the testing set.

Results: ALNet provided the correct diagnostic prediction of all patients with promyelocytic and myeloid
leukaemia. Sensitivity, specificity and precision values of 100%, 92.3% and 93.7%, respectively, were ob-
tained for myeloid leukaemia. Regarding lymphoid leukaemia, a sensitivity of 89% and specificity and
precision values of 100% were obtained.

Conclusions: ALNet is a predictive model designed with two serially connected convolutional networks.
It is proposed to assist clinical pathologists in the diagnosis of acute leukaemia during the blood smear
review. It has been proved to distinguish neoplastic (leukaemia) and non-neoplastic (infections) diseases,
as well as recognise the leukaemia lineage.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

Acute leukaemia are a heterogeneous group of blood-related
cancers characterized by the abnormal proliferation of blast cells
in bone marrow, where causes a replacement of normal cells and
a decrease of the three haematopoietic lines in peripheral blood.
They represent the 11™ and 10 most frequent cause of can-
cer occurrence and death worldwide, respectively, with more than
300,000 deaths estimated in 2018. Acute myeloid leukaemia is an
aggressive cancer with 3.7 new cases per 100,000 habitants per
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year and with a 5-year survival of only 19% in Europe [1]. A timely
and accurate diagnosis is crucial for an effective disease manage-
ment.

The World Health Organization (WHO) considers morphology,
along with other complementary tests such as immunophenotype,
cytogenetic and molecular biology, essential for the integrated di-
agnosis of acute leukaemia [2]. This is why the starting point in
their diagnosis is still the detection of blasts in blood. Nevertheless,
smear review is time consuming, requires well-trained personnel
and is prone to intra-observer variability, which is particularly true
when dealing with blasts. Indeed, subtle interclass morphological
differences exist for leukaemia types, which turns into low speci-
ficity scores in the routine screening [3]. They are well-known
the difficulties that clinical pathologists have in the discrimina-
tion among different blasts and the subjectivity associated with
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Fig. 1. Scheme of the automatic classification system proposed as a support diagnostic tool for the diagnostic prediction of: 1) infection, 2) acute promyelocytic leukaemia,

3) acute myeloid leukaemia and 4) acute lymphoid leukaemia.

their morphological recognition. Identifying the leukaemia lineage
is crucial since the prognostic and immediate therapeutic conse-
quences drastically depend on this differentiation. This challenging
problem has been scarcely addressed in the literature in spite that
it is well known that automated blood cell image analysers tend to
underestimate the number of blast cells [4,5].

Image analysis, quantitative morphological features and ma-
chine learning approaches have been the main technological tools
adopted in the last decade to overcome such drawbacks [6,7]. The
late explosion of deep learning has shifted the focus towards new
classification models using convolutional neural networks (CNNs)
[7,8]. The application of these automatic classification systems will
increasingly become a part of clinical practise in the coming years
in the field of haematological malignancy [9,10].

Recently, CNNs have proven to be successful for the classifica-
tion of normal white blood cells [11-16], the distinction of spe-
cific cell subtypes, such as erythroid and myeloid precursors [17],
and also for the diagnosis of lymphoma from lymph node digital
images [18]. In the context of the morphological classification of
cells circulating in peripheral blood in acute leukaemia, most of
the previous works used CNNs with transfer learning techniques
[19-26], while others used them for feature extraction and after-
wards classify images with other well-known traditional machine
learning techniques such as support vector machine [27,28].

Literature reveals that lymphoid leukaemia has received more
attention, as the automatic recognition of acute leukaemia with
CNNs has mainly been addressed in two cases: 1) to differenti-
ate lymphoblasts and leukocytes with very diverse cell morphol-
ogy, including neutrophils, eosinophils, basophils and lymphocytes
[19,24,26,27]; and 2) to separate lymphoblast subtypes [20,21]. Fur-
thermore, CNNs have also been employed in bone marrow im-
ages in two problems: 1) the differentiation of the subtypes of
acute lymphoid leukaemia regarding the French-American-British
(FAB) classification [29], which has recently been replaced by the
WHO classification for clinical practise; and 2) the discrimination
between acute and chronic leukaemia [30]. It is remarkable that
none of these previous works have considered the presence of re-
active lymphocytes, which could be difficult since these lymphoid
cells share some morphological similarities with blasts [31,32], nor
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the distinction among blasts from different origin [2,33]. Moreover,
the detection of abnormal promyelocytes is of utmost importance
because acute promyelocytic leukaemia patients can suffer severe
bleeding and die if no treatment is initiated promptly [34].

The objective of this paper is to develop a new CNN-based sys-
tem (ALNet) to predict the initial diagnostic orientation of acute
leukaemia using blood cell images, which must be highly sensitive
and specific for clinical application. The system input is a set of
cell images of an individual patient’s smear, and the output is the
prediction of one of the following diagnoses: acute promyelocytic
leukaemia (APL), acute myeloid leukaemia (AML non-APL), acute
lymphoid leukaemia (ALL) or infection.

The recognition of lymphoblasts from myeloblasts by morphol-
ogy in the blood smear review is a challenging problem because
they share morphological characteristics. To the authors’ knowl-
edge, it is the first time in the literature that reactive lympho-
cytes, abnormal promyelocytes alongside myeloid blasts and B-
lymphoblasts have been jointly considered for their automatic
recognition using CNN approaches. A previous publication by the
authors [35] addressed the recognition of these cell groups using a
linear discriminant analysis classifier in which the overall accuracy
was 85.8%. Our new contribution is clinically relevant since the
proposed sequential system ALNet is able to distinguish neoplas-
tic (leukaemia) and non-neoplastic (infections) diseases, as well as
recognise the leukaemia lineage with an overall accuracy of 94.2%.
This improvement makes possible its integration as a decision sup-
port system to assist pathologists when there is suspicion of acute
leukaemia.

2. Material and methods
2.1. Overview

The main objective of this study is to design an automatic clas-
sification system to work within the general scheme shown in
Fig. 1 and based on CNNs. The rationale for this scheme is twofold:
1) the first step in the diagnosis of acute leukaemia is the morpho-
logical review of the peripheral blood smear; and 2) the clinical
pathologist could select those abnormal cell images responsible for
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Diagnosis of the patients in the respective sets of study: acute leukaemia (AL) according to the WHO 2016 classification and viral infections. The table also indicates the
diagnosis and AL subtype with results of the most relevant complementary tests. ALL-B acute lymphoid leukaemia; AML, acute myeloid leukaemia; APL, acute promyelocytic
leukaemia; HLA-DR; human leucocyte antigen; MPO, myeloperoxidase; NOS, not otherwise specified; P, number of patients.

Training Testing
DIAGNOSIS AL SUBTYPE AND COMPLEMENTARY TESTS P Ne° images N° images
AML with recurrent genetic abnormalities APL with PML-RARA (HLA-DR-, CD34-, CD13+, CD33+) 15 2,575 1,358
AML with t(6;9) (p23;q34.1); DEK-NUP214 (CD45 weak, CD34+, HLA-DR 5 144 65
weak, CD117 weak, CD13+, CD33+)
AML with inv(16) (p13.1q22) or t(16;16) (p13.1;q22); CBFB-MYH11 1 21 12
(CD45 weak, CD117+, MPO+, CD13+, CD33+, CD4+)
AML with t(8;21) (q22;q22.1); RUNX1-RUNXITI (CD45 weak, HLA-DR+, 2 47 29
CD34+, CD117+, MPO weak, CD13+, CD33+)
AML with inv(3) (q21.3¢26.2) (CD45 weak, CD34-+, HLA-DR+, CD117+, 2 62 25
CD13 weak, MPO weak)
AML with t(9;11) (p21.3;923.3); MLLT3-KMT2A 5 138 41
AML with mutated NPM1 (HLA-DR+, CD117+, CD13+, CD33+, CD123+) 13 669 68
AML with myelodysplasia-related changes CD45 weak, CD34+, HLA-DR+, CD117+, CD13+, CD33+, CD123+ 51 1,153 390
AML, NOS Acute monoblastic/monocytic leukaemia (HLA-DR+, CD13+, CD33+, 17 636 144
CD64+, CD4+, CD36+, CD11b+)
ALL-B/lymphoma with recurrent genetic ALL-B/lymphoma with t(9;22) (q34.1;q11.2); BCR-ABL1 (CD123+, CD19+, 9 141 337
abnormalities CD22+, CD79a+)
ALL-B/lymphoma, NOS CD19+, CD22+, CD79a+, CD10+, CD20+, CD34+ 13 199 285
CD45 weak, CD19+, CD79a+, TdT+, CD10-, CD20- 15 277 401
Viral or other infections 191 1,852 459
TOTAL 339 7,914 3,614
Table 2

Total number of blood cell images and smears used in this work. Images and smears are grouped by class for each dataset and the number of healthy controls and patients

for each entity is provided.

Number of images

Number of smears Number of controls

and patients

Entity Cell type Training Testing Training Testing
Healthy controls Lymphocytes 3,288 312 82 13 100
Monocytes 1,205* 117 83 4
Infections Reactive lymphocytes 1,852* 459 168 46 191
Acute leukaemia Abnormal promyelocytes 2,575 1,358 19 14 148
Myeloid Myeloblasts 2,234 630 200 25
blasts Monoblasts 636 144 24 5
B-Lymphoblasts 617~ 1,023 48 27
TOTAL 12,407 4,043 623 108 439

* Cell groups with less than 2,500 images for training, which were up-sampled with data augmenting techniques to balance all the classes

suspecting of acute leukaemia and upload them into the system to
obtain the assistance of an automatic classification.
Our design is focused on achieving the following specifications:

1 The prompt and accurate detection of promyelocytic leukaemia,
motivated by the emergency of avoiding severe bleeding and
disseminated intravascular coagulation with patients’ death.

2 The discrimination between myeloid and lymphoid leukaemia
lineages, motivated by the different strategical therapies they
require.

The system development and assessment involve two main
stages:

1 In the first stage, we develop a CNN model to automati-
cally classify images of six cell groups: 1) lymphocytes, 2)
monocytes, 3) reactive lymphocytes, 4) abnormal promyelo-
cytes, 5) myeloid blasts (myeloblasts and monoblasts) and 6)
B-lymphoblasts.

2 Based on the results obtained when testing this classifier, in
the second stage we design and evaluate a recognition system
where the input will be a set of cell images of an individual
patient’s blood smear, and the output will be the prediction of
one of the following diagnoses: APL, AML, ALL or infection.

The remaining of this section will be devoted to describe the
most relevant issues of the CNN classifier development, including
the used image database. To keep a continuous thread in the pre-

58

sentation, all the details concerning the second stage will be pre-
sented in Section 3.

2.2. Image datasets

Blood samples, collected in EDTA, were automatically prepared
using the slide maker-stainer SP10i (Sysmex, Kobe, Japan) and
stained with May Griinwald-Giemsa. Digital images of blood cells
were acquired by the CellaVision® DM96 (CellaVision, Lund, Swe-
den) (363 x 360 pixels) from smears compiled during daily work
in the Core Laboratory of the Hospital Clinic of Barcelona. Each dig-
ital image contained a single cell. Cell images were identified by
pathologists according to their morphological characteristics. Pa-
tients’ diagnoses were confirmed by the integration of all supple-
mentary data: clinical data, morphology, flow cytometry, cytoge-
netics and molecular biology. Patients with acute leukaemia were
diagnosed by the Clinic Haematology Service of the Hospital fol-
lowing the WHO 2016 classification [36]. We regard these con-
firmed diagnoses as the ground truth for training and evaluating
the models. Table 1 shows the number of images and patients with
acute leukaemia and infections included in training and testing sets.

Table 2 details the number of images and smears corresponding
to the different cell classes included in training and testing sets and
the number of healthy controls and patients from which they were
obtained. Images and smears are grouped in six classes for each
dataset: lymphocytes, monocytes, reactive lymphocytes, abnormal
promyelocytes, myeloid blasts [myeloblasts and monoblasts) and
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Fig. 2. Examples of some of the transformations applied to increase the number of images of the train set. (A) Original image of a B-lymphoblast; (B, C, D, E) Versions of the

same image rotated and flipped.

B-lymphoblasts. Smears were obtained from 100 healthy controls,
191 patients with viral infections and 148 patients with acute
leukaemia.

The training set was arranged with 85% of the smears [623 with
12,407 images), distributed into the above groups of interest. The
testing set, reserved for the final assessment of the classification
system, included the remaining 15% of the smears [108 with 4,043
images).

Data augmenting was performed to balance the training set by
incrementing the number of images and obtaining the same num-
ber per each cell class. Individual images were modified applying
randomly transformations as vertical and horizontal flips and ro-
tations from 0 to 60 degrees [37]. Up to four different versions of
each original image were obtained from those groups containing
less than 2,500 images (monocytes, reactive lymphocytes and B-
lymphoblasts) as illustrated in Fig. 2.

2.3. Development and testing of the first CNN classifier

CNNs are multi-layered architectures able to automatically ex-
tract complex and high-dimensional features from a large set of
images [38]. Through scanning images, they detect and learn pat-
terns by the interaction of their elementary units (neurons) anal-
ogising the learning process of human brain. Unlike traditional
computer vision models where hand-crafted features are extracted
and used to train a classifier, CNNs can learn how to extract rel-
evant features and use them for classification purposes. Moreover,
in contrast to previous machine learning methods, the automatic
classification of blood cells will not explicitly rely on complex seg-
mentation of the cell regions of interest and the further feature
selection.

The first element of a network is always the input layer, which
reads image’s pixels. Following it are convolutional layers, which
are composed by a set of filters responsible for detecting specific
patterns in images and extract features. Its output is a set of fea-
ture maps. Depending on its architecture, CNNs could contain one
or consecutive convolutional layers creating convolutional blocks.
After each convolutional layer or block, it usually comes a pool-
ing layer, which reduces the dimension of feature maps while pre-
serving the relevant information and eliminating irrelevant details.
Max pooling function is the most widely used, which reduces fea-
ture maps size by taking the maximum values. This combination of
convolutional and pooling layers is being repeated throughout all
the network structure to extract more complex features each time.
The depth of a network depends on how many repetitions of these
layers are. At the end of them, a set of feature maps representative
of the input images is obtained.

In this work, we adopted the concept of fine-tuning, which con-
sists on modifying a CNN architecture previously trained for an-
other task and re-train and adapt some of its layers with our new
data to obtain an end-to-end classifier [39]. Its purpose was to
take advantage of the knowledge of a CNN pre-trained with a large
dataset, which helped to overcome the deficit of training examples
and served as an effective weight initialization to, afterwards, use
it for the classification of the images of our study. This approach
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is usually implemented with CNNs with large quantity of parame-
ters because training them from scratch can affect their ability to
generalize and may result into low accuracies or overfitting [40].

To examine the effects of different CNN frameworks on
model performance, we investigated four well-known CNNs al-
ready pre-trained with the ImageNet database [41]: VGG16,
ResNet101, DenseNet121 and SENet154 [42-45]. VGG16, ResNet101
and SENet154 were chosen based on their high performance ob-
tained in previous studies by our group. We achieved an overall as-
sessment accuracy of 96.2% with a fine-tuned VGG16 for the recog-
nition of eight groups of normal blood cells [16]. We used a pre-
trained ResNet101 to differentiate up to 11 cell groups including
normal, reactive, abnormal lymphocytes and blasts, achieving an
overall accuracy of 82.8% [46]. We also implemented a SENet154
for the diagnostic prediction among lymphoma, acute leukaemia
and infection with an overall assessment accuracy of 94.5% [47].
DenseNet121 was chosen from literature because of its 95.3% accu-
racy for predicting leukaemia diagnosis [30].

For the transfer learning approach, we removed their last layers,
which were fully connected layers trained for classifying 1,000 cat-
egories. Afterwards, two fully connected layers were coupled at the
end of each network. Fully connected layers learn how to combine
the feature maps to perform the final classification of the input im-
ages. The design of these layers for each evaluated architecture is
detailed in the following paragraph.

A total of 512 feature maps were obtained from VGG16 and
converted to an array of 25,088 features, which were the input to
the two fully connected layers, the first layer with 1,024 nodes and
the second with 512 nodes. From ResNet101 and SENet154, a num-
ber of 2,048 feature maps were obtained and converted to an array
of 100,352 features. These features were fed to a first fully con-
nected layer of 4,096 nodes and the output to the second of 512
nodes. Regarding DenseNet121, a total of 1,024 feature maps were
obtained and converted to an array of 50,176 features. Its first fully
connected layer had 2,048 nodes and the second had 512 nodes.
To obtain the final classification, a third fully connected layer with
six nodes was configured for all the four architectures, one node
for each cell class (see Fig. 1). This last layer predicted the class of
the input images as probability values by applying a softmax oper-
ation.

Training a neural network is an iterative process that typically
consists of two phases: a forward and a backpropagation. In the
first one, all input images are passed through the network at each
iteration (epoch). Once each image is classified, a loss function is
calculated by the difference (error) between the prediction made
by the network and the label assigned by the clinical pathologist
according to the ground truth, which is the diagnosis based on all
complementary information following the WHO 2016 (see Table 1)
[36]. Loss increases when the predicted probability diverges from
the true label. Afterwards, in the second phase, the error is propa-
gated backwards through the network and all the weights are up-
dated to minimize the loss function and obtain a high accuracy
(rate of images correctly classified). This two-phase process usu-
ally needs to be repeated for several epochs to obtain an optimum
trained model.
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Overall accuracies of the pre-trained CNNs when changing the number of convolutional blocks to be trained with 470 iterations and with the two evaluation approaches:
hold-out and 5-fold cross-validation. For the hold-out approach, validation and testing accuracies are shown. For the 5-fold cross validation, we present the mean and the
standard deviation of the testing accuracy computed among the five folds. The last two columns show the training time (in minutes) achieved when fine-tuning the entire
convolutional blocks, and the classification time (in seconds) when evaluating the selected models with the respective testing sets.

Number of convolutional blocks fine-tuned Training Class. time
Testing time (min) (s)
Model 1 2 3 4 Whole
VGG16 89.2% 88.0% 88.2% 88.6% 94.6% 88.4% 6.78 12
Hold-out ResNet101 90.1% 89.7% 90.3% 90.2% 93.3% 84.0% 12.52 224
DenseNet121 84.4% 86.8% 87.5% 88.0% 93.6% 84.8% 7.9 14
SENet154 89.3% 89.8% 89.8% 88.9% 94.6% 85.0% 48.2 41
VGG16 76.3%+0.93 76.5%+0.67 76.2% +0.97 76.1% +1.36 86.9%+0.68 123.1 295
5-fold cross ResNet101 80.8%+1.99 81.2%+0.54 80.2% +0.56 81.8% +0.41 86.8%+0.62 136.2 32
validation DenseNet121 82.6%+1.10 82.9%+1.33 82.4% +1.20 83.1% +1.19 86.3%+0.93 262.5 63
SENet154 79.5%+0.72 80.2%+0.83 80.5% +0.58 80.3% +0.60 87.2%+1.22 426.7 81.5
Table 4

Confusion matrix of the classification results (in %) of the VGG16 for the images of the testing set. Rows indicate the true class and columns represent the
predicted class supplied by the network. Diagonal values are the true positive rates for each cell type. The overall classification accuracy was 88.4%.

Predicted class

Reactive Abnormal Myeloid
Lymphocytes Monocytes lymphocytes promyelocytes blasts B-Lymphoblasts
Lymphocytes 98 0 1 0 0 1
Monocytes 0 91 3 1 4 1
True class Reactive lymphocytes 0 0 97 0 2 1
Abnormal promyelocytes 0 3 0 94 3 0
Myeloid blasts 0 2 0 2 87 9
B-Lymphoblasts 0 0 0 3 22 75

In our work, cross-entropy was employed as loss function
[37] and ADAM (Adaptive Moment Estimation) as optimizer [48].
Training was performed using a batch size of 64 along 470 itera-
tions, implementing the cycling learning rate policy to obtain op-
timal classification results with fewer iterations [49]. Whereas dif-
ferent CNNs might require different number of iterations during
training, we fixed this value because we wanted to select the best
CNN architecture for the automatic classification of the different
leukaemia types considered in this work. Moreover, the number of
convolutional blocks to fine-tune was considered an hyperparame-
ter to be selected. Several tests were performed varying the num-
ber of convolutional blocks to be trained: last block, last two, last
three, last four and the entire network.

To select the model, CNN frameworks were trained and eval-
uated using two different approaches: 5-fold cross validation and
hold-out. For the first case, we performed a random split of all
the images of the whole dataset [16,450 single-cell images) into
five equal subsets, ensuring that all the data from the same pa-
tient’s smear was kept in the same subset. The same smear did
not appear in two different folds. Moreover, folds were approxi-
mately balanced in the sense that the number of distinct smears
was approximately the same in each fold. The mean and the stan-
dard deviation of the testing accuracy were computed among the
five folds. For the hold-out approach, the training set was split into
train and validation sets with 80% and 20% of the images, respec-
tively. After training, the best CNN models were further evaluated
using the testing set. The overall accuracy was selected as the main
target performance parameter, so that we selected the networks
that showed the highest value.

All the experiments were performed using PyTorch software li-
braries [37] and a Nvidia Titan XP GPU.

3. Results
3.1. First CNN classifier

Table 3 shows the overall classification accuracies of the four
evaluated CNNs with 5-fold cross validation and hold-out when

60

changing the number of convolutional blocks trained with 470 it-
erations. Based on these results, the highest accuracies were ob-
tained when fine-tuning the entire models. This means to train
all the convolutional blocks with our own image dataset. More-
over, the highest testing accuracies were achieved with VGG16 and
SENet154 architectures (above 85% using hold-out and above 86.8%
with 5-fold cross validation) as it is shown in Table 3.

VGG16 showed an accuracy value of 88.4% using hold-out with
respect to the best accuracy (87.2%) obtained with SENet154. Fi-
nally, we decided to select VGG16 together with the hold-out ap-
proach as the best model because of the following: 1) less over-
fitting was obtained as VGG16 showed better performance when
making predictions with the new images of the testing set; and 2)
it is a simpler architecture compared to the other CNN frameworks
and had the best training and classification time, which is an ad-
vantage for a potential real-time implementation (see Table 3).

Table 4 shows the confusion matrix of the classification re-
sults of the six cell groups with the VGG16. The true positive
rates (main diagonal) obtained for myeloid blasts (87%) and B-
lymphoblasts (75%) were concluded not to be high enough for our
purpose of building a tool to predict the diagnostic orientation of
acute leukaemia in a clinical setting.

3.2. Sequential CNN classification system: ALNet

In order to improve the true positive rates obtained for the
recognition of myeloid blasts and B-lymphoblasts presented above,
we proposed a new strategy with a two-step classification scheme
(see Fig. 3), where two separate classifiers work in series: ALNet.
The first step (module 1) consists of a VGG16 trained to distinguish
abnormal promyelocytes among lymphocytes, monocytes, reactive
lymphocytes and blast cells, which encompass both myeloid blasts
and B-lymphoblasts. The second step (module 2) required a VGG
with an increased number of convolutional layers (VGG19) to dis-
criminate between myeloid blasts and B-lymphoblasts.

Although good results were obtained with VGG16 (testing ac-
curacy of 85.7%), we tried to increase sensitivity for these two last
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Fig. 3. Diagram illustrating the proposed sequential CNN-based system (ALNet) for the automatic recognition of acute leukaemia lineage. It starts with the selection of the
cell images of an individual smear by the clinical pathologist, which are the inputs to the system. ALNet includes two consecutive modules. The first module recognises acute
promyelocytic leukaemia (APL) and acute leukaemia (non-APL) from the remaining groups. Only the smears corresponding to patients with non-APL leukaemia (myeloid or

lymphoid) are used for lineage classification through the second module.

Table 5

Overall training and testing accuracies obtained for module 2. The last two
columns show the training time (in minutes) achieved when fine-tuning the
entire models, and the classification speed (in seconds) when evaluating both
models with the images of the testing set.

Accuracy Training Class. speed
T . time (min) (s)
Model Training Testing
VGG16 95.4% 85.7% 242 8
VGG19 99.4% 89.5% 2.64 7

cell groups by using VGG19, which was the same architecture but
with 16 convolutional layers instead of the 13 of VGG16. Regarding
the design of the fully connected layers for the VGG19, 512 feature
maps of 14 x 14 pixels were obtained from its convolutional blocks
and converted to an array of 100,325 features, which were the in-
put to the two fully connected layers after an average pooling. The
first layer had 1,024 nodes and the second 512 nodes. The third
fully connected layer consisted of two nodes, one node for each
cell class (see Fig. 3). This increase of layers by using a VGG19 re-
sulted into higher accuracies for both training and testing (99.4%
and 89.5%, respectively) without compromising training time and
classification speed (see Table 5).

Both VGGs were trained as explained in Section 2.3, using the
images arranged as shown in Table 6 and performing fine-tuning
to the whole convolutional blocks using hold-out. The first module
exhibited a validation accuracy of 99.6% during training, while that
of the second module was 99.4%.

The first assessment of ALNet was done through a blind classi-
fication of all the single-cell images of the testing set (see Table 6).
We calculated the sensitivity or true positive rate (TPR), specificity
or true negative rate (TNR), precision or positive predictive value
(PPV) and overall accuracy as follows:

. TP
Sensitivity (TPR) = TPLEN

e TN
Specificity (TNR) = TN+ FP
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.. TP
Precision (PPV) = TP+ FP
Overall accuracy = TP+ 1IN
Y= TP TN+ FP+FN

Table 7A shows the confusion matrix that summarizes the clas-
sification results for module 1. The true positive rates shown in
the main diagonal were: 99.9% for lymphocytes, 97.6% for mono-
cytes, 97.2% for reactive lymphocytes, 95.3% for abnormal promye-
locytes and 91.7% for blasts (myeloid blasts and B-lymphoblasts).
The overall classification accuracy was 94.2%. Table 7B summarizes
the classification results for blast cells. As seen in the main diag-
onal, 99.4% of images corresponding to myeloid blasts and 82% to
B-lymphoblasts were correctly classified. The overall classification
accuracy was 89.5%. Specificity and precision values for each cell
class of both modules are shown in Table 8.

3.3. Classification system ALNet in a clinical setting

Going towards the final objective of this work, we assessed AL-
Net to predict patient’s diagnosis using the smear as a classifi-
cation unit, trying to emulate the way pathologists interpret re-
sults in clinical laboratories. The system input was a set of cell
images of an individual smear selected by the clinical pathologist
and the output was the prediction of one of the following diag-
noses: APL, AML, ALL or infection (see Fig. 3). The diagnosis was
predicted by identifying the cell class that predominated in the
smear. A threshold was determined such that the diagnosis will be
predicted by the cell class with the percentage of images classified
above this value. We used all the smears of the training set to per-
form a multiclass Receiver Operating Characteristics (ROC) analysis
with the statistical R software [50]. Results are shown in Fig. 4.
It was found that 50% of the cell images correctly classified was
the best threshold to predict patient’s initial diagnosis through the
smear, obtaining values of 1 for the area under the curve. Such sat-
isfactory result could be explained because only 91 out of 14,985
(0.6%) single-cell images of the training set were misclassified, and



A Deep Learning Model for the Diagnosis of Acute Leukaemia Lineage using Peripheral Blood Cell Images

L. Boldii, A. Merino, A. Acevedo et al.

Table 6

Computer Methods and Programs in Biomedicine 202 (2021) 105999

Distribution of the cell images and smears used to train and test the sequential classification system with two modules (ALNet). Images and smears are
grouped by class for each dataset and the number of healthy controls and patients is provided.

Number of images

Number of smears

Number of controls

Training i . . and patients
N . Testing Training Testing
Cell type Train Validation
Module 1 Lymphocytes 2,510 778 312 82 13 100
Monocytes 945 260 117 83 4
Reactive lymphocytes 1,462 390 459 168 46 191
Abnormal promyelocytes 2,035* 540 1,358 19 14 15
Blasts 2,790 697 1,797 272 57 133
Module 2 Myeloid blasts 2,296+ 574 774 224 30 96
B-Lymphoblasts 494+ 123 1,023 48 27 37

* Cell groups up-sampled to 2,500 images with data augmenting techniques
+ Cell groups up-sampled to 2,900 images with data augmenting techniques

Table 7

Confusion matrix of the classification results (in %) for the images of the testing set of modules 1 (A) and 2 (B). Rows indicate the true class and columns
represent the predicted class supplied by the network. Diagonal values are the true positive rates for each cell type. The overall classification accuracies of

the first (A) and second module (B) were 94.2% and 89.5%, respectively.

A Predicted class
Reactive Abnormal
Lymphocytes Monocytes lymphocytes promyelocytes Blasts
Lymphocytes 99.9 1 0 0 0
Monocytes 0.8 97.6 0 0.8 0.8
True class Reactive lymphocytes 0.2 0.2 97.2 0 24
Abnormal promyelocytes 0 0.4 0 95.3 43
Blasts 2.5 0.2 13 43 91.7
B Predicted class
Myeloid blasts B-Lymphoblasts
Tr | Myeloid blasts 99.4 0.6
ue class B-Lymphoblasts 18 82
Table 8
Sensitivity, specificity and precision values of module 1 and 2 of ALNet regarding the classification results of individual cell images.
Module 1 Module 2
Reactive Abnormal Myeloid
Lymphocytes Monocytes lymphocytes promyelocytes Blasts blasts B-Lymphoblasts
Sensitivity 99.9% 97.6% 97.2% 95.3% 91.7% 99.4% 82.0%
Specificity 98.7% 99.7% 99.3% 97.1% 96.9% 82.0% 99.4%
Precision 86.8% 90.5% 94.9% 94.2% 95.9% 80.7% 99.4%

this number was nearly imperceptible when focusing on the whole
smear as classification unit.

Such threshold may be interpreted in such a way that if more
than 50% of the cell images of a smear are classified as myeloid
blasts, for example, the predicted diagnosis of the patient to whom
this smear belongs is acute myeloid leukaemia. Whereas if similar
percentages are obtained for more than one class, in this case it
is not possible to predict a diagnosis and the system considers the
smear as belonging to an “unknown” diagnostic group.

Once the threshold was determined, the automatic recognition
system was assessed using one by one all the smears in the testing
set, which were not previously used (see Table 6). Confusion ma-
trix in Table 9A shows the classification results of the first module.
Sensitivity, specificity and precision values of 100% were obtained
for all the categories of the first module. In consequence, using the
first classification module of ALNet, we correctly detected the fol-
lowing groups: 1) healthy controls, 2) patients with infection, 3)
patients with APL and 4) patients with acute leukaemia non-APL.

The smears corresponding to patients with non-APL leukaemia
(AML or ALL) were classified through the second module, and the
results are shown in the confusion matrix in Table 9B. Regarding
AML, sensitivity, specificity and precision values of 100%, 92.3% and
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93.7%, respectively, were obtained. As for ALL, a sensitivity of 89%
and specificity and precision values of 100% were obtained. The
overall accuracy of individual smears was 94.7% (see Table 9B).

At the end of the two-step classification with ALNet, we ob-
tained the correct diagnostic prediction for all patients with APL
and AML. With respect to the ALL group, a total of 24 from 27
smears were correctly classified, being the remaining three recog-
nized as AML (two smears) or unknown (one smear).

In addition, to further evaluate the ALNet performance in a clin-
ical setting, we used a new image dataset from two other hospi-
tals (Josep Trueta and Germans Trias i Pujol). This dataset contained
a total of 381 images of blast cells (322 myeloid blasts and 59 B-
lymphoblasts) stained with May Griinwald-Giemsa and acquired by
the CellaVision analyser used in each laboratory. Fig. 5 shows rep-
resentative examples of myeloid blast and B-lymphoblast images
from the three datasets used to evaluate ALNet.

When classifying by single-cell images, 98% of blast cells were
correctly classified by module 1. Module 2 correctly classified 82%
of myeloid blasts and 64% of B-lymphoblasts. When using the
threshold of 50% to predict the diagnosis from the smear, in the
first classification module of ALNet all the smears (100%) were
classified as acute leukaemia non-APL. Regarding the leukaemia
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Confusion matrix of the classification results (in %) for the smears of the testing set of modules 1 (A) and 2 (B) taking the
threshold of 50% into consideration. Rows indicate the true diagnosis and columns represent the predicted diagnosis supplied
by the classifier. Diagonal values are the true positive rates for each smear (in brackets the number of smears). The overall
classification accuracies of the first (A) and second module (B) were 100% and 94.7%, respectively. LY, lymphocytes; MO,
monocytes; APL, acute promyelocytic leukaemia; AL, acute leukaemia; AML, acute myeloid leukaemia; ALL, acute lymphoid

leukaemia; UNK, unknown.

A Predicted diagnosis
Control (LY) Control (MO) Infection APL AL non-APL
Control (LY) 100% (13) 0 0 0 0
Control (MO) 0 100% (4) 0 0 0
True diagnosis Infection 0 0 100% (46) 0 0
APL 0 0 0 100% (14) 0
AL non-APL 0 0 0 0 100% (57)
B Predicted diagnosis
AML ALL UNK
True diagnosis AML 100% (30) 0 0
8 ALL 7% (2) 89% (24) 4%
1)
Multiclass ROC lineage, 3/5 smears corresponding to AML (60%) and 1/2 ALL
smears (50%) were correctly classified.
(=]
8
4. Discussion
& For the first diagnostic orientation of acute leukaemia in clinical
laboratories, it is important the detection of quantitative abnormal-
E s ities in leucocyte count, haemoglobin level or thrombocyte count,
_‘é-' = which triggers the smear review. The detection of blasts circulat-
2 ing in blood is the subsequent step. Thus, cell morphology is cru-
] AUC =1 . . . . o .
£ 2 cial for the initial diagnosis of leukaemia lineage to apply the suit-
2] able treatment and avoid delays in medical procedures, primarily
in acute promyelocytic leukaemia. This is why the automatic recog-
Q1 nition of blasts has been a target for automated solutions, tools and
methods within the artificial intelligence framework [6,7].
Recently, previous studies described deep learning approaches
2 : ‘ | ‘ ’ : to recognise lymphoblasts from normal leukocytes [19,22-
24,26,27]. Table 10 shows a comparison of the overall accurac
0O 20 40 60 8 100 | P v

1 — Specificity (%)

Fig. 4. Plot of the multiclass ROC analysis to obtain the best threshold to predict
the diagnosis of the subtype of acute leukaemia. It was obtained by averaging the
single ROC curves obtained for each of the classes under study. The best threshold
is defined as the minimum percentage of images required in a cell class to predict
a diagnosis. The 50% resulted to be the best threshold, obtaining an AUC of 1. AUC,
area under the curve; ROC, Receiver Operating Characteristic.

Dataset hospital 1 Dataset hospital 2 Our dataset
Fig. 5. Examples of B-lymphoblast images (first row) and myeloid blast images
(second row) of the three datasets included in this study to evaluate the perfor-

mance of ALNet.
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obtained with our proposed system with that obtained in other
works in the literature. It also summarizes the number of images
and the CNN frameworks used by these previous authors. These
studies achieved accuracy values above 88% for lymphoblasts, but
it is fair to mention that the significant morphological differences
with normal leukocytes make the classification problem more ac-
cessible. However, when other authors tried to distinguish B-
lymphoblasts from mononuclear cells such as lymphocytes, the
sensitivity for B-lymphoblasts decreased to 81.5% [21]. Many of
these studies focused on a ‘binary’ classification (disease vs. nor-
mal), which is not a realistic approach and does not reflect the
real-life complexity of haematological malignancies diagnosis [7].
Moreover, those studies which classified lymphoblasts subtypes
[20,21] were based on the FAB classification, which currently has
been replaced by the WHO 2016 classification [36] for clinical prac-
tise. The sensitivity for B-lymphoblasts (82%) obtained in this work
(Table 7B) is the best result achieved nowadays in the automatic
classification among blasts using deep learning techniques. More-
over, the high sensitivity (95.3%) obtained with abnormal promye-
locytes (Table 7A) when differentiating them from other blasts
overcomes the accuracy of 41% (Table 10) obtained by previous
authors [25] when differentiating abnormal promyelocytes from
myeloid blasts. Besides this, nearly none false positives were ob-
tained when discriminating normal mononuclear and reactive cells
from blasts (as seen in Table 7A).

In our work, the challenge was twofold: 1) differentiate blasts
among other mononuclear cells, and 2) discern between myeloid



A Deep Learning Model for the Diagnosis of Acute Leukaemia Lineage using Peripheral Blood Cell Images

L. Boldii, A. Merino, A. Acevedo et al.

Table 10
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Comparison of the overall accuracy obtained with the proposed system (ALNet) with that of other works in the literature. CNN, convolutional neural network; fc,
fully connected layers; NR, not reported; LDP, local directional pattern; SCA, sine cosine algorithm; BL, blast cells; Ab. prom, abnormal promyelocytes; SVM, support

vector machine.

Original Accuracy Leukaemia Accuracy Subtype of

Work N° images Feature extraction Classification  detection leukaemia

Thahn et al.('9) 108 CNN fc 96.6% NR

Shafique et al.(20) 260 CNN (AlexNet) fc 99.5% 96.06%

Pansombut et al.?!) 363 CNN fc 81.74% 81.5% B-lymphoblasts
68.9% T-lymphoblasts

Ahmed et al.(22) 354 CNN fc 88.25% NR

Jha et al(®) 260 LDP SCA - fc 98.7% NR

Prellberg et al.29 12,528 CNN (ResNeXt50) fc 88.91% NR

Matek et al.(25) 18,365 (3,312 BL) CNN (ResNeXt) fc 90% 94% myeloblasts 41% Ab.
prom

Loey et al.(26) 564 CNN (AlexNet) fc 100% NR

Vogado et al.*”) 377 CNN (AlexNet, SVM 99% NR

CaffeNet, VGG)

Di Ruberto et al.28) 33 CNN (AlexNet) SVM 94.1% NR

Rehman et al.29) 330" CNN (AlexNet) fc 97.78% NR

Huang et al.3% 1,322 CNN (DenseNet121) fc 95.3% 95.25%

Proposed system (ALNet) 16,450 (4,825 BL) CNN (VGG) fc 94.2% (cell) 100% (smear) 89.5% (cell) 94.7% (smear)

+ Datasets of bone marrow digital images
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Fig. 6. (A) Examples of cell types included in previous studies from the literature for leukaemia classification (from left to right): neutrophil, eosinophil, basophil, lymphocyte
and B-lymphoblast. (B) Cell groups included in this study (from left to right): lymphocyte, monocyte, reactive lymphocyte, abnormal promyelocyte, myeloblast and B-

lymphoblast.

blasts and B-lymphoblasts because of the overlapping morpho-
logical characteristics that they exhibit. It may be debatable why
this work did not include neutrophils or eosinophils or erythrob-
lasts in the classification problem when they may be present in
the smear. As shown in Fig. 6A, lymphoblasts exhibit very differ-
ent morphology with respect to mature leukocytes, such as neu-
trophils, eosinophils and basophils since their nucleus is lobulated
and their cytoplasm shows abundant granules. Fig. 6B shows rep-
resentative examples of the groups addressed in this study (from
left to right: lymphocyte, monocyte, reactive lymphocyte, abnormal
promyelocyte, myeloblast and B-lymphoblast). By comparing the
cell groups in Fig. 6A (from left to right: neutrophil, eosinophil, ba-
sophil, lymphocyte and B-lymphoblast) with the groups in Fig. 6B,
it is visible that the automatic differentiation in the second case is
more complex.

In a previous work [16] using CNNs, our group achieved high
performance with a fine-tuned VGG16 for the recognition of eight
groups of normal cells circulating in peripheral blood. We fo-
cused on normal leukocytes, obtaining accuracies for neutrophils,
eosinophils, immature granulocytes (metamyelocytes, myelocytes
and promyelocytes) and erythroblasts of 99.6%, 99.6%, 92.8% and
91.8%, respectively, among the other cell groups. The current pa-
per was focused on the differentiation of the lineage of blast cells
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with the aim of designing a model to assist the clinical pathologist.
Computational assistance is more needed for blast lineage discrim-
ination than for blast versus normal leukocyte differentiation. The
integration of the first classifier [16] and the current ALNet is a
next step which can be taken in the near future.

In a previous publication by the authors [35], the objectives of
this paper were addressed using traditional machine learning algo-
rithms, where a single model based on linear discriminant anal-
ysis achieved the highest classification accuracy. In the present
work, our purpose was to improve the previous accuracy for the
leukaemia lineage differentiation, which was 85.8%. The new strat-
egy herein was to design two separated classifiers working sequen-
tially. The second classifier was specialized to face the most dif-
ficult recognition task, which is the automatic differentiation be-
tween myeloid blasts and B-lymphoblasts. Using this strategy, sen-
sitivity values were increased to 95.3% for abnormal promyelocytes,
99.4% for myeloid blasts and 82% for B-lymphoblasts (see Table 11).
Furthermore, traditional approaches required to segment and ex-
tract features manually. Indeed, segmentation presents many chal-
lenges because of the complex cell morphology, the variability of
the blood smear staining and the general conditions of image ac-
quisition. All these aspects may result in a decrease of the classifi-
cation accuracy of these traditional models. Table 12 shows a com-
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Table 11

True positive rates for each cell type, comparing the proposed deep learning
system (ALNet) with the approach previously published by our group. In bold
are shown the improved sensitivity values achieved with ALNet.

True positive rates

Type of cell Bolddet al. [35] Proposed system
Lymphocytes 97.6% 99.9%
Monocytes 93.0% 97.6%
Reactive lymphocytes 97.7% 97.2%
Abnormal promyelocytes 72.6% 95.3%
Myeloblasts 80.8% 99.4%
B-Lymphoblasts 78.9% 82.0%

Table 12

Performance comparison between traditional machine learning ap-
proaches previously published by our group and the deep learning
models proposed in this study. LDA, linear discriminant analysis;
SVM, support vector machine; RF, random forest; KNN, k-nearest
neighbours; Bayes, naive Bayes.

Method Accuracy
Machine learning LDA 85.8%
approaches 3% SVM 83.5%
RF 75.4%
KNN 74.8%
Bayes 68.3%
Deep learning approaches  VGG16 94.6%
ResNet101 93.3%
DenseNet121 93.6%
SENet154 94.6%

parison of the accuracies when using those models and the CNN
models investigated herein, which are higher in accordance to the
results reported by previous authors [21,22,26].

The results of this study demonstrate that the best classifica-
tion of blast cells is achieved with the proposed sequential system,
being VGG the best architecture for both modules. This is con-
sistent with the most frequently used networks in the literature,
where simple architectures predominate to address the recognition
of acute leukaemia [20,27,29]. Moreover, we concluded from our
experience that using hold-out as validation technique with 2,500
images per group made possible obtaining satisfactorily high ac-
curacies as similar accuracies were obtained with the 5-fold cross
validation approach. This was consistent with our previous publi-
cation [16] and results published from previous authors [26].

An important aspect to remark in this work is the number of
images involved and their high quality, being the largest dataset
used for leukaemia classification as it is illustrated in Table 10.
We used a dataset with over 16,000 peripheral blood cell images,
4,825 being blast cell images, in comparison with the 3,312 blast
cell images used by Matek et al. [25]. Furthermore, we guarantee
the confirmation of their labels through other complementary tests
(ground truth). Not only high-quality and a large number of images
are required for developing diagnostic systems, but also the avail-
ability of images properly annotated by experts, which is scarce in
literature [7,8,19]. The quality of a dataset is essential to observe
morphological characteristics which can lead towards a diagnosis,
not only for daily clinical practise but also to obtain robust models
avoiding overfitting [16].

Visualizing the feature maps generated by the intermediate
convolutional layers of a CNN framework could give us an idea
of which patterns the network extracts, and thus help to inter-
pret classification results. With this purpose, both our ALNet sys-
tem and the original VGG16 ImageNet model were fed with two
representative examples of cell images. Afterwards, we extracted
the feature maps from the same convolutional layers to compare
them, as it is illustrated in Fig. 7.
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Fig. 7A shows original images of a myeloid blast and an ab-
normal promyelocyte. Fig. 7B displays the feature map 202 of 256
from the convolutional block 3, layer 1. In the feature maps gen-
erated by the original VGG16 (left) we can barely notice the cell
nucleus, and in the case of the abnormal promyelocyte neither the
cell outline. At this depth the original network cannot detect diag-
onal and horizontal lines to differentiate parts of the cells of the
input images. With respect to the feature maps obtained from the
VGG16 of ALNet (right), our model is able to precisely detect the
cell outline, nucleus shape and texture, along with the recognition
of the red blood cells and their central pallor and the platelet next
to the myeloid blast. The histogram of the myeloid blast (Fig. 7C)
presents a narrow and flatter peak with the pixels very localized
within a short intensity range between 100 and 150, and also hav-
ing a greater number of darker pixels mostly localized in the cell
nucleus. In contrast, the histogram of the abnormal promyelocyte
shows a peak with lower height, which covers many pixels with
different intensity levels. This indicates more information variety
due to the presence of the intense azurophil granulation and splin-
ters on its larger cytoplasm.

Fig. 7D shows another case where the improvement of ALNet
in detecting relevant characteristics of the cells is visually inter-
pretable. At this stage ALNet is capable of detecting the bilobed
nucleus of the abnormal promyelocyte and the nucleolus of the
myeloid blast, while the feature map from the original network
does not capture almost any information from the images. It is
important to mention that subtle morphological differences in the
nucleus shape, chromatin texture and cytoplasmic granulation can
make the difference among the cell types included in this study.

When evaluating ALNet with images acquired in two other
hospitals, sensitivity for the leukaemia lineage discrimination de-
creased. Previous authors [22] reported that the overall accuracy
of their CNN model decreased 6.51% when it was evaluated with
a different image dataset. Although all datasets of this work were
stained with the ‘gold standard’ May Griinwald-Giemsa technique
used in clinical laboratories, we observed that variations in the
optical conditions and resolution of microscopic images affected
the classification accuracy of the CNN models (see Fig. 5). It is
known that colour information is involved in the quantification
of cytoplasmic basophilia and granulation, both being very impor-
tant characteristics in the classification of myeloid blasts and lym-
phoblasts [51]. This is why changes related to image clarity, colour
scale or resolution could mislead their differentiation.

When developing new diagnostic support tools for laboratory
practise, it is important to consider individual patients when or-
ganising datasets for training and assessing the system. Using im-
ages from the same smear for both training and assessment could
cause an accuracy overestimation, what happens in almost all the
studies in the literature. To avoid this, we followed the procedure
established in [35], by splitting the initial dataset into two sets of
different smears. An excellent diagnostic prediction was achieved
as the system differentiated all normal smears from those related
to infections and with respect to smears containing blast cells (as
seen in Table 9A). This satisfactory performance was also obtained
with smears corresponding to patients with acute leukaemia from
two other hospitals. Moreover, the system presented a very high
sensitivity (100%) for the detection of myeloid leukaemia, and high
specificity and precision (100%) for promyelocytic and lymphoid
leukaemia for the smears of our own dataset.

These results showed that the approach proposed in this work
could be suitable for clinical laboratory practise. A current limita-
tion for the practical implementation of ALNet in other laboratories
may be that a single-institution data source has been used to train
the model, which could result in accuracy variations related to the
image staining procedure, as well as optical and resolution of mi-
croscopic images. To deal with this, our group has some work in
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Fig. 7. (A) Original images of a myeloid blast from AML and an abnormal promyelocyte from APL. (B and D) Feature maps from VGG16 ImageNet weights (left) compared
with feature maps from VGG16 of ALNet (right) for the classification of five classes of peripheral blood cells. (C) Greyscale histograms calculated from the features maps
obtained from the VGG16 of ALNet. AML, acute myeloid leukaemia; APL, acute promyelocytic leukaemia.

progress using new models based on Generative Adversarial Net-
works (GANs) to standardize the images that feed the CNNs.

5. Conclusions

The final contribution of this paper is a predictive model de-
signed with two serially connected convolutional networks and
trained using a dataset with over 16,000 blood cell images ob-
tained from clinical practise. It is proposed to assist clinical pathol-
ogists in the diagnosis of acute leukaemia during the blood smear
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review. It has been proved to distinguish neoplastic (leukaemia)
and non-neoplastic (infections) diseases, as well as recognise the
leukaemia lineage.
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CHAPTER 6

Results and Discussion

This chapter consists of a brief summary of the main results and a discussion of the main
contributions derived from this thesis, in which an automatic classification system to predict the
diagnosis of acute leukaemia using digital images of PB cells was designed, developed and tested.
The main goal was to develop a practical support tool to assist the clinical pathologist to reach a

more objective and accurate diagnosis when there is a suspicion of acute leukaemia.

For the first diagnosis of acute leukaemia in clinical laboratories, it is important the detection of
quantitative abnormalities in leucocyte count, haemoglobin level or thrombocyte count, which
triggers the smear review. The detection of blasts circulating in blood is the subsequent step. Thus,
cell morphology is crucial for the initial diagnosis of leukaemia lineage to apply the suitable
treatment and avoid delays in medical procedures, primarily in APL. This is why the automatic
recognition of blasts has been a target for automated solutions, tools and methods within the

artificial intelligence framework (102,103).

Most of the previous studies in the literature focused on recognising lymphoblasts from normal
leukocytes, which show very different morphology since the nucleus of neutrophils, eosinophils
and basophils is lobulated and their cytoplasm shows abundant granules. It is fair to mention that
these significant morphological differences with normal leukocytes make the classification
problem more accessible. Moreover, those studies which classified lymphoblasts subtypes were
based on the FAB classification, which currently has been replaced by the WHO 2016
classification (16) for clinical practise. Many of these previous studies focused on a ‘binary’
classification (disease vs. normal), which is not a realistic approach and does not reflect the real-

life complexity of haematological malignancies diagnosis (103).

The motivation behind this thesis was to develop a system capable of distinguishing those cell
groups in which their recognition by morphology is usually difficult in regard to acute leukaemia
diagnosis. The challenge was twofold: 1) differentiate blasts among other mononuclear cells, such
as reactive lymphocytes and normal lymphocytes and monocytes, and 2) discern between myeloid

blasts and B-lymphoblasts because of the overlapping morphological characteristics they exhibit.
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Results and Discussion

6.1. Automatic Recognition of Different Types of Acute Leukaemia

in Peripheral Blood by Image Analysis

In this section, the results derived from the first publication (104) of this thesis are summarized.
In this first work, five classical machine learning classification techniques were explored for the
automatic recognition of six cell groups: normal lymphocytes and monocytes from healthy
individuals as the control group, reactive lymphocytes from patients with viral or other infections,
myeloid and monocytic blasts from patients with AML, abnormal promyelocytes from patients
with APL and B-lymphoblasts from patients with ALL. Figure 6.1 illustrates the main steps
characteristic of the image-based recognition systems which we followed to develop the first

classifier.
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Figure 6.1. Diagram illustrating the steps followed to develop the classifier. Firstly, the training
set of 332 smears (5,493 cell images) was processed through the automatic segmentation procedure
to obtain a database of features, which was used to tune the best classifier through an iterative
process involving 5-fold cross validation, where the most relevant features were determined by the
accuracy of the classifier. The final recognition module included a classifier based on linear
discriminant analysis (LDA), whose input was the set of the 700 most relevant features. Secondly,
the testing set of new 110 smears (1,975 cell images) was processed following the preceding steps.
This final stage consisted of the assessment of the system for cell classification.

In this work, we combined the classification algorithms with the latest automated segmentation
algorithm published by our research group (105) and with feature extraction for the automatic
recognition of blasts, reactive lymphocytes and other normal mononuclear cells (lymphocytes and
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monocytes), as well as for the distinction among myeloid blasts, B-lymphoblasts and abnormal
promyelocytes. The automatic recognition of this wide variety of cell types was a new

contribution since it had not previously been accomplished.

Five classification techniques were studied to face the challenging number of cell types under
study: linear discriminant analysis (LDA), k-nearest neighbour, naive Bayes, support vector
machine and random forest. A total of 2,867 quantitative features (28 geometric and 2,839 of
colour and texture) was extracted for each segmented cell, and they were ranked based on
relevance criterion by using conditional mutual information maximization criteria (106). A more

detailed analysis and interpretation of the most relevant features could be found in (104).

As shown in Figure 6.2, we trained and tuned the classifiers using different numbers of the best-
ranked features and displayed the corresponding overall accuracy (ratio of images correctly
classified in their true category). The highest accuracy was achieved with the LDA classifier when

using the best 700 features.

Feature selection and classifier tuning

90,0%

85,0%

80,0% Selected = Accuracy

Classifier

Accuracy (%)

features (%)
LDA 700 84.5
75,0% SVM 600 80.3
R Forest 200 68.5
70,0% KNN 100 67

Bayes | 100 | 594

65,0%
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Figure 6.2. Plot of the five classifiers trained and tuned with all the 2,867 features to obtain the
combination of the best number of features and the classifier with the highest overall classification
accuracy. The x-axis shows the number of features and y-axis shows the accuracy values (in
percentage) for each selected number of features. The highest classification accuracy (marked
with an arrow) was achieved with the selection of the most relevant 700 features with LDA
classifier. Bayes, naive Bayes; KNN, k-nearest neighbour; LDA, linear discriminant analysis; R
forest, random forest; SVM, support vector machine.
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This LDA classifier was further validated through a blind classification using all the images of

the testing set, which were not previously used in any of the training steps.
6.1.1. Classification by individual cells

The confusion matrix that summarises the classification results of this first classifier is shown in
Figure 6.3. The true positive rates shown in the main diagonal were: 97.7% for reactive
lymphocytes, 97.6% for lymphocytes, 93% for monocytes, 80.8% for myeloid blasts (myeloblasts
and monoblasts), 72.6% for abnormal promyelocytes and 78.9% for B-lymphoblasts. The overall
classification accuracy was 85.8%. Most of the individual cell images were automatically

identified in the group of its true class.

Predicted class

Lymphoid  Abnormal Myeloid Reactive
blasts Promyelocytes blasts lymphocytes e
Lymphoid 78.9 1.5 16.5 2.1 1 0
blasts
Abnormal 14 72.6 13.4 0 0 0
Promyelocytes
Myeloid blasts 14 1.6 80.8 1.6 0.1 1.9
True class .
Reactive 0.4 0 1.1 97.7 0 0.8
lymphocytes
Lymphocytes 0 0 0 2 97.6 0.4
Monocytes 1.3 0.4 1.3 4 0 93

Figure 6.3. Confusion matrix of the classification results (in %) for the images of the testing set.
Rows indicate the true class and columns represent the predicted class supplied by the classifier.
Diagonal values are the true positive rates for each cell type. The overall classification accuracy
was 85.8%.

6.1.2. Classification by individual smears

Once the classifier was ready for the classification of individual cell images, our strategy was to
predict patient’s diagnosis using the blood smear from an individual patient as a diagnostic unit.
The system input was a set of cell images of an individual smear and the output was the prediction
of one of the following diagnoses: AML, APL, ALL or infection. The diagnosis was made by

identifying the cell class that predominated in the smear. This required a previous step to establish

73



Results and Discussion

a threshold value such that the diagnosis was predicted by identifying the cell class with the
percentage of images classified above this value. It was found that 50% of the cell images
correctly classified was the best threshold to predict patient’s diagnosis through the smear,

obtaining an area under the ROC curve of 0.99.

Such threshold could be interpreted in such a way that if more than 50% of the cell images of a
smear are classified as myeloid blasts, for example, the predicted diagnosis of the patient to whom
this smear belongs is AML. Whereas if similar percentages are obtained for more than one class,
in this case it is not possible to predict a diagnosis and the system considers the smear as belonging

to an “unknown” diagnostic group.

Considering the 50% threshold, 100% of smears corresponding to patients with infections were
correctly classified, as well as those containing lymphocytes or monocytes (accuracies of 100%
and 97%, respectively). In regard to acute leukaemia, the true positive rates were 88% for AML,
85% for ALL and 80% for APL. The overall classification accuracy of individual smears was
94%. Moreover, sensitivity values above 97% were obtained for normal smears and those related
to infections and above 80% for all leukaemia subtypes, while specificity values for all categories

were above 96%.

The key contribution of this first work was a system which had integrated feature selection to lead
to the most relevant quantitative features to achieve the highest percentage of classification
accuracy. Moreover, such detailed analysis and interpretation of the most relevant features to

understand their importance in the classification of blast cells had not previously been done.

6.2. A Deep Learning Model for the Diagnosis of Acute Leukaemia
Lineage using Peripheral Blood Cell Images

Traditional machine learning approaches required to segment and extract features manually. This
meant that all possible variations in the morphology of both normal and abnormal cells had to be
considered, which was truly difficult. Specially segmentation was considered the most critical
step, mainly because of the complex morphology and subtle differences among cells, the
variability of the blood smear staining and the general conditions of image acquisition. All these

aspects directly resulted in a decrease of the classification accuracy of these classical models.

This section summarises the results derived from the second publication (107) of this thesis, where
we tried to overcome some of the limitations of these traditional frameworks by addressing the
use of new emerging deep learning techniques for the automatic recognition of the same six

groups of cells. The goal was to improve the previous accuracy for the leukaemia lineage
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differentiation by designing and developing a new CNN-based system, which had to be highly
sensitive and specific for its integration as a decision support system to assist pathologists when

there is a suspicion of acute leukaemia.

The main objective of this second study was to design an automatic classification system based
on CNNs and focused on achieving the following specifications: 1) the prompt and accurate
detection of APL, motivated by the emergency of avoiding severe bleeding and disseminated
intravascular coagulation with patients’ death; and 2) the discrimination between myeloid and

lymphoid leukaemia lineages, motivated by the different strategical therapies they require.

We adopted the concept of fine-tuning to take advantage of the knowledge of a CNN previously
trained for another task and re-train and adapt some of its layers for the classification of the images
of our study. We investigated the effects of four well-known CNNs on model performance:
VGG16, ResNet101, DenseNet121 and SENet154. To select the best model, CNN frameworks

were trained and evaluated using two different approaches: 5-fold cross validation and hold-out.

Table 6.1 shows the overall classification accuracies for the four evaluated CNNs with 5-fold
cross validation and hold-out when changing the number of convolutional blocks trained with 470
iterations. The highest accuracies were obtained when fine-tuning the entire models. This means
to train all the convolutional blocks with our own image dataset. Moreover, the highest testing
accuracies were obtained with VGG16 and SENet154 architectures (above 85% using hold-out
and above 86.8% with 5-fold cross validation) as it is shown in Table 6.1. VGG16 showed an
accuracy value of 88.4% using hold-out with respect to the best accuracy (87.2%) obtained with
SENet154.

Finally, we decided to select VGG16 together with the hold-out approach as the best model
because of the following: 1) less overfitting was obtained as VGG16 showed better performance
when making prediction with the new images of the testing set; and 2) it is a simpler architecture
compared to the other CNN frameworks and had the best training and classification time, which

is an advantage for a potential real-time implementation (see Table 6.1).
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Number of convolutional blocks fine-tuned _ Training Class.
Testing | .. . -
Model 1 2 3 4 Whole time (min) | time (s)
VGG16 89.2% 88.0% 88.2% 88.6% 94.6% 88.4% 6.78 12
ResNet101 90.1% 89.7% 90.3% 90.2% 93.3% 84.0% 12.52 22.4
Hold-out
DenseNet121 84.4% 86.8% 87.5% 88.0% 93.6% 84.8% 7.9 14
SENet154 89.3% 89.8% 89.8% 88.9% 94.6% | 85.0% 48.2 41
76.3% 765% 76.2% 76.1% 86.9%
VIEEHD 1093  +0.67 4097 +136  +068 4281 es
80.8% 81.2% 80.2% 81.8% 86.8%
ResNetlOl 1199 1054 4056 4041 4062 136.2 32
5-fold cross
validation
82.6% 82.9% 82.4% 83.1% 86.3%
DenseNet12l 1110 1133 120 4119 093 gees e
79.5% 80.2% 80.5% 80.3% 87.2%
SENet154 +0.72 +0.83 +0.58 +0.60 +1.22 426.7 81.5

Table 6.1. Overall accuracies of the pre-trained CNNs when changing the number of
convolutional blocks to be trained with 470 iterations and with the two evaluation approaches:
hold-out and 5-fold cross-validation. For the hold-out approach, validation and testing accuracies
are shown. For the 5-fold cross validation, we present the mean and the standard deviation of the
testing accuracy computed among the five folds. The last two columns show the training time (in
minutes) achieved when fine-tuning the entire convolutional blocks, and the classification time
(in seconds) when evaluating the selected models with the respective testing sets.

The true positive rates obtained with the VGG16 for myeloid blasts (87%) and B-lymphoblasts
(75%) were concluded not to be high enough for our purpose of building a tool to predict the

diagnostic orientation of acute leukaemia in a clinical setting.

6.2.1. Sequential CNN classification system: ALNet

In order to improve the recognition between myeloid and lymphoid blasts, we proposed a new
strategy with a two-step classification scheme (see Figure 6.4), where two separate classifiers
worked in series: ALNet. The first step (module 1) consisted of a VGGL16 trained to distinguish
abnormal promyelocytes among lymphocytes, monocytes, reactive lymphocytes and blast cells,
which encompassed both myeloid blasts and B-lymphoblasts. The second step (module 2)
required a VGG with an increased number of convolutional layers (VGG19) to discriminate

between myeloid blasts and B-lymphoblasts.
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Figure 6.4. Diagram illustrating the proposed sequential CNN-based system (ALNet) for the
automatic recognition of acute leukaemia lineage. It starts with the selection of the cell images of
an individual smear by the clinical pathologist, which are the inputs to the system. ALNet includes
two consecutive modules. The first module recognises acute promyelocytic leukaemia (APL) and
acute leukaemia (non-APL) from the remaining groups. Only the smears corresponding to
patients with non-APL leukaemia (myeloid or lymphoid) are used for lineage classification
through the second module.

The firstassessment of ALNet was done through a blind classification of all the single-cell images
of the testing set (108 smears with 4,043 images). Figure 6.5A shows the confusion matrix of the
classification results of module 1. The true positive rates shown in the main diagonal were: 99.9%
for lymphocytes, 97.6% for monocytes, 97.2% for reactive lymphocytes, 95.3% for abnormal
promyelocytes and 91.7% for blasts (myeloid blasts and B-lymphoblasts). The overall
classification accuracy was 94.2%. Figure 6.5B summarizes the classification results for blast
cells. As seen in the main diagonal, 99.4% of images corresponding to myeloid blasts and 82%

to B-lymphoblasts were correctly classified. The overall classification accuracy was 89.5%.
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Predicted class
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Figure 6.5. Confusion matrix of the classification results (in %) for the images of the testing set
of modules 1 (A) and 2 (B). Rows indicate the true class and columns represent the predicted
class supplied by the network. Diagonal values are the true positive rates for each cell type. The
overall classification accuracies of the first (A) and second module (B) were 94.2% and 89.5%,
respectively.

An important aspect to remark of this second work was the number of images involved and their
high quality, being the largest dataset used for leukaemia classification. We used a dataset with
16,450 PB cell images, 4,825 being blasts. Furthermore, we guaranteed the confirmation of their
labels through other complementary tests (clinical data, morphology, flow cytometry,
cytogenetics and molecular biology). Not only high-quality and a large number of images are
required for developing diagnostic systems, but also the availability of images properly annotated
by experts, which was scarce in literature (103,108,109). The quality of a dataset is essential to
observe morphological characteristics which can lead towards a diagnosis, not only for daily
clinical practise but also to obtain robust models avoiding overfitting. This is why, visualizing the
feature maps generated by the intermediate convolutional layers of ALNet could give us an idea

of which patterns the network extracted, and thus helped to interpret the classification results.
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6.2.2. ALNet in a clinical setting

ALNet was also assessed to predict patient’s diagnosis using the smear as a classification unit. It
was also found that 50% of the cell images correctly classified was the best threshold to predict
patient’s initial diagnosis through the smear, obtaining values of 1 for the area under the ROC

curve.

The confusion matrix in Figure 6.6A shows the classification results of the first module using one
by one all the smears in the testing set. Sensitivity, specificity and precision values of 100% were
obtained for all the categories. In consequence, using the first classification module of ALNet, we
correctly detected the following groups: 1) healthy controls, 2) patients with infection, 3) patients

with APL and 4) patients with acute leukaemia non-APL.

The smears corresponding to patients with non-APL leukaemia (AML or ALL) were classified
through the second module, and the results are shown in the confusion matrix in Figure 6.6B.
Regarding AML, sensitivity, specificity and precision values of 100%, 92.3% and 93.7%,
respectively, were obtained. As for ALL, a sensitivity of 89% and specificity and precision values

of 100% were obtained. The overall accuracy of individual smears was 94.7% (see Figure 6.6B).

At the end of the two-step classification with ALNet, we obtained the correct diagnostic prediction
for all patients with APL and AML. With respect to the ALL group, a total of 24 from 27 smears
were correctly classified, being the remaining three recognized as AML (two smears) or unknown

(one smear).

When developing new diagnostic support tools for laboratory practise, it is important to consider
individual patients when organising datasets for training and assessing the system. The automatic
classification of blasts had always been addressed considering each cell image as a unit, without
considering individual smears when arranging sets for both training and assessing the classifier.
Using images from the same smear for both training and assessment could cause an accuracy
overestimation, what happened in almost all the studies in the literature. An innovation of this
thesis was that we arranged a set of smears for the system development and a different one for the
assessment. For the first time, the PB smear was used as a diagnostic unit, which enabled the
achievement of a satisfactory diagnostic ability when differentiating normal smears from those

related to infections and with respect to smears with abnormal leukemic cells.
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Figure 6.6. Confusion matrix of the classification results (in %) for the smears of the testing set
of modules 1 (A) and 2 (B) taking the threshold of 50% into consideration. Rows indicate the true
diagnosis and columns represent the predicted diagnosis supplied by ALNet. Diagonal values are
the true positive rates for each smear (in brackets the number of smears). The overall classification
accuracies of the first (A) and second module (B) were 100% and 94.7%, respectively. LY,
lymphocytes; MO, monocytes; APL, acute promyelocytic leukaemia; AL, acute leukaemia;
AML, acute myeloid leukaemia; ALL, acute lymphoid leukaemia; UNK, unknown.

In addition, to further evaluate the ALNet performance in a clinical setting, we used a new image
dataset from two other hospitals (Josep Trueta and Germans Trias i Pujol). This dataset contained
a total of 381 images of blast cells (322 myeloid blasts and 59 B-lymphoblasts). When classifying
by single-cell images, 98% of blast cells were correctly classified by module 1. Module 2 correctly
classified 82% of myeloid blasts and 64% of B-lymphoblasts. When using the threshold of 50%
to predict the diagnosis from the smear, in the first classification module of ALNet all the smears
(100%) were classified as acute leukaemia non-APL. Regarding the leukaemia lineage, 3/5

smears corresponding to AML (60%) and 1/2 ALL smears (50%) were correctly classified.
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When using images from two other hospital, sensitivity for the leukaemia lineage discrimination
decreased. Although all datasets were stained with the ‘gold standard’ May Griinwald-Giemsa
technique used in clinical laboratories, we observed that variations in the optical conditions and
resolution of microscopic images affected the classification accuracy of the CNN models. It is
known that colour information is involved in the quantification of cytoplasmic basophilia and
granulation, both being very important characteristics in the classification of myeloid blasts and
lymphoblasts (91). This is why changes related to image clarity, colour scale or resolution could

mislead their differentiation.

The fact of having used only a single-institution image data source to develop ALNet could
represent a limitation for its current implementation in other clinical laboratories. The different
staining protocols of blood smears, the optical equipment to perform the blood cell analysis and

the methods for image digitalization could result in accuracy variations when using ALNet.

Regarding the scientific and technological impact of this thesis, the approaches developed have a
huge clinical impact as they could be new support tools for quick diagnosis of acute leukaemia
during the blood smear review. They have been proved to distinguish neoplastic (leukaemia) and
non-neoplastic (infections) diseases, as well as recognise the leukaemia lineage. They have
relatively low cost since depend on a microscope, which is usual in all laboratories, and software.
This could ease their integration in the workflow and information systems of clinical laboratories,
and allow strict selection of other diagnostics tests, like immunophenotype and molecular studies,

which involve complexity and high cost in specialized hospitals.

Concerning the social and economic impact, people aged 60 years or older will rise from 900
million to 2 billion in the next future (WHO data), increasing the incidence of haematological
diseases. This demographic change is a challenge since it may become a big social problem in the
context of lower economical resources and therefore lower human resources in the health sector.
In this scenario, the development of new computational technologies becomes indispensable to
assist pathologists to give a prompt and efficient diagnosis, such as the approaches developed in
this thesis. Furthermore, there is a global need to develop new diagnostic tools that support the

laboratory daily practise, especially for those with low resources.
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CHAPTER 7

Conclusions

This thesis has contributed in developing tools required for the initial diagnostic orientation of
acute leukaemia to support clinical pathologists during their daily clinical practise. The thesis has
grown through the evolution of various works, starting with a discrimination among normal
mononuclear cells, reactive lymphocytes and three types of leukemic cells using traditional
machine learning techniques, and ending with a new predictive system designed with two serially
connected convolutional networks, which has been proved to distinguish neoplastic (leukaemia)
and non-neoplastic (infections) diseases, as well as recognise the leukaemia lineage. Furthermore,
this new system has been validated in a real-clinical setting. This thesis has also contributed in
advancing the state of the art of the automatic recognition of acute leukaemia by providing a more

realistic approach which reflects the real-life complexity of acute leukaemia diagnosis.
The most significant conclusions of this thesis are summarised below:

« Several classification technigues have been implemented to automatically recognise different
blasts from myeloid and lymphoid origin, abnormal promyelocytes, reactive lymphocytes,
lymphocytes and monocytes. The automatic recognition of this wide variety of cell types is a
new contribution since it has not previously been accomplished and provides a more realistic

approach reflecting the real-life complexity of acute leukaemia diagnosis.

« The blood smear has been used as a diagnostic unit, which has enabled the achievement of a
satisfactory diagnostic ability when differentiating normal smears from those related to

infections and with respect to smears with abnormal leukemic cells.
The specific conclusions derived from the first approach can be further summarised as follows:

« The full set of extracted features has been able to describe size, shape, colour and texture of
the different cell types included in this thesis, involving the calculation of 28 geometric and
2,839 colour and texture features. The further successful classification results show that this

feature set provides excellent cell characterisation.
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« Feature selection is a necessary step to decrease complexity and computation time of the
algorithm associated to a high number of features. In this thesis many classification
experiments have been carried out with different combinations of geometric, colour and

texture features, applying conditional mutual information maximisation criteria.

e It has been found that 700 features were the most relevant and less redundant for the
classification step, which included a combination of geometric, colour and texture features.
Moreover, the most representative colour spaces to distinguish the cell groups of this thesis
resulted to be the following: L*a*b, CMYK and RGB.

« The 700 most relevant features offer: 1) quantitative descriptions of cytological characteristics
which are usually described in qualitatively terms, and 2) efficiency to automatically

distinguish among a significant number of different blast cell lineages.

« The three most representative geometric features for the automatic recognition of blast cells

are the nuclear area, the cellular area and the Nucleus/Cell ratio.

« The kurtosis of the green-red of the cell and the blue correlation of the cell are the first among
the colour and texture features, respectively. They are related to the nucleus/cell relation,
which allowed us to discriminate between reactive lymphocytes and myeloblasts or
lymphoblasts, between lymphoblasts and myeloblasts, and between myeloblasts and

monoblasts.

« The mean of the blue of the nucleus provides essential information for cell types with dispersed
chromatin. Differences were observed among different myeloid blasts with immature
chromatin and visible nucleolus, compared to the abundant azurophil granulation typical in

abnormal promyelocytes.

« The cluster shade of the blue-purple of the cell allows the distinction among cells with thinner
and condensed texture, demonstrating that information of the nuclear chromatin distribution
pattern could be provided by grey level co-occurrence matrix (GLCM) features, which helped

us to distinguish among myeloblasts, monoblasts, abnormal promyelocytes and lymphoblasts.

« In this thesis several traditional classification techniques have been implemented to
automatically recognize different blasts from myeloid and lymphoid origin, abnormal
promyelocytes, reactive lymphocytes, lymphocytes and monocytes. The best classification

results have been achieved using a linear discriminant analysis (LDA) classifier.
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« The methodology for the automatic blast cell recognition has been assembled with our own
image segmentation algorithm followed by the integration of feature selection within the

classification step, which has shown high accuracies in the system development stage.
The specific conclusions derived from the second approach are the following:

« Data augmenting techniques has been used to balance the number of images of each cell class
during the development stage of the deep learning-based system, which allowed us to avoid

overfitting and obtain satisfactorily high accuracies for cell classification.

« For the transfer learning approach implemented in this thesis, the last layers of the evaluated
CNN architectures have been removed and three new fully connected layers have been coupled
at the end of each network. With this design we took advantage of the knowledge of the pre-
trained CNNs with ImageNet, which helped to overcome the deficit of training images and

served as an effective weight initialisation to then classify our own image dataset.

« By fixing the number of iterations at 470 with a batch size of 64 and implementing the cycling
rate policy has been possible to select the best CNN architecture for the automatic
classification of the different leukaemia types considered in this thesis. Moreover, the highest

accuracies have been obtained when fine-tuning the entire CNN models.

« VGGL16 together with the hold-out approach has been selected as the best model because of
the following: 1) less overfitting was obtained as VGG16 showed better performance when
making predictions with new images; and 2) it is a simpler architecture compared to the other
CNN frameworks and had the best training and classification time, which is an advantage for

a potential real-time implementation.

e The new strategy (ALNet) proposed with the design of two separated classifiers working
sequentially has improved the accuracy for leukaemia lineage differentiation obtaining
excellent results for its two main specifications: 1) the prompt and accurate detection of

promyelocytic leukaemia; and 2) the discrimination of myeloid and lymphoid leukaemia.

« Using hold-out as a validation technique with 2,500 images per group has made possible
obtaining satisfactorily high accuracies as similar accuracies were obtained with the 5-fold

cross validation approach.

« Visualizing the feature maps generated by the intermediate convolutional layers of ALNet has
given us an idea of which patterns the network extracts and helped to interpret the classification

results.
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« The feature map 202 from the convolutional block 3 (layer 1) is able to precisely detect the
cell outline, nucleus shape and texture, along with the recognition of the red blood cells and
their central pallor and the circulating platelets, while the feature map 215 from the
convolutional block 3 (layer 3) is capable of detecting the bilobed nucleus of the abnormal

promyelocyte and the nucleolus of the myeloid blast.

« The relevance of ALNet for the diagnosis of patients with acute leukaemia has been evaluated
in a real-clinical practise scenario performing a proof of concept with images from three other
centres. A satisfactory diagnostic prediction has been achieved, although we concluded that
variations in the optical conditions and resolution of microscopic images affected the

classification accuracy of the models.

7.1. Future Perspectives

The results of this thesis are promising and provide hope for new computational technologies in
the field of hematopathology to give a prompt and efficient diagnosis. Nevertheless, additional
research is needed to further improve the accuracy of the system for diagnostic prediction. This

section discusses potential future perspectives that can be studied from the bases of this work.

A current limitation for the practical implementation of ALNet in other laboratories may be that
a single-institution data source has been used to train the model, which could result in accuracy
variations related to the image staining procedure and the optical conditions and resolution of the
microscopic images. To deal with this, our group has some work in progress using new models
based on Generative Adversarial Networks (GANS) to generate artificial staining effects with the

aim to standardize the images that feed the CNN models.

Regarding the most challenging recognition task, which is the automatic differentiation between
myeloid and lymphoid blasts, the use of Bayesian tools such as Bayesian inference and Markov
Monte Carlo methods could be useful for incorporating information from patients and diseases in
the learning process. It would be interesting to investigate if the incorporation of demographic
and biological data, such as haematological and biochemistry parameters, of acute leukaemia
patients before its diagnosis, as well as epidemiological data of acute leukaemia diseases into the
CNN models may be useful to improve the predictive ability of ALNet. Moreover, it also might
be of interest to study new visualization tools to analyse the CNN’s filters and neurons activations
to incorporate information and clinical interpretation from the feature maps automatically
generated in the learning process. Features maps would be analysed to search for patterns which

can be associated with some specific morphological characteristics of blast cells. Examples of
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these could be the “cup like” in the nucleus of myeloblasts from AML with mutation in the

nucleophosmin (NPM1) gene or splinters in abnormal promyelocytes.

As further implementation, ALNet would be validated using a web application for real-time on-
site operation by integrating it within a system hosted in a server. The whole system would be
designed to assist the user (clinical pathologist) when he/she is visually analysing the cell images
from a patient’s smear and has to give a diagnostic orientation. The first step would be to upload
the set of images to the hosting server. Then, the classification of the cell images would be the
output presented back to the user in graphical and numerical form. This workflow would be
designed as a prototype to be operative from a computer to work in real time, which would offer
the possibility to perform a multicentric proof of concept and increase the number of new patients.
Alternatively, the system could be easily integrated within a large workflow in a laboratory that

includes other types of analysers and information sources about patients.
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