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Abstract

The adaptability and deformability of red blood cells (RBCs) are crucial for effi-
cient microvascular perfusion and gas exchange, enabling these cells to conform to
varying vessel flow conditions. This thesis investigates changes in RBC deforma-
bility occurring in diseases such as Neuroacanthocytosis Syndromes (NAS), Sickle
Cell Disease (SCD), and conditions like COVID-19.

Traditionally, diagnosing these conditions involves genetic analysis and manual as-
sessment of RBC shapes. This thesis proposes an automated method using artificial
intelligence (AI) and image processing to analyze single RBC shapes in real-time
flow. This innovative approach shows promise in characterization diverse RBC
shape abnormalities seen in blood disorders.

Chapter one discusses blood properties and RBC behavior in microcapillaries.
Chapter two explains details of materials and methods. The third chapter focuses
on methodology development, including image processing tools and AI implemen-
tation. In chapter four, RBC morphology is discussed in detail for diseases like
COVID-19, NAS, SCD, and others. The thesis concludes by summarizing findings
and suggesting future research directions.

VII





Zusammenfassung

Die Deformierbarkeit von Erythrozyten (red blood cells, RBCs) ist für eine effizien-
te mikrovaskuläre Durchblutung und den Gasaustausch von entscheidender Bedeu-
tung, da sie es diesen Zellen ermöglicht, sich an unterschiedliche Strömungsbedingungen
anzupassen. In dieser Arbeit werden Veränderungen in der Verformbarkeit der
Erythrozyten untersucht, die bei Krankheiten wie Neuroakanthozytose-Syndromen
(NAS), der Sichelzellkrankheit (SCD) und Erkrankungen wie COVID-19 auftreten.

Für die Diagnose vieler Krankheiten sind traditionell eine genetische Analyse oder
eine manuelle Bewertung der Erythrozytenform erforderlich. In dieser Arbeit wird
eine automatisierte Methode vorgeschlagen, bei der KI und Bildverarbeitung ein-
gesetzt werden, um die Form einzelner Erythrozyten in Echtzeit zu analysieren.
Dieser innovative Ansatz ist vielversprechend für die Diagnose verschiedener An-
omalien der Erythrozytenform, die bei Blutkrankheiten auftreten.

Im ersten Kapitel werden die Eigenschaften von Blut und insbesondere das Verhal-
ten der Erythrozyten in Mikrokapillaren beschrieben. Kapitel zwei erläutert Einzel-
heiten zu den verwendeten Materialien und Methoden. Das dritte Kapitel konzen-
triert sich auf die Entwicklung der Methodik, einschließlich der Bildverarbeitung
und der KI-Implementierung. In Kapitel vier wird die Morphologie der Erythro-
zyten bei Krankheiten wie COVID-19, NAS, SCD und anderen Krankheiten im
Detail diskutiert. Die Arbeit schließt mit einer Zusammenfassung der Ergebnisse
und Vorschlägen für zukünftige Forschungsrichtungen ab.
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1 Introduction

This introduction chapter aims to provide a comprehensive summary of the thesis,
offering an overview of its primary content while highlighting significant findings
derived from existing literature.

1.1 Generalities on blood

Blood is a vital bodily fluid that performs several functions, including transporta-
tion, regulation, and protection [3]. It constantly circulates throughout the body,
carrying oxygen, carbon dioxide, nutrients, hormones, heat, and waste products.
Additionally, it regulates the pH, protects against blood loss by clotting and dis-
eases through phagocytic leukocytes, antibodies, and interferons. The average
temperature of blood is about 37°C, and it has a slightly alkaline pH between 7.35
and 7.45. Its composition is given by 4 elements (i) plasma, (ii) red blood cells
(RBCs), (iii) white blood cells (WBCs), and (iv) platelets.

(i) Making up 55% of blood, plasma is the largest component and comprises ap-
proximately 90% of the blood’s volume. It is composed of 90%water, 9% pro-
teins, and 1% electrolytes. The primary role of plasma is to transport blood
cells throughout the body along with various substances such as nutrients,
waste products, antibodies, coagulation proteins, and chemical messengers.

(ii) Red blood cells (RBCs) are the primary cellular component of blood. They
lack a nucleus and organelles, and have a biconcave discocyte shape with a
diameter ranging from 7 to 8 µm and thickness of approximately 2 µm. This
shape is highly deformable, enabling them to pass through various blood ves-
sels. However, the lack of a nucleus limits their lifespan, as this impairs their
capacity for self-repair and renewal, especially as they traverse the smallest
blood vessels and suffer membrane damage. On average, RBC have a lifes-
pan of around 120 days before they are broken down within the bone marrow,
spleen, or liver. After circulating through the body and undergoing gradual
cell membrane degradation, the phagocytic cells in the spleen and liver de-
tect the altered appearance of aging or non-viable RBCs. Subsequently, these
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2 1 Introduction

cells are eliminated from circulation through phagocytosis. Furthermore, the
RBC owe their characteristic red color to hemoglobin, a specialized protein
responsible for transporting oxygen around the body.

(iii) White blood cells make up approximately 1% of the blood and are crucial
for the immune response as they combat bacterial, viral, parasitic, or fungal
infections.

(iv) Platelets, despite being much smaller than red blood cells, are essential for
blood clotting. They accumulate at the site of injury, adhere to the lining of
the damaged blood vessel, and form a fibrin clot that seals the wound and
stops bleeding.

1.2 Red Blood Cells

1.2.1 Behavior in microcapillaries flow

RBCs flow in a complex network of branching blood vessels throughout the human
body at different velocities and scales. Their behavior in large blood vessels can
be approximated as a homogeneous fluid due to their lower volume fraction [3].
However, in contrast to this, in microcapillaries, the flow of RBCs cannot be re-
garded as a homogeneous fluid since the blood contains a high concentration of
suspended cells, including highly deformable RBCs as shown in [3]. Moreover, the
RBC microcirculation is mainly responsible for nutrient uptake and delivery [4] and
gas exchange between blood and tissues [5], and RBCs’ remarkable deformability
enables them to flow through microcapillaries whose dimensions are comparable to
their own size.

Microfluidic devices offer an efficient approach to investigate the flow behavior
of a single-cell in microcapillaries. Such behavior has been demonstrated to be
dependent on confinement conditions in several instances, as shown in numerical
simulations [6,7], and in vitro experiments [4,5,8]. Mathematical models were used
to simulate various microflow conditions for fluid flow around RBCs, revealing
that RBCs exhibit both symmetric and asymmetric shapes. The cause of this
deformation in RBCs was hypothesized to be the result of interactions between the
elastic properties of the lipid bilayer and cytoskeleton, as well as the flow conditions
within the microcapillary, as stated in [7].

The study of bistability between symmetric and asymmetric RBC shapes was exten-
sively carried out in [6]. A combination of microfluidic experiments and numerical
simulations was used to mimic a constant flow with velocities ranging from 0.1
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to 10 mm/s in a rectangular microfluidic channel with a height of 10 µm and a
width of 12 µm. The study revealed that at low velocities, RBCs tend to take on a
symmetrical and centered shape with a concave front and a convex back, referred
to as a croissant. However, at higher flow rates, RBCs adopt an asymmetric and
off-centered shape with a pointed front and a flat rear, referred to as a slipper. The
transition between croissants and slippers has also been studied, as shown in [4]
and the images of both stable forms obtained from experiments and simulations
conducted on it are displayed in Figure 1.1.

Fig. 1.1: The images in the experiment display Croissant-shaped and slipper-
shaped RBC, which are followed by simulation images generated under
identical conditions. The RBC flow direction is in the x-axis, and the
scale bars correspond to a length of 5 µm. Taken from [4].

Together with numerical simulations, in vitro experiments using a rectangular-
section microfluidic channels (30 parallel channels with a width of 10.8 µm, a
height of 7.9 µm and a total length of 40 µm) were used for pressure drops ranging
from 200 to 1000 mbar, and with increasing and decreasing pressure ramps to
achieve the RBC shape transition. The investigation of the shape evolution of the
cells as they travel through the microchannel resulted in the observation of various
shape transitions such as elongation, deformation, rotation, and tumbling under
different flow conditions, justified depending on the flow rate and the amplitude
and frequency of flow fluctuations.

1.2.2 RBC deformability as a biomarker

The velocity of RBCs and the characteristics of the surrounding medium affect their
shape [6, 9] in microcirculation. These shapes are determined by intrinsic factors
such as cytoplasmic viscosity, cytoskeleton properties, and membrane rigidity [9].
Pathological alterations in RBC deformability have been linked to changes in these
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factors [10, 11]. Such pathological changes in the RBCs deformability can be ob-
servable, for example, in inflammatory responses in COVID-19 [12], malaria [13],
sickle cell anemia [14], diabetes [11, 15], hereditary disorders [11, 16], myocardial
infarction [11], [17], and storage lesions [9] caused by blood storage.

Changes in the mechanical properties of RBCs, such as their cytoplasmic viscosity
and bending stiffness, can significantly impact their shape, decrease of microvascu-
lar perfusion, and blood flow behavior, causing harm to the endothelial cells lining
blood vessels. Even in stasis, the shape of the RBC is a highly sensitive param-
eter [18]. When combined with information on capillary flow, which can detect
abnormalities [19], RBC flow properties can serve as a biomarker with broad appli-
cations, including undiagnosed or challenging-to-diagnose diseases, known diseases,
monitoring patient therapy, or in vitro treatment tests [9] as outlined in the next
sections.

1.2.3 Pathologies

Coronavirus disease 2019 (COVID-19)

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) causes COVID-19,
which is an acronym for corona virus disease first identified in 2019. COVID-19 is
an extremely contagious respiratory disease that spreads mainly through contact,
droplets, and potentially through the air. To diagnose COVID-19, healthcare pro-
fessionals look for typical symptoms like fever, respiratory issues, abnormalities in
chest computed tomography (CT) scans, and conduct polymerase chain reaction
(PCR) testing [20]. As of August 2023, the disease has caused over 760 million
confirmed cases and more than 6.9 million deaths worldwide [21, 22]. Up to 15%
of individuals infected with COVID-19 [23] can experience acute respiratory ill-
ness and hypoxia, which may require hospitalization. Among these patients, some
may develop acute respiratory distress syndrome (SARS-CoV-2) and multiple or-
gan failure (MOF), and even die. COVID-19 can present with various hematologic
manifestations, such as the disruption of the balance and stability of the RBC
membrane structure, as suggested in [24]. The disruption is evident by increased
levels of glycolytic intermediates, substances involved in energy production, within
the RBCs. Additionally, the membrane proteins of RBCs undergo chemical al-
terations, oxidation, and fragmentation. These changes indicate that COVID-19
significantly affects the integrity and function of the RBC membrane, potentially
leading to impaired oxygen transport and delivery. Furthermore, this disruption
may contribute to microvascular coagulation, as noted in [25].

Several studies [26–28] have highlighted the impact of altered iron metabolism on
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RBCs in COVID-19 patients. These individuals may exhibit elevated levels of fer-
ritin, a protein involved in iron storage. Increased ferritin levels are often indicative
of a robust inflammatory response and are associated with longer hospital stays,
a higher risk of ICU admission, and an increased likelihood of requiring mechan-
ical ventilation. These findings emphasize the significant role of iron metabolism
changes in COVID-19 and their implications for patient outcomes.

Additionally, according to [29], COVID-19 has a direct impact on hemoglobin
within the bone marrow. The virus specifically targets the precursor cells of RBCs
in the bone marrow and interacts with specific receptors on RBCs and their pre-
cursors. This interaction leads to viral entry and affects the iron-containing heme
molecule in hemoglobin. Specifically, the virus tar interacts with the 1-beta chain
of hemoglobin with the intention of separating iron from it, subsequently forming
porphyrin. This disruption in hemoglobin function can potentially contribute to
hemolysis, leading to the destruction of RBCs and the formation of dysfunctional
hemoglobin. Given the significant impact of COVID-19 on the cardiovascular sys-
tem and the urgent need for reliable biomarkers to assess disease progression and
identify high-risk patients, hematological biomarkers hold great importance for
screening, managing patients, and preventing severe complications [30]. Specifi-
cally, deformability in RBC shapes has shown promise as a potential biomarker,
as demonstrated by a study conducted in [31]. In this research, blood samples ob-
tained from healthy individuals, COVID-19 patients at various stages of severity,
and individuals who had recovered from the disease were subjected to real-time
deformability cytometry (RT-DC) using a microfluidic device. The study observed
notable alterations in the morphology of blood cells, particularly RBCs, which ex-
hibited changes in shape and size. These findings not only highlight the enduring
effects of COVID-19 on the body but also suggest that morphological analysis of
RBCs can serve as a fast and sensitive approach to detect functional changes in
cells. Such analysis holds potential as a biomarker for COVID-19 and other infec-
tious diseases.

Also thinking about the shape of RBC as a possible biomarker for COVID-19,
Recktenwald et al. [12] investigated the potential of RBC shape as a biomarker
for severe COVID-19 and its implications for blood flow and omic phenotypes.
Proteomic analyses, focused on identifying and characterizing proteins, along with
metabolomics, which examines small molecules involved in cellular processes, were
conducted to explore the reciprocal interactions between RBCs and plasma in in-
dividuals with COVID-19. Using microfluidic devices, we conducted experiments
and observed significant morphological changes, such as irregularities and spicu-
lated shapes, in RBCs from patients with severe COVID-19. These abnormal RBC
shapes founded, could contribute to impaired blood flow and microcirculation, re-
sulting in tissue hypoxia and organ dysfunction [12]. The study emphasizes the
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importance of understanding the interplay between RBCs and plasma in severe
COVID-19 and suggests that alterations in RBC shape may play a role in the dis-
ease’s pathophysiology. Additionally, the findings suggest that RBC shape changes
could potentially serve as a biomarker for risk stratification, enabling timely treat-
ment interventions.

Neutoacanthocythosis Syndromes

Neuroacanthocytosis Syndromes (NAS) comprises a cluster of hereditary neurode-
generative conditions marked by acanthocytosis, a RBC abnormality [32], [33] that
is shown in Figure 1.2. Indeed, [34] showed that the majority of NAS patients
show acanthocytosis on a peripheral blood smear at some stage during the disease,
with 10-30% of erythrocytes displaying a distinctive spiky appearance that aids in
diagnosing the disease. The prevalence of NAS is extremely low, with estimates
ranging from less than 1 to 5 cases per 1,000,000 population [35].

Fig. 1.2: The figure shows the presence of acanthocytes in a blood smear obtained
from a patient diagnosed with McLeod’s neuroacanthocytosis syndrome.
Taken from [33].

Chorea-acanthocytosis (VPS13A-disease) [36] and McLeod syndrome (XK-disease)
[37] are part of the NAS, with approximately one thousand cases reported world-
wide. VPS13A-disease is most prevalent in Japan and among the French-Canadian
population [35], while XK-disease cases are distributed across Europe, the Amer-
icas, and Japan [35], totaling several hundred individuals affected. As described
in [32], Chorein, a 360-kDa protein, is coded by the VPS13A gene on chromosome 9,
and mutations in this gene cause the autosomal recessive disorder VPS13A-disease.

While mature RBCs contain Chorein, it is either partially or entirely absent in
VPS13A-disease RBCs. VPS13A-disease symptoms include chorea, dystonia, parkin-
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sonism, as well as cognitive and psychiatric symptoms. On the other hand, XK-
disease is a condition that affects the hematologic, neuromuscular, and central
nervous systems caused by a mutation in the XK gene located on the X chromo-
some. The XK protein plays a crucial role in the expression of the Kell blood
group antigen on RBCs, leading to reduced expression in XK-disease and result-
ing in compensated hemolytic anemia. Most affected individuals are males who
experience chorea, cognitive impairment, and psychiatric symptoms beginning in
adulthood, with a decrease in abnormal involuntary movements after VPS13A-
disease diagnosis, according to [33]. As highlighted in [38], the clinical diagnosis
for VPS13A-disease and XK-disease is established by detecting increased levels of
acanthocytes in peripheral blood smears.

The specific mechanisms by which NAS affects changes in RBC morphology are
still not fully understood. Research has revealed a lack of comprehensive knowl-
edge regarding the connection between NAS progression and hematologic factors,
such as the formation of acanthocytes. However, it is established that the reduc-
tion in the deformability capacity of RBCs, directly associated with an increased
rigidity of their membranes, contributes to the hematological alterations observed
in NAS, as indicated by several studies [35, 39, 40]. In a study conducted by Re-
ichel et al. [39], microfluidic devices and flow cytometry were employed to assess
and quantify RBC deformability in individuals with NAS. The findings revealed
that acanthocytes exhibit decreased deformability within the bloodstream. This
reduced deformability not only compromises the survival of the affected cells but
also leads to impaired oxygenation of other tissues in the body, decreasing oxygen
delivery, particularly in sensitive areas of the brain [39, 41]. Furthermore, Rabe et
al. [40] proposed the use of erythrocyte sedimentation rate (ESR) as a diagnostic
biomarker. In his study, they demonstrated not only the altered rigidity of acantho-
cytes present in NAS patients’ RBCs but also in the healthy shapes of RBCs found
in their blood. By employing the standard Westergren method and microfluidic
devices, they confirmed that the healthy RBCs of NAS patients exhibited higher
rigidity compared to healthy donors. Moreover, they observed a higher degree of
sedimentation in NAS samples and suggested the sedimentation rate after 2 hours
as a diagnostic biomarker. They also revealed that the transition point between the
crescent and slipper shapes of RBCs was delayed in patients with NAS. In addi-
tion, Recktenwald et al. combined microfluidic channels and artificial intelligence,
demonstrating promising results in the diagnosis of NAS [9] ( See section Author’s
declaration of contributions, DECLARATION 2.). The study showed that samples
from both VPS13A-disease and XK-disease patients exhibit acanthocytes during
flow, and the RBC flow properties of samples affected by NAS are different from
healthy controls by calculating what the authors called as “shape-ratio”. Through
the confirmation of distinct shape ratios between NAS patients and healthy individ-
uals, as well as the presence of pathological forms of RBC that are not documented
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in the literature, a novel biomarker for diagnosing NAS was proposed: RBC de-
formability. These findings suggest a potentially functional characterization tool
or even a new biomarker for NAS interventional studies.

The impaired deformability of RBC in NAS patients is affected by treatments,
highlighting the importance of monitoring the mechanical properties of blood cells
during disease progression and potential therapies [39]. This monitoring can en-
hance the understanding of the disease. While clinical descriptions of NAS often
prioritize neurological symptoms, the effects on blood cell deformability should not
be disregarded, as they may contribute to clinical manifestations. Therefore, meth-
ods capable of evaluating these effects should be considered crucial parameters in
clinical trials. Currently, there are no available curative or disease-modifying treat-
ments for NAS, and treatment remains focused on managing symptoms. However,
with appropriate measures, the life expectancy and quality of life of patients can
be significantly improved.

Huntington’s disease

Huntington’s disease (HD) is a genetic disorder caused by a mutation in the hunt-
ingtin gene that results in the production of an abnormal protein, leading to the
death of neurons in the brain. Based on data from the European Medicines Agency
(EMA), the estimated prevalence of Huntington’s disease in the European Union
is approximately 1.2 cases per 10,000 individuals [42]. This suggests that there are
approximately 62,000 people affected by this condition within the EU. Symptoms
of HD include involuntary movements, cognitive and psychiatric disturbances, and
motor difficulties. Distinguishing between Huntington’s disease and the NAS is
challenging due to similarities in symptoms and imaging findings [43, 44]. Acan-
thocytes in peripheral blood have been used to support the diagnosis of NAS [45].
However, recent studies [46] have suggested that HD patients may also exhibit
altered RBC morphology that is sometimes confused with acanthocytosis. This
ambiguity can be observed in the study conducted by Yu et al. [46], which used
scanning electron microscopy to investigate the RBCs of Huntington’s disease pa-
tients displaying atypical shapes. The study revealed that HD can affect RBCs,
leading to abnormalities such as oxidative damage, an increased number of stom-
atocytes, and the formation of cells with membrane deformations that sometimes
resemble acanthocytes and echinocytes, as shown in Figure 1.3. On the other
hand, [47] utilized flow cytometry and blood smears to found that the count of
acanthocytes in both HD patients, HDL2, and control subjects remained below the
normal threshold. This implies that the creation of acanthocytes does not play
a significant role in these diseases. Both researches indicate that abnormal RBC
shapes can occur with HD, but its development is still unclear as it may be in-
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fluenced by specific genetic or environmental factors. Moreover, they emphasized
that it is necessary to regularly monitor the blood morphology of patients as it can
change over time.

Fig. 1.3: Scanning electron microscopy examination of fresh peripheral blood sam-
ples from four patients (A, B, C, and D) revealing the presence of
echinocytes. Observed at a magnification of x1800. Taken from [46].

Continuing the discussion about the complexity surrounding the pathological shapes
of RBCs observed in HD, Peikert et al. [48] commented that this confusion has been
documented in the past. For years, efforts have been made to clarify this issue,
especially concerning the presence of acanthocytes as a means of classifying and
diagnosing HD. They also referenced the recommendations provided by the Interna-
tional Council for Standardization in Hematology regarding the visual classification
of stained blood films [49]. While less precise, these recommendations have paved
the way for automation in diagnosis (as proposed by Kamentsky [50]). The objec-
tive is to streamline this often intricate and time-consuming classification process
typically carried out by human observers.

To this day, there is still no cure for HD, and the available therapeutic strategies
primarily address the symptoms. The current treatment approach aims to man-
age motor, cognitive, and psychiatric symptoms, with the ultimate objective of
enhancing the quality of life for individuals affected by this condition. The pursuit
of biomarkers is gaining significance in the context of Huntington’s disease (HD),
despite the current limitations in treatment and the emphasis on symptom man-
agement. This is exemplified by the work of Podlacha et al. [51], who conducted a
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study utilizing R6/1 mice, a model that exhibits characteristics similar to HD in
humans. The study aimed to analyze blood biomarkers in these mice with the ob-
jective of identifying indicators that could be translated into clinical settings for the
diagnosis and monitoring of HD. Podlacha et al. suggested that blood biomarkers,
such as gene expression profiles, protein markers, and metabolites, hold immense
potential for detecting HD-related changes. These biomarkers could serve as valu-
able tools in the identification and tracking of the disease’s progression, offering
insights for clinical applications.

Sickle cell disease

Sickle cell disease is attributed to the production of Hemoglobin S (HbS), a type
of hemoglobin protein that arises from a substitution of nucleotide in the gene
responsible for β-hemoglobin synthesis [52]. When HbS molecules are deoxygenated
in the microcirculation, they undergo polymerization by associating hydrophobic
residues of HbS molecules with adjacent molecules, forming rigid fibers that distort
and damage the RBC membrane and cytoskeleton [53, 54]. The repeated damage
caused by the crystallization leads to the formation of irreversibly sickled cells,
hemolysis, and imparts biomechanical properties to the RBC that contribute to
the vaso-occlusions commonly seen in sickle cell disease (SCD). In [53] is proved
that the shape of sickle RBCs is greatly influenced by the arrangement of the HbS
crystal inside the cell, leading to a varied spectrum of cell morphologies. By using a
technique to measure the alignment of hemoglobin fibers, it was demonstrated that
there are at least four different classes of sickle cells: single domain cells, multiple
domain cells, central constriction cells, and spherulite cells, as displays Figure 1.4.
Single domain cells involve HbS fibers clustering into a single group of continuous
fibers, while multiple domain cells have crystalized HbS fibers clustering in at least
two clusters of continuous fibers. Central constriction cells have a few crystalized
HbS fibers in the center of the cell, but these increase rapidly in number towards
the edges of the cell in one direction, forming the dumbbell shape. Spherulite cells
are similar to central constriction cells but differ in the direction of the spreading
of the crystalized HbS fibers, occurring outward in multiple directions.

The diverse range of sickle cell shapes was assessed in [55] as a biomarker for di-
agnosing and monitoring SCD, recognizing that conventional techniques such as
peripheral blood smears under hypoxic conditions can be both time-consuming
and biased by the subject interpretation. The study also suggests utilizing a com-
bination of microfluidic devices and automated classification of RBC morphologies
as a reliable method to assess the impact of novel therapies on the morphology
of individual sickle cell RBCs. This approach has been successfully demonstrated
in other studies [56, 57]. Despite the advances in diagnosing SCD, the lack of an
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Fig. 1.4: Shows five different sickle cell shapes. (A) single domain cell, (B) three
domain cell, (C) multiple domain cell, (D) central constriction cell, and
(E) spherulite cell. Taken from [53].

objective method to measure clinical severity or prognosis, including the ability to
predict vaso-occlusive crisis (VOC), is presently a major constraint, impairing even
the drug development in SCD.

VOCs are responsible for approximately 95% [58] of hospitalizations related to
SCD and contribute significantly to the disease’s morbidity. These crises occur
when sickle cells block capillaries, and their occurrence typically increases from 1
to 3 days before the onset of clinical symptoms. Despite the significant impact of
VOC management on patients’ lives, there is a lack of reliable methods to measure
the severity and frequency of these crises. Darbari et al. [58] have identified sev-
eral blood biomarkers, including higher neutrophil counts, platelet hyperactivity,
hemolysis, and lactate dehydrogenase levels, that may indicate the severity of SCD.
However, relying solely on these parameters is insufficient to predict the severity
and frequency of VOCs. This limitation underscores the need for additional mark-
ers and a better understanding of the factors influencing VOCs. Identifying such
markers would be crucial for identifying potential therapeutic targets and develop-
ing effective treatments for VOCs in SCD.

According to Ware et al. [59], the two most commonly used treatments for reducing
symptoms of SCD are transfusion therapy and pharmacological induction of fetal
hemoglobin (HbF). Transfusions are often given to adult patients, both for acute
complications and as a long-term treatment. While transfusions provide immediate
benefits by improving oxygen-carrying capacity and blood flow, they can lead to
complications such as liver iron overload, which limits their long-term use. Hy-
droxyurea, approved by the Food and Drug Administration (FDA) in 1998 [60], is
commonly used to increase HbF levels, making rounder and more flexible RBCs and
resulting in reduced frequency of VOCs and the need for transfusions. However,
there are multiple challenges impeding the utilization of hydroxyurea in individuals
with SCD, and research has revealed that many patients struggle to adhere to this
treatment, as discussed in [60] in their investigation of current and emerging thera-
pies for SCD. Another treatment mentioned by Lynne et al. [60] is voxolotor, which
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directly targets the polymerization of HbS, delaying the process of sickling. How-
ever, the most promising therapeutic approach is gene therapy and gene editing
technologies, which offer the potential for a cure in SCD. Despite ongoing clinical
trials [61, 62] and considerable promise, gene therapy still faces technological and
regulatory challenges and is likely to be an expensive treatment option.

Treating SCD can be particularly costly for severe patients that experiences recur-
rent VOC. As stated in [60], VOC constitutes over 90% of acute hospital admissions
and 85% of all acute medical care provided to individuals with SCD. The lifetime
hospital expenses for patients with severe cases range from approximately 461,000
¿ to nearly 8.3 ¿ million. Additionally, the costs associated with transfusions can
amount to 55,000 ¿ per year. These numbers further underscore the necessity
for affordable, reliable, accurate, robust, and accessible characterization devices to
maximize outcomes in SCD.

1.2.4 Stored Blood

Around 85 million units of stored RBCs are transfused annually worldwide [63],
with Europe accounting for 26% of global donations in 2018 according to the WHO
Global Status Report on Blood Safety and Availability [64]. To ensure the safety
and quality of blood products, Europe follows the standards set by the European
Union’s 2004 regulation (Directive 2004/23/EC) [65]. This regulation outlines spe-
cific requirements for the collection, processing, testing, storage, and distribution
of blood and blood components. Its aim is to safeguard the recipients of blood
transfusions and minimize associated risks. The regulation emphasizes various
measures to achieve these goals. It imposes the proper identification of each blood
unit throughout the donation-to-administration process. Rigorous screening and
testing of blood donors for bloodborne diseases such as HIV, hepatitis B and C,
and syphilis are also essential. The regulation establishes clear guidelines for the
processing and storage of blood units to maintain their quality. Another significant
aspect of the regulation focuses on quality assurance for blood products. It includes
the standardization of procedures for processing, storage, and distribution of blood
bags. Additionally, the regulation mandates the performance of laboratory tests to
ensure the integrity, purity, and viability of the collected blood components. Over-
all, the regulation plays a crucial role in ensuring the safety, quality, and traceability
of blood products in Europe, with a comprehensive framework covering various as-
pects of blood transfusion processes.

The World Health Organization (WHO) has recommended the standardization of
”blood cold chain equipment” in its Manual on the management, maintenance, and
use of blood [66]. According to the manual, after donation, RBCs are separated
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from other blood components and should be stored in a specialized bag. This bag
contains an additive solution that includes essential anticoagulants to prevent blood
clotting. The recommended storage temperature for RBCs is between +2 °C to +6
°C, ensuring the preservation of their quality and effectiveness. Blood units can be
stored for up to 42 days, but on average in Europe, they are transfused to patients
by the 16th day of storage, as observed in the study by Relevy et al. [67]. However,
a significant percentage of units, reaching 37%, are still transfused after the 3rd

week of storage, according to [67,68]. This indicates that a considerable number of
blood units undergo extended storage before being administered to patients.

Another significant regulation that focuses on ensuring the integrity, purity, and
viability of blood units is REGULATION (EU) 2017/745 OF THE EUROPEAN
PARLIAMENT AND OF THE COUNCIL [69]. This regulation specifically ad-
dresses the design and manufacturing of blood bags to minimize the release of
harmful substances into the RBC. According to Larsson et al. [70], the commonly
used blood bags for storing RBCs are typically made of polyvinyl chloride (PVC)
plasticized with di(2-ethylhexyl) phthalate (DEHP). DEHP is released when it
comes into contact with stored blood components and becomes incorporated into
the RBC membrane, contributing to its integrity. However, concerns regarding the
toxicity of DEHP have prompted regulations to limit its concentration in blood
bags. The DEHP regulation [69] stipulates that the maximum permissible concen-
tration of DEHP in a blood bag should not exceed 0.1% weight/weight. Conse-
quently, there is a growing interest in replacing DEHP with a non-toxic plasticizer
in blood bags, as long as this substitution does not compromise the quality of the
blood components.

Continuing with the focus on maintaining the integrity, purity, and viability of
blood units, another crucial factor to consider is the additive solution (AS). The
AS plays a vital role by providing essential nutrients like glucose, adenine, and
salts to support the metabolism and viability of RBCs during storage. Accord-
ing to WHO [66], RBCs can be stored for a duration of up to 42 days (6 weeks)
in the AS. However, Chen [71] explains that although the AS helps in preserving
RBCs, it alone is not sufficient to maintain their integrity, leading to their rupture.
The changes and degradation that occur in RBCs from the initial blood collection
to the rupture of their membrane are referred to as storage damage [71]. In our
body, RBCs derive their energy from the anaerobic metabolism, but when they
are separated and stored, they rely on the nutrients provided by the AS. However,
this process gradually changes the pH of the solution, impacting the production
of Adenosine triphosphate (ATP) and impairing the RBC’s ability to counter ox-
idative damage. The acidification of RBCs and the decrease in ATP levels have
observable effects on their shape, as highlighted in [66], where the formation of
spheroechinocytes is observed instead of the characteristic biconcave disc shape.
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Figure 1.5 shows the spheroechinocytes described in [71].

Fig. 1.5: It shows the healthy shape of the RBCs as smooth discs, and the appear-
ance of spheroecinocytes on day 23 of storage at 4°C in SAGM. Taken
from [71].

Although SAGM (saline-adenine-glucose-mannitol) is widely used as an AS in
Europe, it leads to a decrease in ATP levels during cold storage, which can re-
sult in storage lesions. However, a new generation of AS solutions has emerged
to address this issue and maintain the biochemical parameters of RBCs. Lager-
berg et al. [72] highlights AS-7 (Additive Solution 7), phosphate-adenine-glucose-
guanosine-gluconate-mannitol (PAG3M), and Erythro-Sol (E-Sol) as innovative AS
solutions that can effectively mitigate the decline in RBC quality parameters in
vitro, potentially improving the safety and efficacy of transfusions. They con-
ducted a study comparing SAGM, PAGGSM, PAG3M, E-Sol 5, and AS-7 for 56
days of cold storage, monitoring the occurrence of storage lesions on a weekly basis.
The study not only demonstrated that PAG3M, E-Sol-5, and AS-7 exhibited sig-
nificantly higher levels of key ATP metabolites compared to control RBCs stored
in SAGM, indicating a reduced development of storage lesions, but also discussed
the use of DEHP in the bags. It is to be noted that the current AS may not be
suitable for use with DEHP-free plastics. Therefore, replacing SAGM with the new
generation of AS in DEHP-free systems could be a viable solution to enhance RBC
preservation.

Moreover, the development of storage lesions is followed by alterations in the ag-
gregability and adhesion of RBCs to the endothelial cells lining the inner walls of
blood vessels. These changes disrupt the flow of RBC and can potentially harm
transfusion recipients. Relevy et al. conducted a study [67] to investigate the im-
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pact of storage on RBCs flow by observing changes in aggregability and adhesion of
stored RBCs. Normally, healthy RBC flow is strong enough to disperse cell clusters.
However, after storage, these cell aggregates become more resistant, increasing the
risk of microcapillary vascular occlusion. This can result in insufficient tissue oxy-
genation, ischemia, and even infarction in recipients of these RBCs. The increased
adherence of stored RBCs also heightens the risk of post-transfusion complications.
While healthy RBCs exhibit minimal adhesion to endothelial tissue, stored RBCs
adhere more strongly, impeding blood flow and preventing disaggregation. Relevy
et al. measured the deformability, aggregability and adhesion to endothelial tissue
of stored RBC every 7 days for a duration of 35 days, providing evidence that the
flow properties of RBCs are impaired by storage as early as the second week.

Several studies [9, 39, 41, 43, 73] have shown an increasing focus on analyzing the
damage to RBCs caused by storage lesions, with one identified form of impairment
being the loss of RBC deformability. In [39], it shows that RBC membrane damage
becomes noticeable after the second week and intensifies as storage time increases.
Furthermore, [40] states that RBC exposure to plasticizers and oxygen during stor-
age results in the accumulation of metabolic residues and subsequent acidification,
which causes damage known as storage injury. Furthermore, [43] investigated the
deformability of RBCs stored at 4°C for 8 weeks. Stored RBCs were sampled at
different times (on the same day of collection and also at weeks 2, 4, 6 and 8) and
were assessed for deformability using a microfluidic ratchet device and the stiffness
score (SR). The authors observed a decrease in RBC deformability at the different
time points, suggesting that the RBC deformability loss profile may be a useful
biomarker for degradation. And they conclude that this finding could guide the
selection of blood units for transfusion and help investigate challenges related to
RBC product quality.

1.2.5 Artificial Intelligence

Artificial Intelligence (AI) is a multidisciplinary field that focuses on creating in-
telligent machines that can simulate human intelligence. It combines principles
from statistics, computer science, technology, and neuroscience to develop systems
capable of performing tasks that typically require human intelligence [74]. AI tech-
niques encompass a wide range of strategies, including decision trees, ”if-then”
rules, and machine learning algorithms. Machine learning (ML) is a specialized
branch of AI that empowers computers to recognize and analyze patterns and cor-
relations within datasets. ML algorithms are designed to learn from the data they
are exposed to, enabling them to improve their performance and make accurate
predictions or decisions. A subfield of ML, called Neural networks, have garnered
significant attention for their remarkable success in diverse domains. Inspired by
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the structure and functionality of biological neural networks, these networks consist
of multiple layers that enable the learning of complex and abstract representations.
By leveraging this architecture, neural networks have demonstrated their effec-
tiveness in medical applications [75]. Figure 1.6 illustrates the different levels of
artificial intelligence, culminating in the neural networks.

Fig. 1.6: The relationship between artificial intelligence, machine learning and neu-
ral networks.

ML has made significant advancements in hematology, with positive impacts across
patient management, from diagnostic predictivity to personalized treatments based
on genetic profiling [76]. The field of hematology has witnessed progress in quan-
titative techniques, particularly in the parameterized description of RBC shapes,
which has advanced through methodological developments and clinical trials. These
techniques when used to RBC flow analysis, 2D and 3D RBC shape analysis, ery-
throcyte sedimentation rate (ESR) calculation, and elongation index (Elmax) cal-
culation, contribute to achieving a higher level of RBC disease diagnosis. When
combined with AI, point-of-care (PoC) devices can monitor therapy progress and
adjust treatments. As described by Kaestner [76], AI and ML have become inte-
gral to the professional life of healthcare practitioners, working alongside doctors in
data generation, analysis, and the integration of hematological parameters. This
collaborative approach provides a fresh perspective on individual patient health
and holds implications for public health systems.
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Artificial Neural Network

Artificial Neural networks (ANN) are software programs that are inspired by the
structure and function of the human brain, allowing computers to learn and make
decisions in a human-like manner. The Artificial Perceptron Neural Network [77] is
the earliest model, capable of handling linearly separable problems, using a single
“artificial neuron” called perceptron, nodes or units. In the human brain, neurons
receive external stimuli through their dendrites, process the information in the cell
body, convert it into an output, and transmit it along the axon to the next neuron.

The transmission of a signal from one neuron to the next takes place through a
functional connection known as a synapse. Within the synapse, the next neuron’s
response hinges on the intensity of the received signal, determining whether it
is accepted or rejected. In artificial neurons, this process is mathematically rep-
resented, with inputs corresponding to the dendrites, units representing the cell
body, weights representing the synapses, and the output representing the axon, as
show in Figure 1.7.

Fig. 1.7: (A) Biological neurons receive input stimuli from other neurons through
dendrites and process them before transmitting the information through
the axon to synapses, where connections with other neurons are formed.
(B) In an artificial neuron, the inputs (x1, x2, ..., xn) are multiplied by
their respective weights (w1, w2, ..., wn), and a bias term (b) is added.
The resulting values are used to compute the linear function (z), which is
then passed through an activation function (f) to produce the output (y).

Expanding on the idea of artificial neurons, the Multi-Layer Perceptron (MLP) [78]
enhances the functionality of a single neuron by introducing multiple interconnected
layers of neurons. This extended architecture allows the MLP to effectively address
non-linearly separable problems, as depicted in Figure 1.8. The MLP consists of
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an input layer to receive signals, an output layer responsible for decision-making
or predictions, and between these layers, any number of hidden layers.

Fig. 1.8: Schematics for linear (A) and nonlinear (B) separation problems.

MLPs are widely utilized in supervised learning, where they are trained using input-
output pairs to learn the underlying relationships between the variables. During
training, the weight parameters of the model are adjusted in a feedforward [79]
manner to minimize the discrepancy between the desired and predicted outputs.
The backpropagation [79] technique is then employed to fine-tune the model by
making further adjustments based on the calculated error, often measured using
the root mean square error (RMSE). Thus, during the feedforward phase, the pro-
cessing in an MLP focuses only on capturing the relationship between the current
input and its corresponding true output. In contrast, during the backward phase,
the MLP propagates the partial derivatives of the error function with respect to
the weights, using the chain rule.

This propagation generates an error gradient, which guides the adjustment of the
weights towards minimizing the MLP’s overall error. Optimization algorithms
based on gradients, such as stochastic gradient descent, are employed to perform
these weight adjustments. The MLP iteratively repeats this process until the error
can no longer be reduced, achieving a state known as convergence. The architecture
of the MLP, as well as its training process is schematized in Figure 1.9. Moreover,
an MLP can predict continuous values in a sequence or cluster data into classes.

Through the utilization of feedforward propagation, the backpropagation algorithm
[80], and the gradient descent algorithm [81], the neural network is able to minimize
the discrepancy between input and output, leading to the acquisition of patterns
from the input data. This iterative procedure is commonly referred to as training.
In supervised learning models, as previously mentioned, it is imperative to furnish
the network with class labels corresponding to each input image.
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Fig. 1.9: The MLP consisting of multiple layers of interconnected neurons. It in-
volves two main steps: Feedforward and Backpropagation. In a clas-
sification task (A), the MLP takes input data and produces an output
representing the predicted class. Backpropagation updates the network’s
weights based on the error between the predicted and true classes, improv-
ing performance. In a regression task (B), the MLP predicts continuous
values, and Backpropagation adjusts the weights using the error between
predicted and actual values to improve approximation of the target.

Variational Autoencoder

Autoencoders are a type of feedforward neural network that aims to reconstruct the
input data at the output layer. Unlike traditional MLPs that focus on classification
or prediction, autoencoders are designed for dimensionality reduction. They com-
press the input data using an encoder component, resulting in a lower-dimensional
code, and then reconstruct the original data using a decoder. The compressed rep-
resentation of the data is referred to as the latent space.

Autoencoders provide a valuable approach for identifying classes or subclasses
within unlabeled data. By reducing the dimensionality of the data to a smaller
number of output neurons, the autoencoder model becomes adept at effectively
partitioning the data into distinct subgroups or clusters. This capability proves
particularly useful in scenarios where the goal is to uncover meaningful patterns
or clusters within a large dataset, enabling better understanding and analysis of
the underlying structure. The encoder, typically a fully-connected ANN with mul-
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tiple layers, takes the input data and produces a new representation of the data
through feature selection or extraction. This process reduces the dimensionality of
the data by compressing it into a lower-dimensional code. The decoder, which has
a mirrored architecture of the encoder, reverses this process by reconstructing the
original data from the code. The dimensionality reduction occurs in the middle
layer between the encoder and the decoder. The number of neurons in this layer
determines the dimensionality of the code, with fewer neurons resulting in more
compression in the latent space. The latent space is a fixed-size vector represen-
tation that is learned through unsupervised learning, where the network learns to
encode and decode the data without the need for explicit class labels.

While traditional autoencoders are effective for reducing the complexity of a dataset
without prior classification, they have limitations. Depending on the data distribu-
tion, the size of the latent space, and the design of the encoder, the data compres-
sion can be lossy, meaning that some information may be lost during the encoding
process and cannot be fully recovered during decoding. To address this limitation,
a probabilistic approach to the latent space was introduced, leading to a modified
version of autoencoders called Variational Autoencoders (VAEs) [82]. VAEs in-
corporate probabilistic modeling techniques to capture the underlying distribution
of the data in the latent space. This allows for more flexibility in generating new
samples and enables better control over the generation process. The distinction
between a traditional autoencoder and a VAE can be observed in Figure 1.10.

Fig. 1.10: Architecture of a conventional autoencoder (A) and a variational autoen-
coder (B), emphasizing the distinction in how the latent space is formed.
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In a traditional autoencoder, the encoder takes the input data and maps it to a
latent space representation. This mapping is typically deterministic, where each in-
put is mapped to a unique point in the latent space. The decoder then reconstructs
the input data directly from the latent representation. On the other hand, in a
VAE, the encoder takes a slightly different approach. It assumes that the latent
space follows a Gaussian distribution, meaning that each point in the latent space
is not a single value but a probability distribution. Instead of directly mapping the
input data to a point in the latent space, the encoder outputs the parameters of
the Gaussian distribution, such as the mean and variance. From these parameters,
a point in the latent space is then sampled probabilistically.

Convolutional Neural Network

Convolutional Neural Networks (CNN) [83] are similar to the MLP model, but
they are specialized for pattern recognition in images. MLP models are typically
limited in scalability, meaning that while they can yield satisfactory results for
non-graphical data or images with few color channels, their effectiveness decreases
as the size and complexity of an image grows. As the demand for computational
power and resources rises with larger and more intricate images, there arises a need
for more robust neural network architectures capable of handling such challenges.

Fig. 1.11: CNN architecture schematic. The illustrated model consists of an input
layer, a convolutional layer, a pooling layer, a fully connected layer with 5
neurons, and two output neurons which assign a class as the final result.

By using image-specific features in their architecture, CNNs can reduce the number
of parameters needed for the model to learn. Their architecture, as shown in Figure
1.11, consists of an input layer that maintains the pixel values of the image, followed
by two sub-layers, a convolutional and a pooling layer, focused on creating a new
representation for the image. The convolutional layer determines the output of
neurons connected to local regions of the input by computing the scalar product
[84], and the pooling layer reduces the spatial dimension of the input [84]. In a row
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comes a fully connected layer, such as an MLP, which produces class scores from the
activations. The Neuron activation occurs through an activation function, which
introduces non-linearities to the processing of its input signal, thereby enabling the
network to solve complex problems. One of the most commonly used activation
functions is the Rectified Linear Unit function (ReLU) [85], which only activates
neurons with positive input in the MLP. Together, the activation function and the
MLP extract meaningful features from the images.

According to Kim et al. [86], CNNs have emerged as the primary model for medical
image analysis. However, CNNs typically require a substantial amount of training
data, which poses challenges due to limited data availability and the cost asso-
ciated with expert-preclassified data [86]. To address the issue of data scarcity,
transfer learning (TL) techniques started to be employed in this field. TL is a
machine learning technique introduced by Pan and Yang [87] that is based on the
concept of transferring knowledge from related tasks to enhance performance on a
new task. The objective of TL is to enhance learning in a target domain by lever-
aging knowledge from a source domain and task. By doing so, TL mitigates the
need for large annotated datasets and extensive training time by utilizing existing
knowledge. Overall, TL facilitates improved performance by transferring knowl-
edge from one task to another, thereby addressing the challenges posed by limited
data availability and the high costs associated with expert-labeled datasets.

TL applied to CNNs involves the transfer of knowledge at the parameter level [86].
In this approach, well-trained CNN models utilize the learned parameters of the
convolutional layers for a new task in the medical domain. For instance, a CNN
that has been trained on a diverse dataset containing hundreds of thousands of
images to recognize objects like cars, people, and animals, can be leveraged to
learn a new task such as classifying RBC images. Among the various transfer
learning approaches in CNN models, fine-tuning plays a vital role in enabling a
CNN to classify a different set of images than its original training set. In the fine-
tuning process, the parameters of the pre-trained CNN, including the parameters
of the convolutional layers, are updated during the adjustment of the model for the
new task. Typically, this involves retraining the model by incorporating additional
images that are relevant to the new task. By fine-tuning the model, the CNN can
adapt its learned features to the specific characteristics of the new task, leading to
improved performance. And in addition to dealing with data sparsity, Fine-tuning
also offers the advantage of reducing the time and computational resources required
to train a CNN model from scratch.
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AI for shape classification

Since the 1960s, researchers have developed various technologies to measure RBC
deformability as it has the potential to be a physical biomarker. These meth-
ods include micropipette aspiration, ektacytometry, and cell transit analyzer tech-
niques. According to [88], traditional methods for measuring RBC deformability
can be classified into two types: the one that measures the average deformability
of thousands of cells [89, 90], called bulk flow methods. And the other called as
single-cell techniques, which provide precise measurements of individual cells with
low throughput [91, 92]. Microfluidic devices fall under the category of single-cell
techniques. With their diverse architectural designs, ranging from narrow, straight
channels to conical constrictions and tight channels for transition and deforma-
tion [73], have significantly advanced the field of RBC deformability measurement
when coupled with high-speed imaging and automated image analysis.

The crucial advancement in automated RBC image analysis, particularly in the
investigation of RBC deformability, was made possible through the application of
artificial intelligence-based methods. The manual classification of 2D images based
on a portion of the cell surface [18] used to be the sole method for investigating
RBC shapes, leading to subjective and time-consuming evaluations. The use of
artificial intelligence to perform such tasks has now become a faster and auto-
mated solution, overcoming the difficulties of manual procedures. This method
results in fast, unbiased, and efficient morphological assessment with accuracy val-
ues comparable to those obtained by different human experts as shown in several
studies [93–95]. The study [94] introduces a method to detect and image single
RBC in microfluidic flow using AI and optical modulation. A binary modulation
mask is employed to simulate the image of each passing RBC and a correlation se-
quence (called “fingerprint”) is obtained to encode its features. An artificial neural
network (ANN) then decodes the fingerprints to reconstruct the cell image. The
proposed ANN architecture is a multilayer perceptron with an input layer, three
hidden layers, and an output layer. The size of the input layer corresponds to the
length of the correlation sequence for each cell, while the output layer corresponds
to the number of pixels in each reconstructed image. The mean square error (MSE)
and Adaptive Moment Estimation (Adam) [96] were chosen as loss function and
optimizer —element that adjusts the learning rates of each parameter, adapting
them as the training progresses— to train the ANN. The research revealed that
accurate reconstruction of RBC images requires binary masks with 2D modulation
schemes. Furthermore, the findings indicate that this technique could be an effec-
tive and direct approach for various RBC disease characterization applications.

Kihm et al. [93] investigated the use of a regression-based Convolutional Neu-
ral Network (CNN) to differentiate between the two stable and transient RBC
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shapes in microfluidic channels. The CNN was trained through supervised way
with single-cell RBC images, resulting in a classification system and statistically
derived thresholds. The classification and thresholds were utilized to construct a
phase diagram, which was automatically generated and then compared to manual
evaluations of RBC shape transitions. It was demonstrated that this method re-
moves the necessity for subjective user input and enables an accurate and efficient
evaluation of RBC geometries in microchannels and opening future perspectives
to predict phase diagrams under the influence of certain drugs or blood diseases.
Moreover, to evaluate if RBCs can be automatically classified by their deformabil-
ity in microfluidic channels, Lamoureux et al. [95] used a microfluidic ratchet device
to sort RBCs and capture images of deformed cells using brightfield microscopy.
A CNN was trained and validated using these images to classify RBCs based on
their shape. Initially, the CNN was trained in a supervised manner using single-cell
image and its true deformability labels determined by microfluidic sorting, which
resulted in misclassification due to imbalanced data. To improve accuracy, different
deformability labels were grouped into two classes, resulting in binary classification
into deformable and rigid cells with an accuracy of 81%± 11% on average across
ten donors. The authors also highlighted the potential benefits of combining mi-
crofluidics with AI, such as the ability to diagnose and monitor diseases related to
abnormal RBC deformability, in addition to demonstrating the potential of deep
learning for fast and precise assessment of RBC deformability.

In addition, Rizzuto et al. [57] employed a microfluidic device to simulate spleen
slits and investigate rare hereditary hemolytic anemia (RHHA) by analyzing RBC
shape through machine learning. The CNN neural network AlexNET [73] was used
for transfer learning to convert each RBC image from the microfluidic filter to a
feature vector for a second stage of pattern recognition analysis. An automatic
classifier, the Support Vector Machine (SVM), was then trained in a supervised
way to discriminate between ”healthy” and ”unhealthy” cells, as well as between
healthy and three RHHA subtypes (sickle cell disease, thalassemia, and Heredi-
tary spherocytosis). The AI-based classification method successfully distinguished
RHHA patients from healthy donors with 91% accuracy and between specific dis-
eases with 82% accuracy. Thus, the authors suggest that this method is useful for
patient screening or monitoring disease progression. Further, [97] proposed an un-
supervised network to classify RBC storage lesions, which learns the morphological
properties of RBCs without relying on the visual categories defined by experts. The
ResNet50 [98] neural network architecture is used to predict the storage duration
of the blood unit from which each cell was taken. An intermediate layer of the
network is then employed to compute features that capture morphological changes
in response to storage, and the Uniform Manifold Approximation and Projection
(UMAP) dimensionality reduction method is used to map cells onto a linear map
that captures the lesions. The resulting 1D UMAP ranges from healthy to un-
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healthy RBCs and was used as the basis for a new blood unit quality metric, called
self-learned morphology index (SMI), which can assess the quality of blood units
over time. The authors concluded that their proposed artificial intelligence method
provides a simple, label-free sample preparation, which enables non-experts to as-
sess the quality of stored blood, based on the 76.7% agreement with human expert
classification for seven clinically relevant RBC morphologies associated with stor-
age lesions.





2 Materials and Methods

Within this chapter, the materials and methods employed in this study are compre-
hensively outlined. It covers the detailed description of the experimental materials
used and the methodology adopted for conducting the research, serving as a guide
for the subsequent analyses.

2.1 Sample preparation

For the in vitro experiments various blood samples from heparin tubes utilized,
and for transfusion samples, from blood units, as specified in Table 2.1. The
research followed the guidelines of the Declaration of Helsinki and was approved
by the local ethics committee (Ärztekammer des Saarlandes) for all blood sample
analyses (permit number 51/18 and reference #20–643, #20–982). The protocol to
prepare the blood solutions is outlined in the following steps i-v and it is illustrated
in Figure 2.1:

(i) Blood samples were centrifuged at 1500Ög for 5 min to separate RBCs and
plasma.

(ii) Plasma was removed and stored in a second Eppendorf tube for future use if
needed.

(iii) Sedimented RBCs were resuspended in 1 mL of phosphate-buffered saline
(PBS) or Tyrode solution, depending on the type of experiment. The solu-
tions used are resumed in Table 2.2.

(iv) The centrifugation and washing steps were repeated three times.

(v) The washed RBCs were resuspended in a final solution with a hematocrit of
0.5%.

It should be noted that the final suspension needs to be compatible with the solution
used for cell washing. Therefore, when the cells were washed with PBS, the final
cell suspension solution consisted of PBS with 0.1% bovine serum albumin (BSA)
or pure plasma. However, when the cells were washed with Tyrode, the final

27
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Fig. 2.1: The blood washing process (from left to the right) involves taking 100 µl
of a blood sample and adding it to a buffer, followed by gentle agitation
and centrifugation and dilution in a buffer for three times. After the last
centrifugation, the 6 µl of sedimented RBC is diluted with 1 ml of buffer
and 1 mg of BSA to obtain the final solution.

Tab. 2.1: Information regarding the blood samples

Samples type Sample source
Storage
Type

Sample
amount

COVID-19
Intensive Care Unit at the

Frankfurt University
Hospital

Heparin
tube

13

Stored blood

Institute for Clinical
Hemostasiology and
Transfusion Medicine,
Saarland University,

Homburg/Saar

Erythrocyte
concentrates

6

Neuroacanthocytosis
syndromes

Translational
Neurodegeneration Section

“Albrecht-Kossel”,
Department of Neurology,
University Medical Center
Rostock, University of
Rostock, Rostock,

Germany

EDTA tubes 9

Huntington’s Disease
Huntington Center South,
Taufkirchen/Germany

EDTA tubes 7

Sickle Cell Disease
Hospices Civils de Lyon,

Lyon/France
Heparin
tube

4
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Tab. 2.2: Solution and Reagent Concentrations

Solution Reagent Concentration Provider

PBS PBS 1 X
Gibco Life
Technologies

Tyrode

NaCl
KCl

Glucose
HEPES
MgCl2
CaCl2

130 mM
5 mM
5 mM
10 mM
1 mM
1.3 mM

-

solution consisted of Tyrode with 0.1% BSA. Also, in certain experiments, the effect
of plasma on RBC shapes was studied by performing plasma exchange between
patients and controls. Additionally, it is important to mention that in cases where
plasma was used to resuspend the RBCs, it underwent a similar washing procedure
as depicted in Figure 2.1. Following separation from the RBCs, it underwent
centrifugation for 5 minutes to ensure the elimination of platelets.

This involved suspending RBCs from patients in the control plasma of matching
blood groups (ABO and Rh), and control RBCs in patient plasma, resulting in
four sample groups: control RBCs in control plasma, patient RBCs in patient
plasma, control RBCs in patient plasma, and patient RBCs in control plasma, as
demonstrated in [10].

2.2 Deoxygenation stage

To accurately study the characteristic shapes of RBC in SCD samples, it is es-
sential to replicate the hypoxic conditions that occur in our body following tissue
oxygenation. In order to achieve this, a specific procedure is followed. After the
samples are prepared, they are placed inside a glove box for an incubation period
of 8 hours. This glove box is a sealed container equipped with gloves that allow
manipulation of the samples while maintaining a controlled environment.

Inside the glove box, the sealed environment is adjusted to contain 3% oxygen (O2)
and 97% nitrogen (N2) gas mixture. This is achieved by introducing nitrogen gas
into the glove box until the desired composition is reached. The experimental setup
has been adapted to operate within the glove box to ensure that the conditions are
maintained throughout the duration of the experiment.

To create the necessary internal gas conditions, a liquid nitrogen tank is employed.
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The cover of the tank incorporates an electric resistance that, when heated, accel-
erates the evaporation of liquid nitrogen. The resulting vapor is then directed into
the glove box through a hose. Simultaneously, another hose is used to expel the
oxygen from the glove box, as illustrated in Figure 2.2. This setup allows for the
establishment and maintenance of the desired hypoxic conditions required for the
experiment.

Fig. 2.2: Diagram illustrates the functioning of the glove box. The process involves
heating a resistance to convert the liquid nitrogen stored in the tank into
steam. The generated nitrogen gas (N2) is then directed into the glove
box, where the oxygen (O2) is expelled, resulting in the creation of hypoxic
conditions.

Throughout the execution of the experiment, the glove box ensures that the samples
remain in an environment with a controlled oxygen level, mimicking the conditions
that occur in the body during deoxygenation. By replicating these conditions, it is
possible to observe and study the different shapes adquired by sickled RBCs.

2.3 Microfluidic chips preparation

In this study, straight and parallel microcapillaries embedded in an elastomer sub-
strate (“microfluidic chips”, see Figure 2.3A) were utilized. The microfluidic chan-
nel chips were manufactured using soft lithography [99], a technique that prints a
inversed (“negative”) micro-structures onto a silicon mold using a photoresist of
controllable structure height.

The silicon mold allows for identical copies of the architecture to be replicated
using elastomers [100]. The molds were filled with polydimethylsiloxane (PDMS)
in a component ratio of 10:1 and then placed in an oven at 70°C to harden. Once
hardened, the PDMS was removed from the mold, resulting in the positive shapes
of the microfluidic structures. Holes were then punched in the inlet and outlet
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Fig. 2.3: (A) An actual image of the microfluidic channel mold filled with PDMS
(the microfluidic channel structure is located at the bottom of the mold.
(B) Microscopic images of the channel captured with a 10X objective.

reservoirs of the microchannels to allow for connecting tubes to the channels. Fi-
nally, the PDMS chip and a glass slide were activated in a plasma-cleaner to be
bonded [101], completing the chip production process.

The microfluidic chip design chosen consists of 10 straight and parallel channels,
each with a rectangular cross-section measuring 8 µm in height and 11 µm in
width, and a total length of 40 mm. At both ends of the chip, the 10 channels
are connected, and share common fluid inlet and outlet reservoirs. Figure 2.3B
illustrates the architecture of the microfluidic chip utilized.

2.4 Microfluidics experiment

The experimental setup comprises a series of intricate steps. As detailed in [4, 6]
and illustrated in Figure 2.4, a microfluidic chip is first connected via medical-grade
polyethylene tubing to an Eppendorf tube containing the RBC suspension and to a
waste Eppendorf tube. This chip is then affixed to a Märzhäuser Wetzlar Scanning
Stage SCAN IM 120 x 100, a computer-controlled motorized stage, which, in turn,
links to a Nikon Eclipse TE2000-S inverted microscope.
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Fig. 2.4: The schematic shows experimental setup to study RBCs in microcapillary
flow.

Equipped with a 60X oil immersion objective lens (Nikon Plan Apo VC 60X),
an LED illumination system, and a USB 3.0 camera (The Imaging Source DMK
23U1300), the microscope records single RBC flow through the channels, maintain-
ing a fixed at half the width of the channel. The flow of single cells is regulated
by a high-precision pressure device (Elvesys Elve Flow OB1-MkII), ensuring a con-
sistent pressure drop within a range of 100 to 1000 mbar. Recorded images in
AVI format depict a field of view of 1280 Ö 140 pixels2, covering an area of 435
Ö 34 µm2. These captured images, recorded at a frame rate determined by the
applied pressure drop (100 Hz, 200 Hz, or 400 Hz), are the basis for subsequent
video processing.

2.5 Tracking and cropping toolbox

A self-written Python [102] script is used to process the video obtained in the
previous step. The purpose of the script is to track the position of each individual
cell as it moves within the channel, and to calculate some descriptor, such as its
velocity of movement, area, the position of its center of mass, and the vertical offset
of the y-axis of the cell center of mass relative to the channel middle. The tracking
of individual cells is accomplished by examining all frames in the analyzed video.
To generate a binary image from each frame, a binary filter is applied that selects
pixels with an intensity equal to or greater than a specified threshold. This image
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binarization is necessary for cell detection and differentiation from the background.
Figure 2.5 illustrates the application of the filter in an empty frame and a frame
that contains an RBC.

Fig. 2.5: Process of tracking a RBC as it crosses the microfluidic channel. The
upper frame shows a channel without RBCs, whereas the second frame
displays the moment when a RBC enters the channel. The third frame
shows the binary representation of the channel with the RBC, and the
final frame indicates the detection of the RBC by its center of mass and
contour.

The gray scale intensity threshold, which is set at 25, represents the pixel intensity
used in image processing. All pixels with an intensity greater than or equal to 25 are
selected as part of the cell (second plot of Figure 2.5) and not the background. The
binarization is applied to identify the cell edges through the convex hull contour
technique [103], which describes the smallest convex polygon P (xj, yj) containing
all the J points of the set j = 0, 1, 2, . . . , J − 1, and (x0, y0) = (xJ , yJ). The cell
area is calculated as states in Equation 2.1:

A(P (xi, yi)) =
1

2

J−1∑
j=0

(xjyj+1 − xj+1yj) =
J∑

i=1

xj(yj+1 − yj−1) (2.1)

The OpenCV package [104] provided in Python are used to calculate both the cell



34 2 Materials and Methods

area and the cell center from the convex hull polygon. The vertical offset between
the center of mass of the cell and the middle of the channel is then calculated using
the variables related as described in Equation 2.2:

Yoffset = channel middley − center of massy + upper channel wally (2.2)

The algorithm ”crops” each scanned RBC image into a 160x140 pixel sub-image
centered on the cell’s center of mass and assigns descriptors to it. Figure 2.6 illus-
trates the single cell identification procedure descriptors obtained by the analysis
and the final image for both low Figure 2.6A and high RBC velocity Figure 2.6B.
This technique can detect and describe the cases where only one cell crosses the
channel, multiple cells cross the channel without interacting, and a group of in-
teracting cells follows the same path, as shown in Figure 2.6C. If the last case is
identified, the program discards the results since analyzing the interaction between
RBCs crossing a microfluidic channel is beyond the scope of this study.

After being cropped, each new single cell image is marked with the frame number
in which it appears, in addition to its descriptive parameters. The marked RBC
images are then analyzed using the Structural Similarity Index (SSI) [105], which
takes into account luminance, contrast, and structure of the image, to compare the
images in subsequent frames. The SSI values range from 0 to 1, with a value of 1
indicating a perfect match between the analyzed images. A selected SSI threshold
of 0.7 was applied. Therefore, when performing image comparisons, if the SSI was
greater than or equal to 0.7, the compared images were designated as belonging
to the same RBC. The SSI method is already implemented in the scikit-image
package [106] in Python. After identifying all the images of a single cell, the
velocity of the RBC can be calculated using the x-coordinate of their center of
masses through a linear regression. The following estimate is used for the Equation
2.3:

ŷ = m̂x (2.3)

Where the estimated variable haty corresponds to the sample points, the predictor
variable x, to the positions of the cell center, and hatm is the slope of the relation-
ship between the estimated variable haty and the predictor variable x. Thus, the
velocity in mm s−1 of each individual RBC is given by the Equation 2.4:

V =
pixel size× m̂

magnification
× 1

FPS
(2.4)

The pixel size, magnification, and frame-per-second rate (FPS) parameters are
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Fig. 2.6: RBC flow parameters. The final image generated by the tracking and
cropping algorithm for a RBC at low velocity is shown in frame A, fol-
lowed by its area (within the white outline), center of mass, and Y-offset
relative to the channel walls. Frame B presents the same measurements
for a RBC at high velocity. Frame C presents some conditions that are
considered for cell identification and analysis when crossing the microflu-
idic channel, with an emphasis on the exclusion of groups of interacting
cells (cell clusters).



36 2 Materials and Methods

Tab. 2.3: Fixed values in the experiment

Fixed values Values

Pixel size 4.8× 10−6 µm
Magnification 60×

FPS 100 mbar, 200 mbar, or 400 mbar

fixed values describes in Table 2.3. Once these descriptors are calculated, a detailed
information on the behavior of the cell as it crosses the entire microfluidic channel
is obtained.



3 Results

This chapter provides an outline of the results obtained from the implementation
process of the toolbox proposed in this study and the subsequent analyses derived
from it.

3.1 Methodology development

3.1.1 RBC shape miniaturization

In order to categorize the classes of RBC shapes within the dataset derived from
the tracking and cropping algorithm, an initial strategy was employed involving
the miniaturization of RBC shapes [94]. This approach was proposed as a viable
alternative to utilizing flow cytometers and drew inspiration from the functioning
principles of autoencoders. Considering that the RBC images morphology changes
as the velocity increase, this approach exhibits potential in automatically differ-
entiating the RBC shapes in the flow, all while maintaining low computational
resources.

The proposed method suggests utilizing optical and spatial modulation of RBC
images through a mask. This method replicates the effect of a mask positioned be-
tween the channel and the light sensor to capture visual data as cells pass through
this area. The mask comprises both opaque and transparent regions, which mod-
ulate transmitted light, generating signals dependent on the mask’s pattern, the
cell’s inherent characteristics, and its velocity. Consequently, the mask is capable
of encoding the fundamental morphological attributes of the cells into a singular
signal, acting as a unique fingerprint S(x) for each cell. Figure 3.1 shows the tech-
nique to be simulated.

The simulated mask is binary pattern consisting of black and white sections, where
black areas are represented by pixels with a value of 0, and white areas are repre-
sented by pixels with a value of 1. In this pattern, black areas indicate optically
blocked regions, while white areas denote non-blocked regions. To generate the S(x)
signal, the process involves pixelwise multiplying each RBC image by the binary

37
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Fig. 3.1: Simulated set up. A single cell crosses a microfluidic channel, encounter
light source, and the transmitted light is subject to modulation by a binary
amplitude mask situated between the channel and a light sensor. The
modulated signal acts as a unique fingerprint S(x) for the single cell. Taken
from [94].

modulation mask, integrating the resulting intensities, simulating cell motion via
displacement, and calculating the correlation signal using the masked sub-images.
Additional steps such as truncation are applied to enhance the quality of the cor-
relation signal, ultimately yielding a final correlation sequence or fingerprint.

The characteristics of the generated fingerprint signal are intricately linked to the
design of the mask, leading to the experimentation with various mask designs.
Among them, the barrel organ design demonstrated the most favorable outcome in
signal generation. The mask design, along with the fingerprint signals for a slipper
and a croissant are illustrated in Figure 3.2.

In the process, the mask acts as an encoder, producing an encoded signal for
each image, while an Artificial Neural Network (ANN) serves as the decoder to
reconstruct the cell image based on its fingerprint. The encoder was provided with
a set of 1853 images of a healthy control, resulting in the generation of an equal
number of signals that were subsequently employed as training data for the decoder.
The Figure 3.3 illustrates the outcomes of the image reconstruction for slippers,
croissants and trilobes shapes.

The quality of image reconstruction was found to be greatly influenced by the spe-
cific mask pattern utilized. It became evident that the barrel organ mask could
generate a fingerprint containing the essential shape information of the cells, lead-
ing to a reasonable reconstruction, as demonstrated in pairs I and IV of the Figure
3.3.
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Fig. 3.2: Process of associating digital signals with images of healthy cells, specif-
ically a slipper (highlighted in blue) and a croissant (highlighted in red),
using a binary mask. This is followed by the reconstruction of the original
images from the digital signals. Adapted from [94].

However, it was also observed that the reconstruction fell short for other images, as
seen in pairs II, III, V, VI, and VII. This issue was attributed to the miniaturization
phase of the images within the encoder, indicating that a more complex mask de-
sign would be necessary to enhance the encoding process. In order to validate this
observation, the original and reconstructed images were subjected to benchmarking
using the toolbox developed by Kihm et al.. [93]. This toolbox enabled the clas-
sification of the original and post-reconstruction shapes of slippers and croissants.
The results revealed that only 52% of the RBCs retained their original classification
for croissants, while the corresponding figure for slippers was 54%.

Although the current method reduced the reliance on sophisticated optics (as it
doesn’t involve capturing the cell flow but focuses solely on the fingerprint signal
using a photodiode and a light sensor), there was room for improvement. To address
this, a decision was made to transition from the mask approach to a real encoder,
thereby transforming the system into an autoencoder. This alteration aimed to
enhance the performance of the method and overcome the limitations observed in
the previous implementation.
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Fig. 3.3: The top images show the original images of RBC flowing through a mi-
crochannel, while the bottom ones display the reconstructed images. The
reconstruction process, using a barrel organ mask, introduces ambiguities
in the resulting images, particularly for cells positioned asymmetrically
with respect to the horizontal off-axis. Adapted from [94].

In addition, it is essential to clarify that the initial approach and baseline method-
ology were designed by Martin-Wortham et al. [94], providing a solid foundation
for subsequent enhancements. My specific contribution to the work are outlined in
the Declaration of Author Contributions section, under DECLARATION 4.

3.1.2 Variational Auto-Encoder (VAE)

To further enhance the image reconstruction process and overcome the limitations
encountered with the mask approach, a new methodology was adopted, replacing
the setup mask-decoder with a VAE. The VAE offered a promising alternative
by leveraging the power of deep learning. This approach aimed to address the
challenges faced during the miniaturization stage of the images in the encoder and
improve the encoding process. By employing a VAE, the system could learn the
underlying distribution of the cell images, allowing for more accurate and efficient
reconstruction. The incorporation of a VAE in place of the mask approach offered
the potential for enhanced performance and the ability to capture intricate details
in the reconstructed images.

At this stage, the RBC images still had no prior classification. Hence, a random
subset of 100 RBC images from a healthy control was selected randomly to train
the VAE model. The RBC images, which are gray scaled and have dimensions of
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Tab. 3.1: Details of Encoder-Decoder Layer Setup

Layer
Kernel
size

Stride Padding
Activation
function

Sub-
image

size (px2)

Encoder
Convolution layer 1 3 2 SAME ReLU 130 x 130
Convolution layer 2 3 2 SAME ReLU 65 x 65
Fully connected layer |Z|

Decoder
Fully connected layer |Z|
Trans convolution 1 3 2 SAME ReLU 65 x 65
Trans convolution 2 3 2 SAME ReLU 130 x 130

130x130 pixels2, underwent compression to represent each of them as a point in a
2D space, specifically denoted by the coordinates (x, y). Additionally, modifications
were made to the VAE model to position each cluster of stable RBC shapes in a
specific quadrant of the 2D vector space. The architecture of the neural network
used as the encoder and decoder is described in Table 3.1.

The VAE model takes two-dimensional images as input and utilizes a CNN archi-
tecture with two convolutional layers and one fully connected layer as an encoder
to process the input. The encoder then produces the mean and variance parame-
ters, which form a Gaussian probability distribution for the latent space Z. In the
decoder component, the latent space Z is fed as input. It employs a mirror CNN
architecture of the encoder to reconstruct the mean and variance from a Gaussian
probability distribution, resulting in the output representing the reconstructed im-
age. The latent dimension size, denoted as |Z|, is set to 2. Figure 3.4 illustrates
the latent space Z(x,y) obtained for 400 RBC images.

The training set for the VAE consisted of an equal number of slippers and croissant
images, ensuring a balanced and diverse dataset. However, upon visual inspection
of the latent space, it became apparent that this balance was not accurately re-
flected. Additionally, the stable RBC shapes were successfully positioned in the
first, second and fourth quarters quadrants of the latent space. However, the tran-
sition shapes between slippers and croissants did not align with the shapes observed
in the in vitro experiment as well and they are not described in the literature. As
a result, the VAE approach was deemed ineffective, prompting the exploration of
alternative solutions.
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Fig. 3.4: The latent space, denoted as Z(x,y), consists of 400 RBC images. The
vertices of Z(x,y) represent the healthy and stable shapes, while the images
connecting these vertices demonstrate a range of transformations between
the shapes.

3.1.3 CNN-based decision tree

In order to address the identification of pathological RBC forms, it became evident
that a simple scaling or clustering of stable forms such as croissants and slippers
was no longer sufficient. Traditional machine learning architectures often require
retraining the entire model when introducing new classes or data. To overcome this
limitation, a 4-stage CNN-Tree model was implemented. The tree-CNN approach
addresses the problem of incremental learning in image recognition, as it utilizes a
hierarchical structure that expands as new classes are added, enabling the network
to utilize existing knowledge while accommodating new information. By incorpo-
rating new classes as leaves, the model can effectively differentiate between similar
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features of both old and new classes. This approach enables ongoing improvement
and adaptation as new data becomes available. The architecture of the proposed
CNN-tree is shown in Figure 3.5.

All CNNs employed in the decision tree adhered to this model, differing only in the
final layer, which determined the number of classes predicted by the model. The
input layer received images with dimensions of 160x140 pixels2. Subsequently,
three convolutional layers were incorporated, each followed by a max pooling layer,
responsible for extracting essential image features. The ReLU activation function
was applied to introduce non-linearities within these layers. Following the con-
volutional and max pooling layers, the data was flattened and passed through a
dense layer comprising 64 neurons. The ReLU activation function was also em-
ployed in this layer. Finally, the output layer employed the Softmax activation
function [107] to generate classification probabilities for the desired classes. The
model was trained using the Adam optimizer with a learning rate of 0.00001, and
the categorical cross-entropy loss function was employed for measuring the model’s
performance. Such architecture is described in Table 3.2.

Tab. 3.2: Architectural Details of Implemented CNN

Layer
Kernel
size

Kernel
initial-
izer

Padding
Activation
function

Sub-
image

size (px2)

Convolution
layer 1

3
Uniform
variance
scaling

SAME ReLU 158 x 138

Convolution
layer 2

3
Uniform
variance
scaling

SAME ReLU 77 x 67

Convolution
layer 3

3
Uniform
variance
scaling

SAME ReLU 36 x 31

Fully
connected

layer
Number of classes

The tree-CNN first-stage is the seed, consisting of a CNN responsible for distin-
guishing between stable RBC shapes and shapes that are not considered stable,
disregarding pathological deformations in the membranes. Thus, the initial classi-
fication splits RBC dataset into three categories: croissant-shaped, slipper-shaped,
and shapes-not-stable.

The first branch of the tree-CNN represents the second stage of classification. For
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Fig. 3.5: The architecture of a tree-shaped CNN design. The initial stage consists
of a CNN that can differentiate between croissant, slippers, and non-stable
RBC shapes. In the subsequent step, offset and area criteria are applied
to separate RBCs belonging to the ”Others” class. Finally, the second
stage of the CNN is responsible for distinguishing between healthy and
pathological RBC shapes, as in the following stage.



3.1 Methodology development 45

RBCs initially classified as croissant-shape, the distribution of the y coordinate of
the center of mass shift (y-offset) is calculated, and threshold values, defined as two
standard deviations around the mean, are applied. Any cells with an offset value
outside these thresholds are directly classified as ”other”, which means that they
are not described in the literature. The remaining images within the thresholds
undergo a second round of classification using another CNN, which further dif-
ferentiates between healthy croissants and pathological croissants with membrane
deformity. While symmetrical healthy croissant-shaped RBC show clear differen-
tiation from pathological ones, imperfectly symmetric croissants present confusion
in classification. To solve this, an additional leaf is added to the tree, incorporating
a CNN capable of distinguishing between pathological croissants and healthy not
perfectly symmetrical croissants. This completes the croissant branch of classifica-
tion.

The slipper branch begins after the seed CNN with cells classified as the stable form
of slippers, regardless of membrane deformations. A threshold is applied based on
y-offset and area distributions to separate stable RBC from shapes not described
in the literature. RBC within two standard deviations around the y-offset mean
and area mean distributions are retained as slippers, while others are classified
as ”other.” The remaining cells classified as slippers proceed to the next stage of
classification, where a CNN differentiates between slippers with healthy membranes
and those with membrane deformations. Larger slippers can be easily distinguished
from the damaged ones, but smaller slippers pose challenges. Therefore, an ultimate
classification leaf is added to the slipper branch, facilitating the distinction between
healthy slippers with smaller areas and pathological slippers. Within the branch
of cells categorized as ”shapes-not-stable,” three prevalent shapes emerge from
the initial seed classification: trilobes, sphero-echinocytes, and “other” shapes. To
finalize this branch, a classification leaf is incorporated, containing two CNNs. One
CNN distinguishes trilobes from “other” shapes, while the other CNN separates
sphero-echinocytes from the “other” category.

After the entire classification process within the tree, a comprehensive model is
achieved, capable of classifying healthy and pathological croissants, healthy and
pathological slippers, trilobes, sphero-echinocytes, and “other” shapes. This hier-
archical approach ensures the accurate differentiation of various RBC forms, ad-
dressing the limitations of previous methods and providing a more comprehensive
solution for RBC shape classification. Figure 3.6 and Figure 3.7 show a few ex-
amples of the outcomes of the branches in the CNN-tree. For the testing phase, a
total of 6,143 images comprising healthy (stable and non-stable) and pathological
RBC shapes were utilized.

The croissant branch was responsible for classifying 998 images from the seed. In
the second stage, where thresholding was applied to separate the ”others” category,
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Fig. 3.6: The croissants classification is applied to a set of RBC images, resulting
in an example of classification outcomes.
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Fig. 3.7: The slipper and non-stable shape classification is applied to a set of RBC
images, resulting in an example of classification outcomes.

161 images were correctly assigned to the others class, while 837 remained in the
croissant class. In the subsequent stage, aimed at distinguishing between symmetric
croissants, large croissants, inclined croissants, and pathological croissants, there
was considerable confusion not only between inclined croissants and pathological
croissants but also among various shapes of healthy croissants and pathological
croissants, resulting in an approximate classification error of 30%. In the final
stage, where inclined croissants were incorrectly differentiated from pathological
croissants, no healthy croissants were identified. Overall, the performance of this
branch was unsatisfactory, as it was not possible to clearly distinguish between
healthy croissant shapes and pathological ones at the end of the tree process.

In the branch dedicated to unstable forms, a total of 2232 RBCs were classified
as neither croissants nor slippers. Among these images, 1964 were identified as



48 3 Results

sphero-echinocytes and 187 as trilobes in the second stage of classification. In the
third stage, a significant portion of the cells initially labeled as trilobes (79.7%)
were misclassified. This highlights the considerable confusion between the shapes
of sphero-echinocytes and trilobes. Regarding the Sphero-echinocyte cells, approx-
imately 11% of the images were misclassified at the end of the third stage, with
confusion arising between the ”other” shape and sphero-echinocytes shape. The
third branch, dedicated to slippers, demonstrated the best performance among the
branches. Out of the 2913 images initially classified as slippers, 16.3% were misclas-
sified during the application of thresholds in the second stage of the tree. Among
the remaining images classified as slippers, only 2% were misclassified in the third
stage. In the case of pathological slippers, a significant portion (87.4%) remained as
healthy slippers in the subsequent stage, while 50% of the RBCs identified as patho-
logical were, in fact, healthy. These findings indicate that the tree-CNN approach
did not achieve satisfactory results. A more robust and effective methodology is
required to address these challenges.

3.1.4 Transfer-learning

Unlike the CNN-tree design, which involves hierarchical growth and adaptation,
the transfer learning technique provides a more flexible and efficient method for
integrating prior knowledge into new tasks. By fine-tuning a pre-trained model
to the specific task of RBC classification, it becomes possible to achieve improved
performance, with reduced misclassification between RBC shapes, using fewer data
samples and computational resources. Rather than starting from scratch as in the
CNN-tree approach, transfer learning leverages the learned representations from
a related task or a large dataset, which can greatly enhance the accuracy and
efficiency of the classification process for RBCs.

The chosen pre-trained model was YOLO (You Only Look Once) [108,109], version
five, which is a pioneering object detection model. YOLO revolutionized object de-
tection by integrating bounding box prediction with class labels in input images,
and it’s renowned for its ability to deliver real-time, high-speed, and high-precision
results. YOLO’s architecture is composed of three key components: a base net-
work, a neck network, and a head network. The base network plays a crucial role
in extracting meaningful features from the input image. It utilizes the CSPDark-
net53 (Cross Stage Partial Network) [109,110] backbone, which consists of multiple
convolutional layers and residual links. These components work together to facil-
itate efficient feature extraction at different scales, enhancing the model’s ability
to capture diverse visual patterns. To further improve feature representation and
detection accuracy, a neck network is incorporated. The PANet (Path Aggrega-
tion Network) [109, 111] neck is employed, leveraging side links and feature fusion
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to combine features from various scales. This mechanism enables the model to
effectively handle objects of different sizes, resulting in improved object localiza-
tion and classification performance. The head network takes charge of the final
object detection predictions. It consists of convolutional layers followed by a final
detection layer. Within the detection layer, the model predicts the coordinates of
the bounding box (x, y, width, height), objectivity (confidence) scores, and class
probabilities for different anchor boxes at distinct spatial locations. By making pre-
dictions at different grid scales, the model can effectively capture objects of varying
sizes, providing comprehensive and accurate detection results. Such architecture is
exemplified in Figure 3.8.

Fig. 3.8: The trained model architecture is structured with three main components:
the Backbone, Neck, and Head. Taken from [109].

Considering the specific architecture of the selected neural network, a thorough
process is implemented to ensure the effective detection and classification of the
RBC data. Thus, the training process begins by labeling the dataset with the
different RBC shapes. However, it is not sufficient to solely label the images with
the corresponding class labels. It is also necessary to create bounding boxes that
precisely indicate the location of the RBC in each image.

In the specific case of the dataset, where the images represent single cell images,
the image itself can be considered as the bounding box. This eliminates the need
for additional annotation tools or manual bounding box creation. Instead, a stan-
dardized etiquette can be used to label the images uniformly. Thus, the same fixed
etiquette, such as ”shape class 0.5 0.5 1 1,” is assigned to all images in the dataset.
This etiquette signifies that the entire image is treated as the bounding box, with
the coordinates (0.5, 0.5) representing the center of the image and the dimensions
(1, 1) representing its width and height. This simplifies the labeling process and
ensures a standardized representation of the single cell images, allowing the model
to learn from the data accordingly.

Once this labeling process is completed for all the images in the dataset, the dataset
needs to be organized in a specific format that is compatible with the chosen pre-
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trained model. This format involves creating a JSON file for each image, which
includes the coordinates of the bounding box as well as the corresponding class
labels. By structuring the dataset in this way, it ensures that the model can accu-
rately identify and locate the RBC objects during the training phase. Furthermore,
the dataset is divided into training and validation sets to assess the model’s perfor-
mance during the training process. As the dataset and training parameters (image
size: 640, batch size: 8, epochs: 300) are prepared, the training process starts.
The pre-trained model’s weights are loaded, and the model is trained using the
RBC dataset. The model utilizes CNNs and is optimized for error reduction using
Stochastic Gradient Descent (SGD) and Adam. SGD modifies function parameters
proportionally to its gradient to minimize loss, while Adam adapts learning rates
by combining SGD principles with first and second order moments, allowing more
dynamic and effective parameter adjustments in the neural network.

3.1.5 Training and validation set

As supervised learning is used in this study, which requires labels for each cell for
the training process, a random subset of 6111 training images was selected from
the original image data set for manual classification according to the parameters
specified in [112]. The training and the validation set consists of this group of
images and their corresponding labels. The identified classes can be seen in Figure
3.9. The CNN was trained on a dataset of RBCs that was divided into 10 distinct
classes, allowing for accurate classification based on their morphology as observed
in the experiments.

Each class was identified by specific characteristics and assigned a unique nomen-
clature, as follows:

(i) Normal croissant shape: this class consists of RBCs that exhibit a symmetri-
cal and centered shape with a concave front and a convex back, as explained
in item 1.2.1.

(ii) Tilted croissant shape: this class includes the croissant-shaped RBCs that
are not aligned with the Y-axis of the microfluidic channel. However, it is
important to note that this class serves as an auxiliary category and is not
included in the phase diagram.

(iii) Sheared croissant shape: Similar to the previous class, this category is also
considered as an auxiliary class, and comprises croissants with slight defor-
mations. The croissants in this class still possess a symmetrical shape but
have an elongated ”tail”.

(iv) Slipper shape: This class, as explained in section 1.2.1, consists of RBCs that
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Fig. 3.9: The dataset includes healthy RBC shapes such as normal croissants, tilted
croissants, sheared croissants, slippers, tank tread slippers, and trilobes,
which are described in the blue box. The reddish frame displays patholog-
ical croissants and slippers, as well as Sphero-echinocytes and sickle cells,
which are found only in pathological samples. Additionally, the gray frame
shows examples of RBC classified as other as they do not belong to any
of the previous classes.

are off-center and asymmetric, with a pointed front and a flat back, and are
positioned close to the walls of the channel.

(v) Trilobe shape: this category includes RBC images exhibiting large lobes on
their surface, in this case, three lobes and their rotation around their own
axis while crossing the channel.

(vi) Pathological croissant shape: this class includes RBC images that exhibit
characteristics of the three previous croissant-classes, but with visibly dam-
aged cellular membranes.

(vii) Pathological slipper shape: this class includes RBC images that exhibit
slipper-class but with visibly damaged cellular membranes.

(viii) Sphero-echinocytes shape: this class includes a type of RBC that are smaller
in size compared to other RBC shapes, but are also characterized by rounded
shapes with spike deformations on their surface.
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(ix) Sickle cell shape: This class encompasses the RBCs that undergo deformation
in their membrane due to the crystallization of HbS (as described in section
1.2.3.4 Sickle Cell Disease and illustrated in Figure1.4).

(x) Others shape: this class of images contains a variety of red blood cell forms
that do not fit into the previous classes.

It should be noted that the class of pathological slippers was observed in the train-
ing or validation dataset; however, due to its rarity, it was not included in the
training set. When this class appeared, it was identified manually after the initial
classification performed by the CNN. This adjustment was essential due to the
training requirements for ANNs, including the CNN utilized in this investigation,
which require a consistent number of images per class (a minimum of 2.5k images
in this instance). Despite employing augmentation techniques, achieving this bal-
ance was unattainable for the pathological slippers. Furthermore, images within
the same class must exhibit a uniform visual appearance. Failure to meet this cri-
terion, although classified identically in human interpretation and the literature (as
seen in the case of all the different sickle cell shapes), makes their categorization as
the same class of images for ANNs unfeasible. Consequently, manual identification
of these discrepancies became also necessary.

Additionally, it is important to note that a separate class was not created specif-
ically for acanthocytes. Instead, their detection was achieved through the classes
of pathological croissants and sphero-echinocytes. Since these classes encompass a
wide range of shapes, the acanthocyte shapes closely resembled those already in-
cluded, obviating the need for a distinct class. Figure 3.10 showcases RBC images
captured at different velocities from MLS, CHAC, and HD patients, demonstrating
instances where acanthocytes were identified.

Furthermore, considering the extensive spectrum of membrane deformities resulting
from HbS crystallization within the SCD class (see Figure1.4)), and due to the
limited number of experiments conducted during the training of the neural network,
the sickle cell class was not included in the training process for practical reasons.
Instead, sickle cells present in the dataset were identified and manually classified,
similar to the pathological slippers.

To improve the robustness of the model and prevent overfitting, data augmentation
techniques such as flipping (up/down, left/right) and brightness adjustment were
employed to expand the training set. A detailed description of these application
techniques in the training set can be found in Table 3.3. Thus, to train the model,
we used a total of 10,990 images and ran the training process for 300 epochs, while
employing the SGD optimizer with a learning rate of 0.01 and confidence threshold
at 90%. In addition, 4,943 images were used for validation.
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Fig. 3.10: Pathological-shaped RBCs images from MLS, ChAc, and HD patients.
Adapted from [9]

. See section Author’s declaration of contributions, DECLARATION 2.

3.1.6 Training and validation metrics

A confusion matrix is an N x N matrix employed to assess the classification model’s
performance, where N corresponds to the number of target classes. It juxtaposes
the actual target values (rows) with the predicted ones (columns) generated in the
classification. The confusion matrix is constructed using four key combinations of
predicted values: true positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN). These values are interpreted as follows:

� TP: This happens when the prediction is positive for the actual class of the
classified object.

� TN: Occurs when the prediction is negative for classes other than the actual
class of the classified object.

� FP: Occurs when the prediction is positive for classes other than the actual
class of the classified object, representing a type 1 error.

� FN: Occurs when the prediction is negative for the actual class of the classified
object, representing a type 2 error.

In cases such as the one presented in this study, where there is a multi-class classi-
fication problem, the values of TP, TN, FP, and FN are calculated class by class,
as an example illustrated in the Figure 3.11.

Observing the confusion matrix derived from the YOLOmodel’s classification of the
RBC images, it is evident that the classification performance is quite satisfactory.
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Tab. 3.3: Image Details by Class

Class

Number
of

images

By
rotation

By
brightness
increase

By
brightness
decrease

Total
of

images

Normal
Croissant

645 Yes No Yes 5160

Tilted
Croissant

265 Yes Yes Yes 4757

Sheared
Croissant

1052 Yes No Yes 4208

Slipper 2300 No No Yes 4600
Trilobe 276 Yes No Yes 4692

Pathological
Croissant

315 Yes Yes Yes 2520

Sphero-
Echnocyte

194 Yes No Yes 5684

Others 1064 Yes No Yes 4256
TOTAL 10,990

The correct classification rates (TP) for most classes exceed 80%, as indicated by
the values along the main diagonal of the matrix in Figure 3.12.

However, while the model was capable of achieving the required task, the Sphero-
Echnocyte and ”others” classes had lower accuracy rates due to the significant
variation in shapes within each category. Examples of RBCs from the ”others”
category are presented in Figure 3.13 to illustrate this variability.

Furthermore, high misclassification rates were observed among the three sub- clas-
sifications of healthy croissants. However, since these sub-classes are only used to
identify missing croissants in the dataset and are auxiliary, they will be merged
into a single class called ”Croissant” in the next stage. Thus, these sub-classes will
be retained only for the purpose of illustrating the multi-class performance of the
proposed CNN and will be treated as a single class in the final evaluation of the
model.

The model’s performance was evaluated using various metrics derived from the TP,
TN, FP and FN values obtained from the confusion matrix. Precision, defined in
Equation 3.5, was used as the first metric to measure the model’s reliability in
classifying positive samples. It determines the proportion of correctly classified
positive samples out of all samples predicted as positive. The second metric, called
recall, defined in Equation 3.6, measures the model’s ability to detect positive
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Fig. 3.11: The table on the left shows an example of a confusion matrix for a 3-class
classifier, while the table on the right shows how the TP, TN, FP and
FN metrics are calculated for class 3.

samples, also taking in account the false negatives. It determines the proportion of
correctly classified positive samples out of all samples. Finally, the F1 score, defined
in Equation 3.7, measures the harmonic mean of precision and recall, providing an
overall measure of the model’s performance.

Precision =
TP

TP + FP

(3.5)

Recall =
TP

TP + FN

(3.6)

F1 =
2× (Precision× Recall)

Precision + Recall
(3.7)

Therefore, A multi-class precision-recall curve was generated in Figure 3.14, show-
ing good performance, with the AUC (area under the curve) almost reaching 1 in
all cases. The AUC also represents the Average Precision for each class. The micro-
parameters analysis considering the auxiliary classes will not be further elaborated
since all the classes are equally significant for the final model classification.
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Fig. 3.12: The confusion matrix displays the percentage of cells that were correctly
classified (true positives) along the main diagonal, while the percentage
of false negatives and false positives are shown in the rows and columns,
respectively.

Table 3.4 presents the performance of the model, showing that all object categories
are detected with more than 80% accuracy. Moreover, the model achieved an
overall precision and recall higher than 85%. A lower precision indicates that the
model sometimes predicts a class that is not present in the image. On the other
hand, a higher recall indicates that if a class is present in the image, there is a high
probability that the model will predict that class. The relatively higher recall of the
slipper and trilobe class (92.8% and 94.5%, respectively) can be attributed to the
high similarity between the sample shapes. However, the low recall of the ”others”
class (67.8%), as mentioned before, is due to the high variability of samples in this
class. The F1-score metric, which considers both precision and recall, provides an
overall assessment of the model’s performance. The F1-score of 85.3% indicates
that the model achieved a good result.
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Fig. 3.13: RBC images selected from the CNN training set to illustrate the signifi-
cant variation in shapes present within the ”Others” class.

Tab. 3.4: Standardized validation metrics of the trained CNN for each cell shape
category and global result.

Metrics C
ro
is
sa
nt

S
li
p
p
er

T
ri
lo
b
e

P
at
h
ol
og
ic
al

C
ro
is
sa
nt

S
p
h
er
o-

E
ch
n
oc
yt
e

O
th
er
s

G
lo
b
al

av
er
ag
e

Precision 85.23% 99.90% 96.20% 93.60% 91.90% 80.90% 85.20%
Recall 84.40% 92.80% 94.50% 81.40% 70.40% 67.77% 85.40%
F1 84.81% 95.45% 89.72% 85.89% 79.42% 72.22% 85.30%

3.2 Biological Investigation

To conduct a comprehensive analysis of the experimental results obtained using
the methodology proposed in the previous section, it was done a detailed investi-
gation into the flow behavior of RBC disorders. This study specifically involves
the development and utilization of phase diagrams that encompass all the various
morphologies of RBCs detected through AI.

The RBC characteristic structure plays a vital role in enabling a comprehensive un-
derstanding of the intricate interactions between their distinct morphologies and the
surrounding fluid characteristics, particularly factors like velocity. Within this ap-
parently simple structure, internal characteristics play a fundamental role [11,113],
adding layers of complexity to our understanding. The large Surface Area-to-
Volume Ratio, the intrinsic link between the hemoglobin presence and cytoplasmic
viscosity and also the viscoelastic properties of the cell membrane, governed by
the protein composition of the membrane skeleton, play a crucial role in upholding
the distinctive discoid shape of the red blood cell, providing it with deformability,
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Fig. 3.14: The Precision-Recall curve for each category. The area under the curve
indicates the Average Precision, calculated in the legend. A higher Av-
erage Precision indicates better detection performance.

flexibility, and durability. The interplay of these factors enables red blood cells to
undergo deformation, a crucial process for their effective flow through the intricate
network of microvessels. The manner in which the RBC membrane deforms, re-
sponding to the flow itself, becomes an indicative marker of the cell’s functional
status [11]. This deformation pattern is subject to change, especially in disease
states or in response to environmental stimuli, contributing valuable insights into
the dynamic health of the cell. By closely examining the RBC morphology and
its relationship with fluid dynamics, valuable insights can be gained regarding the
behavior and deformability of the RBC. The phase diagram obtained through this
RBC study acts as a critical link to RBC deformability. It provides a visual rep-
resentation of the different RBC morphologies observed under varying conditions,
and their corresponding fluid characteristics. By mapping out these relationships,
the phase diagram holds significant potential as a key component in the develop-
ment of a characterization tool designed to detect pathological parameters in the
blood.

3.2.1 Control

In order to gain insights into the dynamics of various diseases, it is essential to
first investigate the conditions in a healthy individual. Thus, a preliminary step
involves studying the normative conditions of healthy individuals.
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For this, blood samples were collected from 15 different healthy individuals. The
proposed designed protocol was carefully implemented, following which a final sam-
ple of 1ml PBS containing 0.1% BSA with 0.05% RBC concentration was prepared
for each control. These samples were then subjected to experimentation using the
proposed experimental setup, which involved applying pressures ranging from 100
to 1000 mbar, in a 100 mbar step. Subsequently, the collected data was analyzed
using an AI-based toolbox developed specifically for this study, leading to the gen-
eration of a phase diagram. The Figure 3.15 depicts the phase diagram obtained
from the analysis of three control samples. This diagram serves as a valuable visual
representation of the relationships between different velocities, shedding light on
the normative conditions and dynamics of healthy blood.

Fig. 3.15: The phase diagram for controls 1, 9, and 15 (representative selected).
The x-axis represents the velocities at which the experiments were con-
ducted, while the y-axis represents the fraction of each RBC shape, pro-
viding a visual representation of how the distribution of RBC shapes
changes with varying velocities.

The phase diagram of a healthy individual, as observed in controls 1, 9, and 15,
exhibits specific characteristics. The dominant fractions in the phase diagram cor-
respond to the stable healthy shapes, namely the healthy croissants and healthy
slippers. It is expected that the largest fraction of healthy croissants will be found
at the lowest speeds, indicating their prevalence under conditions of reduced flow.
Conversely, for healthy slippers, their highest concentration is showed at higher
speeds, indicating their stability under increased fluid velocities. In contrast, the
occurrence of pathological shapes in the phase diagram is relatively minimal com-
pared to the healthy forms. The pathological croissant or slippers shapes may
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arise due to factors such as the storage time or transportation method of the blood
samples. Furthermore, the phase diagram also reveals the presence of other forms
that are not explicitly described in the existing literature. These ”others” repre-
sent distinct shapes that are observed in lower concentrations across all velocities.
It’s important to note that all RBCs from the control samples are healthy, even
those displaying deformations. However, in order to simplify and standardize in
the study, the terminology ”pathological cells” has been retained. This is because
the deformities observed in them resemblance to those found in blood samples from
patients with diseases.

Fig. 3.16: The y-offset distribution (PDF) for different velocities in the phase di-
agram was analyzed for control samples 1, 9, and 15. At a velocity of
1mm/s, the distribution peak is observed at zero, while at 10mm/s, the
peak is shifted to a value greater than zero for the three controls.

Overall, the phase diagram provides valuable insights into the distribution of RBC
shapes in healthy individuals, with dominant fractions belonging to stable healthy
shapes, limited occurrence of pathological ones, and the presence of “others” class.
These findings contribute to our understanding of RBC dynamics and have the
potential to aid in the development of characterization tools for assessing blood
parameters and detecting abnormalities. Moreover, using the phase diagram as a
basis, the distribution of the absolute value of the value of the position y offset was
computed for all RBCs at each velocity point on the phase diagram. In the case of
healthy individuals, it is expected that at low velocities, the RBCs would exhibit
a healthy croissant shape, characterized by stable forms flowing centrally through
the microfluidic channel. Conversely, at high velocities, slipper-shaped RBCs are
more prevalent, with their center of mass shifted either upward or downward along
the microfluidic channel. Figure 3.16 displays the probability density distributions
(PDFs) of RBCs for controls 1, 9, and 15 across a range of mean velocities from
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1 mm/s to 10 mm/s. The samples selected to demonstrate the controls were as
follows: the first sample (Control 1), the last sample (Control 15), and a mid-point
sample (Control 9).

As anticipated, the pdfs reveal that at low velocities, the majority of RBCs as-
sume a croissant shape, aligning themselves in the center of the channel, resulting
in |y-offset| values around 0. On the other hand, at higher velocities, slippers
become the predominant shape, exhibiting an off-centered equilibrium position
with |y-offset| values greater than 0. As the velocity increases between these two
extremes, the distributions progressively shift from an equilibrium position from
|y-offset| = 0 to an equilibrium position with |y-offset| > 0. The distribution of
RBC y-offset positions at different velocities serves as a characteristic indicator of
single-cell flow in microchannels. It provides valuable biomechanical insights into
the behavior of RBCs and can serve as a reference point for detecting pathological
changes in RBC flow patterns at specific cell velocities.

In addition to the inherent flow parameters, the concept of the shape ratio was
introduced to quantify the proportion of pathophysiological RBC shapes relative
to healthy ones. The shape ratio provides a quantitative measure of the presence
and significance of pathological RBC shapes. In the case of a healthy control, where
the occurrence of pathological shapes is minimal, the shape ratio is significantly less
than one, indicating a predominance of healthy RBC shapes. Figure 3.17 illustrates
the shape ratio for the 15 controls, displayed on a logarithmic scale.

Fig. 3.17: The shape ratio for the 15 analyzed controls plotted in logarithmic scale,
indicating the proportion of pathological RBCs to healthy RBCs. The
definition red line represents the point where the number of pathological
RBCs equals the number of healthy RBCs.

The shape ratio values are compared against a reference red line set at 1. When
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the value equals 1, it indicates an equal presence of healthy and pathological cells
in the same sample, signifying a substantial proportion of sick RBCs. In such
cases, the sample cannot be classified as healthy. The logarithmic scale allows for
a clear visualization of the smallness of the shape ratio values in comparison to the
reference line. This emphasizes the relatively low occurrence of pathophysiological
RBC shapes in the healthy controls, as indicated by the shape ratio values falling
significantly below the threshold of 1. The shape ratio values are compared against
a reference red line set at 1. This emphasizes the relatively low occurrence of
pathophysiological RBC shapes in the healthy controls, as indicated by the shape
ratio values falling significantly below the threshold of 1.

Therefore, through a comparison between the phase diagram, the y-shift distribu-
tion, and the shape ratio with the established standards for healthy individuals, any
deviations from these norms can be identified. These deviations have the potential
to serve as characterization markers for detecting abnormal RBC flow behavior,
which could be indicative of various pathologies. By analyzing the deviations and
understanding their significance in relation to specific health conditions, valuable
insights can be gained, leading to improved characterization capabilities and a bet-
ter understanding of the underlying mechanisms contributing to these deviations.
Ultimately, this knowledge can aid in the early detection and management of vari-
ous diseases related to RBC flow abnormalities.

3.2.2 COVID-19

First and foremost, it is important to clarify that the results presented in this
section are based on the research conducted by Recktenwald, S. M. and et al..
My specific contribution to the work, along with those of the other co-authors, is
detailed in the Author’s Statement of Contributions section, under STATEMENT
3.

The next phase of the study focused on evaluating the flow properties of RBCs in
individuals with COVID-19. It is known that COVID-19 can lead to significant al-
terations in the physical and rheological properties of RBCs, including their shape,
size, and deformability. These changes are believed to play a role in the severity
of the disease [12]. To investigate this further, the flow properties of RBCs were
examined in severe COVID-19 patients who were admitted to the intensive care
unit. The study followed a predefined protocol to assess the RBCs in both autol-
ogous (patient’s own) and allogeneic (from other donors) plasma. This involved
analyzing four different sample groups: (i) control RBCs in control plasma (CinC),
(ii) control RBCs in patient plasma (CinP), (iii) patient RBCs in patient plasma
(PinP) and (iv) patient RBCs in control plasma (PinC). Figure 3.18 provides an
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overview of the scheme used to combine the different samples.

Fig. 3.18: Overview of the four sample groups, referred to as ‘X RBCs in X plasma’,
e.g. CinC for Control RBCs in Control plasma, and so on for PinP, PinC,
and CinP.

The sample preparation process followed the established protocol, involving the use
of 1ml of plasma with a hematocrit of 0.05%. In total, we obtained 5 control samples
(CinC), 14 patient samples (PinP), and 18 exchange plasma samples (CinP and
PinC). All 36 samples underwent experimental testing. To illustrate one of these
combinations, Figure 3.19 shows the phase diagram representing the interaction
between RBCs from a control sample in its own plasma (i), RBCs from a COVID-
19 patient in its own plasma (iv), RBCs from the control sample in the patient’s
plasma (ii), and RBCs from the patient in the control’s plasma (iii).

The CinC sample (i) displays the typical behavior of healthy RBCs in a healthy
plasma environment. The RBCs in plasma reach velocities of up to 6 mm/s, with
the majority of croissant-shaped RBCs observed at lower velocities. As the ve-
locity increases, the concentration of croissant-shaped RBCs decreases, while the
concentration of healthy slippers-shaped RBCs increases. There is also a mini-
mal presence of pathological cells, which may be attributed to storage or trans-
portation factors affecting the sample. In the PinP sample (iv), which consists
of RBCs from COVID-19 patients in contact with their own plasma, distinctive
pathological shapes of croissants and slippers can be observed, accompanied by
pronounced spicules on the cell membrane. Additionally, the phase diagram of the
PinP sample reveals the presence of RBC in the sphero-echinocyte shape, represent-
ing irreversible transformations of RBCs. Overall, the phase diagrams for samples
CinC and PinP highlights a significant difference in the distribution of RBC shapes
between healthy controls and COVID-19 patients, considering a predominance of
pathological shapes and sphero-echinocytes at all velocities in the PinP sample.
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Fig. 3.19: Representative shape phase diagrams for two donors, (i) one control and
(iv) one patient, in the four sample groups. The upper panels (i, iv)
depict the phase diagrams of the donors in autologous plasma, while the
lower panels (ii, iii) illustrate the same donors in allogeneic exchanged
plasma. Adapted from [12].

However, when patient RBCs undergo plasma exchange with healthy control plasma,
what means sample PinC, they exhibit a shape reversal, resembling the phase di-
agram of healthy controls. On the other hand, control RBCs in allogenic plasma
exchanged from COVID-19 patients (sample CinP) experience a notable deterio-
ration in their shape, as evident from the phase diagram. This behavior is also
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evident in the shape ratio of the four samples, as shown in Figure 3.20.

Fig. 3.20: The shape ratio (* refers to a significance level of p<0.08, ** to p<0.03,
*** to p<0.07 and NS stands for not significant.) and pathological frac-
tion (* refers to a significance level of p<10−6, ** to p<10−8, *** to
p<10−7 and NS stands for not significant.) for all samples, revealing a
similar behavior between the CinC and PinC samples, as well as between
the PinP and CinP samples. Adapted from [12].

The shape ratio, which quantifies the proportion of pathologically shaped cells
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relative to healthy cells, provides insight into the extent of pathological changes
in RBC shape. In the case of healthy controls (CinC), the shape ratio is consis-
tently low. However, for patients with COVID-19 (PinP), the shape ratios are
consistently greater than one, indicating a higher prevalence of pathological RBC
shapes. When the RBCs from the healthy controls are suspended in the plasma of
COVID-19 patients (CinP samples), there is a noticeable increase in the proportion
of pathological RBC shapes compared to their original control condition (CinC),
resulting in higher shape ratio values. Conversely, when the RBCs from COVID-
19 patients are suspended in the plasma of healthy controls (PinC samples), all
patients exhibit a decrease in shape ratio, indicating a reduction in the number of
pathological RBC shapes.

Fig. 3.21: The RBC center-of-mass shift regard to the middle of the channel, de-
scribed as y-offset, in boxplot for all samples, followed by plasma ex-
changes with their correspondences for high velocities. * refers to a
significance level of 0.005 < p < 0.08, ** to p < 0.025, and NS stands
for not significant. Adapted from [12].

The pathologic fraction, defined as the ratio of pathological RBC shapes to all cells,
confirms the finding. The CinC samples have a consistently low pathologic fraction,
while the PinP samples consistently exhibit pathologic fractions greater than one.
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There is a significant increase in the fraction of pathological RBC shapes in the
samples CinP when compared to the original control condition (CinC). Conversely,
the PinC samples show a decrease in the fraction of pathological shapes. Figure
3.21 displays the y-offset, a flow parameter that highlights this behavior, for both
control and patient RBCs in both autologous and allogenic plasma.

The significant increased number of sphero-echinocytes in RBCs suspended in
COVID-19 plasma significantly impacts the flow properties of the RBCs. These
altered RBCs, with impaired deformability, result in the impairment of the emer-
gence of stable slipper-shaped cells at high velocities. As a consequence, there is a
noticeable deviation from the single-cell flow behavior observed in healthy cells. In
healthy plasma, control RBCs exhibit an off-centered flow pattern, with an y-offset
above zero. However, when these RBCs come into contact with COVID-19 plasma,
their behavior changes significantly. They exhibit a distinct flow pattern with a
smaller y-offset, indicating a more centralized flow compared to healthy RBCs in
autologous plasma. And, although less pronounced, similar differences can still be
observed when patient RBCs are suspended in healthy plasma. These distinct flow
behaviors are become clear in the PDFs of the y-offset distributions when analyzing
a set of CinC, CinP, PinP, and PinC combinations individually, as shown in Figure
3.22.

Quantifying the flow behavior disparity between pathological and healthy RBCs
using the y-deviation parameter reveals a significant impediment for RBCs to adopt
slipper-like shapes when exposed to COVID-19 patient plasma. The distinct shift
in the PDF of the y-offset becomes apparent, with the prominent peak around
20 pixel for the samples CinC and around 15 for the sample PinC, indicating the
deformation of RBCs at high velocities, being replaced by a smaller peak at the
same position and the emergence of a second peak near zero when these RBCs are
immersed in the plasma of COVID-19 patients.
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Fig. 3.22: Histograms and PDFs curves of the RBC y-offset absolute value at high
velocities for a set of CinC, CinP, PinP and PinC exchanges. Adapted
from [12].

3.2.3 Sickle Cell Disease

In order to go deeper into the relationship between the ratio of HbS to normal
hemoglobin increases and the disease severity, the study employed a predefined
protocol to examine control and patient samples in both oxygenated and deoxy-
genated containing conditions. The samples were meticulously prepared following
the study’s protocols, which entailed creating 1 ml Tyrode solution supplemented
with 0.1% BSA and containing 0.05% RBCs. Once prepared, the samples were
incubated in a glove box under hypoxic conditions for 8 hours to induce the char-
acteristic sickle-like appearance observed in SCD. And to maintain a controlled
experimental environment, the entire procedure involving microcapillary flow was
conducted inside the glove box. The phase diagrams obtained from one control and
one patient in under normoxic and hypoxic conditions in show Figure 3.23.
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Fig. 3.23: Representative shape phase diagrams for one control and one SCD pa-
tient. The left panels depict the phase diagrams of the donors in oxy-
genated conditions, while the right panels illustrate the same donors after
the long-deoxygenated condition.

In the presence of hypoxic conditions, the patient sample exhibits a significant
presence of sickle cell shapes throughout the velocity range of 1 to 10 mm/s. Con-
versely, the control sample shows the absence of sickle cell shapes under the same
hypoxic conditions. However, the flow behavior of the control sample does show
some deviations from its normal state. Under normal oxygenation conditions, nei-
ther the controls nor the patients display the formation of sickle cells. However,
there are observable differences between them. In the control sample under normal
oxygen conditions, the expected behavior is observed, with healthy croissants and
slippers appearing predominantly at low and high speeds, respectively. On the
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other hand, the patient sample exhibits a relatively consistent presence of healthy
croissants similar to the control sample, but a decrease in the occurrence of slippers
at high speeds, accompanied by an increase in “others” shape. These observations
are further elucidated in Figure 3.24.

Fig. 3.24: Boxplot comparing the slipper and ”other” fraction values at high veloci-
ties (8-10mm/s) between controls and patients under normal oxygenation
conditions.

The slipper fraction, represented by the proportion of slipper-shaped RBCs over all
RBC shapes at high velocities, exhibits the expected behavior in controls, with a
higher concentration of slippers as the preferred shape at high velocities. However,
in patients under oxygenated conditions, there is a significant decrease in the num-
ber of slipper-shaped RBCs compared to healthy individuals, indicating impaired
deformability. Instead of the anticipated slippers, a notable percentage of RBCs
assume an unidentified shape referred to as ”others” at high velocities. This is
quantified by the “others” fraction, which measures the ratio of ”others” to the
total number of all RBCs shapes at high velocities. Additionally, two other pa-
rameters, namely pathological fraction and % HbS, were employed to quantify the
patient samples. Further details and visual representation of these measurements
are in Figure 3.25 and in Figure 3.26.

While the relationship between the amount of RBCs that deform into slippers
at high velocities, represented by the slipper fraction, and the presence of sickle
hemoglobin (HbS) in SCD patients has not shown any clear link with the long
deoxygenation process, as seen in 3.25, this changes when the pathological fraction
is analyzed. The relationship between the pathological fraction of RBCs, deter-
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mined by quantifying the abnormally shaped RBCs (including sickle cells) relative
to the total number of RBCs, across a speed range of 1-10 mm/s, and the presence
of HbS in SCD patients revealed a direct correlation between the amount of HbS
in the patient’s blood and the proportion of pathologically shaped RBCs under
normal oxygen conditions. In other words, higher levels of HbS were associated
with a greater fraction of abnormal RBC shapes, indicating an impaired ability of
the RBCs to assume the healthy croissant shape and deform into slippers when
subjected to flow.

Fig. 3.25: Boxplot relating the HbS values of each patient and their slipper fraction,
under both normal oxygenation and deoxygenation conditions for the
range of high velocities.

Interestingly, the relationship between HbS levels and the pathological fraction was
reversed when the samples were exposed to deoxygenation conditions for more than
8 hours. In this scenario, a higher HbS level in the patient’s blood was associated
with a lower fraction of pathological RBCs. This suggests that deoxygenation
may influence the behavior of RBCs, leading to a reduced occurrence of abnormal
shapes despite higher HbS levels. The relationship between the percentage of HbS
and the occurrence of different sickle cell shapes is another aspect that warrants
investigation. Figure 3.27 illustrates the presence of four distinct shapes of sickle
cells identified during the analysis.
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Fig. 3.26: Boxplot relating the HbS values of each patient and their fraction of
pathological-shapes RBCs (including sickle cells), under both normal
oxygenation and deoxygenation conditions for the whole range of ve-
locities.

Fig. 3.27: Comparison between previously describe sickle cell shapes obtained from
[45] and the images of sickle cells captured during the experiment across
velocities ranging from 1-10mm/s. The observed shapes were categorized
as follows: (A) single domain cell, (B) three domain cell, (D) central
constriction cell, and (E) spherulite cell.
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The analysis revealed the presence of four distinct shapes of sickle cells, namely
the single domain cell (A), three domain cell (B), central constriction cell (D), and
spherulite cell (E), in all patients analyzed across all the flow velocities (1-10mm/s).
It is noteworthy that these shapes, although previously described in the literature
under stasis conditions, exhibit different behaviors under hypoxic flow conditions.
Specifically, the they display variations in theirs flow characteristics, including y-
offset, orientation, and positioning along the z-axis of the channel. In addition, the
absence of the multiple domain sickle cell shape is noticeable.

3.2.4 Neuroacanthocytosis syndromes

Neuroacanthocytosis syndromes, characterized by the presence of acanthocytes,
warrant investigation for the identification of acanthocytes beyond traditional blood
smears, as they can be a potential biomarker for the characterization of the dis-
ease. In this study, nine carriers of neuroacanthocytosis syndromes, four with ChAc
and another five with MLS, were included in the experimental testing using the
proposed toolbox. The samples were prepared following the designated study pro-
tocol, resulting in a final sample volume of 1ml Tyrode solution with 0.1% BSA
and 0.05% blood for each patient. The same procedure was carried out for a fresh
control sample. The Figure 3.28 displays the phase diagram for all three cases.

Upon visual inspection, a notable observation is made when comparing NAS pa-
tients and controls. A higher number of pathologic RBC is observed, particularly
at lower speeds. At higher velocities, both ChAc and MLS patients exhibit a lower
occurrence of slippers. In the velocity range of 1 to 3 mm/s, the control group
primarily consists of croissant-shaped cells, whereas the MLS patient displays a
significant presence of acanthocytes and diseased croissants. The ChAc patients
also show the occurrence of pathological shapes at low velocities, although in a
smaller proportion. Despite the varying proportions, it is evident that the fraction
of abnormal RBC in the patients is higher compared to the control group, which
exhibits a near-zero fraction, as shown the shape ratio on Figure 3.29.

To emphasize the distinction between NAS patients and controls, the Shape ratio
is plotted on a logarithmic scale. The statistical test enables the identification of
significant differences. When comparing the differences between the control shape
and ChAc SR, a p-value smaller than 0.02 is observed; between control and MLS,
a p-value smaller 0.05 is identified, while the differences between ChAc and MLS
demonstrate no statistically significant difference. Notably, both ChAc and MLS
patients exhibit a higher proportion of pathological RBC across all the velocity
range of 1-9 mm/s. Furthermore, healthy croissants and pathological croissants
tend to flow closer to the center of the channel at lower velocities.
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Fig. 3.28: Representative shape phase diagrams for two McLeod syndrome patients,
two Chorea-acanthocytosis patients and one control. Adapted from [9].
See section Author’s declaration of contributions, DECLARATION 2.

Acanthocytes, on the other hand, demonstrate a preference for central flow regard-
less of the velocity, resulting in varying impacts on the y-offset across different
velocity ranges. As the acanthocytes, along with healthy and pathological crois-
sants, tend to flow near the center of the canal, the y-offset average values of the
MLS and ChAc patients closely resemble those of the controls. However, when
examining higher velocities, the controls exhibit a higher mean y-offset compared
to the patients. Figure 3.30 provides an illustration of the y-offset distributions for
one MLS patient, one ChAc patient, and one control.

The y-offset distribution of the controls demonstrates a specific pattern. At low
velocities, there is a concentration of healthy croissant-shaped cells flowing near
the center of the channel, indicated by a y-offset close to zero. As the velocity
increases, this concentration shifts towards higher values, causing the RBC to de-
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Fig. 3.29: The shape ratio is presented for the range of velocities from 1 to 9 mm/s,
showcasing the data for five MLS patients, fours ChAc patients, and
three controls. Additionally, the average y-offset values are displayed
for high-speed conditions (velocity above 6 mm/s) for the same samples.
Highlighted in blue are also the RBC present in the controls for high and
low velocities, as well as for the patients in red. Adapted from [9]. See
section Author’s declaration of contributions, DECLARATION 2.

form into slippers and flow away from the center, resulting in a y-offset greater than
zero. Similar behavior is observed in ChAc and MLS patients at low velocities, as
the acanthocytes and pathological croissants also preferentially flow in the center
of the channel. However, a notable difference arises when comparing the y-offset
distribution at high velocities. Instead of peaking at a value greater than zero, as
seen in the controls, the patients’ distribution shows the occurrence of pathological
forms and acanthocytes even at high velocities, with the peak of the distribution
remaining close to zero. This discrepancy highlights the presence of pathological
croissants and acanthocytes persisting at higher velocities in the patients, contrast-
ing with the shift towards slippers observed in the controls.
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Fig. 3.30: The y-offset distribution at high and low velocities is compared for a
control, a ChAc patient, and an MLS patient, emphasizing the contrast-
ing behavior of the PDF curves at high velocity. Adapted from [9]. See
section Author’s declaration of contributions, DECLARATION 2.

3.2.5 Huntington’s Disease

The diagnosis of Huntington’s disease, a genetic neural disease, is a complex process
that involves clinical evaluation, genetic testing, family history assessment, symp-
tom analysis, and imaging. In this study, seven HD patients were analyzed using
the proposed toolbox. The samples were prepared according to a designed protocol,
resulting in a 1ml Tyrode, 0.1% BSA and 0.05% blood. Additionally, three fresh
controls underwent the same procedure. Figure 3.31 illustrates the phase diagram
generated by the toolbox for two distinct HD patients and one control.
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Fig. 3.31: Phase diagrams constructed to compare the RBCs behavior for one con-
trol and two HD patients, revealing a striking similarity in both cases.
Adapted from [9]. See section Author’s declaration of contributions,
DECLARATION 2.

Both patient and control groups exhibit a high concentration of healthy croissants
at low velocities, healthy slippers at high velocities, and a frequent transition be-
tween these two stable forms in the middle range of velocities (1-10 mm/s). How-
ever, a distinction between patients and controls arises at low velocities. Figure
3.32 provides insights into the shape ratio, y-offset, and mean projection area of
RBCs for both controls and patients within the 1-3 mm/s velocity range.

At low velocities, the patients exhibit a slightly higher proportion of pathological
RBCs compared to the controls, as indicated by the shape ratio. However, in ac-
cordance with the phase diagram, the pathological forms observed at low velocities
do not exhibit any significant differences in their flow behavior. Both the shift of
their center of mass, represented by the y-offset, and their projected area remain
very close to the values of healthy RBCs within this range. Nonetheless, a minor
distinction can be observed when examining the pathological forms of RBCs at low
velocities in controls and HD patients, as depicted in Figure 3.33.



78 3 Results

Fig. 3.32: The shape ratio, y-offset, and average projection area parameters as-
sessed for three controls and seven HD patients in the velocity range of 1
to 3mm/s. NS stands for not significant. Adapted from [9]. See section
Author’s declaration of contributions, DECLARATION 2.

Fig. 3.33: A representation of a typical healthy croissant-shaped RBC, showcas-
ing its intact head and tail. Subsequently, pathological croissant-shaped
RBC images from both controls and HD patients, displaying visible mem-
brane damage along their structure. Adapted from [9]. See section Au-
thor’s declaration of contributions, DECLARATION 2.
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The limited presence of pathological cells in the control samples is likely attributed
to the storage and transportation time of the RBCs after collection from the donors.
In these instances, the pathological RBC shapes observed during microfluidic flow
are mainly croissant-shaped RBCs, which exhibit more pronounced membrane
damage at the tail of the cell. In contrast, HD patients exhibit a distinct frac-
tion of pathological RBCs. These pathological RBCs, bear resemblance to healthy
croissants but feature ”spicules” distributed across the entire membrane. This pat-
tern is the same to what has been observed in NAS and is depicted in Figure 3.34.

Fig. 3.34: Representation of pathological RBCs at high and low velocities. NAS pa-
tients have acanthocytes throughout this range, while HD patients have
pathological RBCs, primarily at lower velocities, and a biggest number
of slippers at higher velocities. Adapted from [9]. See section Author’s
declaration of contributions, DECLARATION 2.

Similar to MLS and ChAc patients, the HD patients also exhibit the presence
pathological RBCs. However, there are some notable differences in the distribu-
tion of them. While in both NAS patients, acanthocytes are observed throughout
the velocity range of 1-10 mm/s, as depicted in Figure 3.34, in HD patients, the
pathological-shaped RBCs are predominantly found at lower velocities (1-3 mm/s),
although in fewer quantities compared to NAS patients. And at higher velocities,
the occurrence of pathological RBCs is absent in HD patients, distinguishing them
from NAS patients. Additionally, the variation in the pathological fraction, as il-
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lustrated in Figure 3.34, is corroborated by the values shown in Figure 3.35. This
is evident at both low and high velocities, where it is shown that the proportion
oh th pathological fraction in HD patients is lower than in NAS patients.

Fig. 3.35: The pathological fraction for seven HD patients, four MLS and five ChAc
patients in both high(pressure> 400 mbar) and low (pressure< 400 mbar)
velocities. NS stands for not significant.

3.2.6 Stored blood

The AI-based toolbox proposed in this study has a dual purpose, serving not only as
a characterization tool for RBC diseases but also as a valuable resource for quality
control of stored blood units. Its functionality is focused on identifying storage
lesions that have the potential to damage the cell membrane of RBCs during the
storage period. By the detection and analysis of these storage lesions, the toolbox
enables early detection of potential issues and ensures the quality and integrity
of stored blood units. To investigate this aspect, a total of six blood units were
selected for experimental testing over a period of ten weeks. Each week, a small
blood sample was extracted from the connecting tube of each blood unit, and then
subjected to the established protocol as outlined in this study. To ensure a thorough
and comprehensive analysis, ten samples were prepared and tested for each blood
unit, corresponding to the different time points throughout the experiment. This
process resulted in a total of sixty blood samples. All the samples were prepared
using a solution of 1ml PBS + 0.1% BSA with a 0.05% blood aliquot. To visualize
the impact of storage on RBC, the Figure 3.36 below shows the phase diagram for
two of the blood units at three different time points throughout the experiment.
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The selection of samples to represent the blood units was based on the work done
by Recktenwald et al. [9] (see See section Author’s declaration of contributions,
DECLARATION 2.) and Lopes et al. [73].

Fig. 3.36: Phase diagram for two units of blood at three different storage time points
(one, five and 10 weeks), highlighting the increase in the occurrence of
pathological shapes as the storage time increases. Adapted from [9]. See
section Author’s declaration of contributions, DECLARATION 2.

The first phase diagram represents the distribution of RBC shapes for blood unit
after one week of storage. Similar to the phase diagram of a healthy individual,
the majority of healthy croissants are concentrated at low velocities, while healthy
slippers become more prominent as the velocity increases. Visually, the presence
of pathological forms is minimal during this time. However, the second phase di-
agram, corresponding to the fifth week of storage for the same blood unit, reveals
a noticeable shift in form distribution. The number of healthy slippers decreases,
leading to an increased frequency of pathological forms throughout the distribution,
particularly at higher velocities. Upon visual inspection of the third phase diagram,
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corresponding to the tenth week of storage, significant changes in RBC shapes be-
come apparent as the storage time progresses. The once abundant healthy, stable,
off-centered shapes are significantly reduced, giving way to a prevalence of patho-
logical shapes. Additionally, there is an increased frequency of pathological forms
across all velocities in the diagram, indicating the impact of prolonged storage time
on the morphological behavior of RBC. The changes in RBC shapes with increased
storage time are also accompanied by notable alterations in the y offset distribu-
tion, as showed in Figure 3.37.

Fig. 3.37: PDF and histograms for the distribution of y-offset values for high-
velocity RBC flow from two units at one, five and ten weeks of storage.
Adapted from [9]. See section Author’s declaration of contributions,
DECLARATION 2.

Since the biggest the impact of RBC shape changes occurred in high velocities,
the distribution of y-offset positions was specifically analyzed within the velocity
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range of 8 to 10mm/s. In the first week of storage for both blood units 4 and 6
revealed that RBCs initially deformed into slipper shapes at these high velocities,
as evident from the prominent off-center peaks observed in the PDFs. However,
it is widely documented in the literature that RBC deformability decreases during
the storage of blood units. This observation was consistent with the increasing
peak in the distributions at |y-offset| = 0 for both blood units as the storage time
progressed. This suggests that an increasing number of cells were unable to deform
to the stable slipper shapes and instead exhibited various other shapes that flowed
closer to the middle of the microfluidic channel. It is also important to note that
despite the simultaneous decrease in the frequency of slipper-shaped RBCs and the
increase in more centralized shapes, the specific shapes observed differed between
each blood unit, as the Figure 3.38 shows.

Fig. 3.38: Shape ratio for all donors as a function of time. The blue symbols cor-
respond to the shape ratio and the blue lines represent polynomial fits.
The red dotted line represents the average SR of healthy RBC units at
6 weeks (42 days) as reference. Adapted from [9]. See section Author’s
declaration of contributions, DECLARATION 2.

The shape ratio of RBC was employed as a parameter to assess the changes in flow
behavior of RBCs during the 10-week storage period, and it was compared with
the same parameter for a fresh control. Additionally, the average shape ratio of
healthy RBC units at week 6 (42 days), which represents the storage threshold that
conventional additive storage solutions support to store RBCs [114], was marked as
a red dotted line as a reference. The shape ratio was plotted for each week of storage
and adjusted polynomialy over time for all blood units included in the experiment.
Through visual examination of the results for all blood units, it is evident that they
all eventually reached the reference threshold, although at different time points.
While half of the samples (units 3, 4, and 6) exceeded the threshold between the
fifth and sixth, units 1 and 2 only reached the same value in week 7, and unit 5
achieved the same point in the ninth week of storage. This observation underscores
the heterogeneity and donor dependence of stored RBCs, indicating individual
variations in their response to storage conditions.
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In recent years, single-cell assays have gained popularity in the field of human
red blood cell research and diagnostics [68]. While traditional methods, such as
live cell imaging, patch clamp, flow cytometry, and single-cell PCR, have proven
valuable, they come with certain limitations. These include extensive and time-
consuming pre-processing procedures and limited throughput when dealing with
diverse RBC populations containing diseased cells. Moreover, analyzing RBC de-
formation presents another challenge. Deformability measurement techniques often
require intricate experiments, typically manageable only by skilled personnel us-
ing specialized equipment. This complexity renders these techniques unsuitable for
routine or point-of-care clinical analysis [57], as exemplified by the toolbox proposed
in this work. In this context, microfluidic technologies are a promising solution to
address the challenges associated with RBC deformability analysis. They offer a
straightforward, fast, and cost-effective platform that emulates the properties of
microvasculature, reflecting responses at cellular levels [57,115].

The toolbox proposed in this study offers a rapid and unbiased assessment of RBC
properties and shapes in capillary flow by combining microfluidic and machine
learning technologies. Through the utilization of rectangular microfluidic channels
with dimensions slightly larger than the RBC diameter, the simulation of capillary
flow enables the evaluation of the flow characteristics of stable RBC shape con-
figurations across a broad range of velocities. Consequently, the microscale flow
behavior of the cells, with a specific focus on the position of the RBC center of
mass relative to the channel width and the shape-ratio can be thoroughly examined
as flow characteristic parameters for RBC.

Furthermore, the incorporation of machine learning algorithms enables the iden-
tification and characterization of pathological RBC morphologies under constant
flow conditions. This capability facilitates the detection of morphological changes,
serving as a distinctive parameter for specific diseases. And together with the y-
offset and the shape ratio, the distribution of RBC shapes throughout the velocity
spectrum, are proposed as potential biomarkers applicable to diverse medical and
clinical applications.

Although incorporating machine learning algorithms significantly enhances the
identification and characterization of pathological RBC morphologies under con-
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stant flow conditions, there are several potential drawbacks and limitations to
consider. One limitation is the dependence on high-quality data for training the
algorithms; inaccuracies or biases in the dataset can lead to misclassifications. Ad-
ditionally, the computational cost of implementing these machine learning models
can be substantial, requiring significant time and processing power, which may
not be feasible in all clinical settings. Finally, while the proposed biomarkers show
promise, their validation and clinical acceptance necessitate extensive testing across
diverse populations to ensure their reliability and efficacy in various medical con-
ditions.

4.1 Impact of RBC Morphology on Microcapillary
Flow during COVID-19

The COVID-19 data was analyzed using the toolbox to gain a better understanding
of the roles played by RBCs in the disease. Previous research [25, 116] has found
certain markers in the blood of COVID-19 patients that are related to inflammation
and how severe the disease might be. They have also looked at the RBCs shapes to
see if they are connected to COVID-19. One particular RBCs shape, called sphero-
echinocytes, seems to be linked to the infection. These cells have a connection
with some substances in the body that help to protect it from harmful substances
called reactive oxygen species (ROS) and hydroperoxides, which can cause stress
[12]. This suggests that the sphero-echinocytes-shaped RBCs might be helpful in
detecting COVID-19 infection and how the body is responding to it, as in septic
patients [117]. In response to bacterial infection, their immune system releases pro-
inflammatory substances that not only fight the infection but also generate ROS to
destroy bacteria. Sphero-echinocytes-shaped RBCs exhibit increased antioxidant
activity, which serves as a protective response to counteract the elevated ROS levels
induced by the infection [116,117].

The analysis revealed that RBCs from healthy controls, don´t show the echinocytes
shapes (see Figure 3.19 ), but maintained their healthy shape when suspended in
their own plasma. However, when these RBCs were exposed to allogenic plasma
from COVID-19 patients, they exhibited a significant increase in pathological shapes,
including sphero-echinocytes. Surprisingly, RBCs from COVID-19 patients were
able to transform into croissant and slipper shapes during flow, resembling the
single-cell flow behavior observed in healthy control RBCs suspended in autolo-
gous plasma (Figure 3.19). Although these findings contradict previous literature
that suggested sphero-echinocytes cannot revert back to their healthy discocyte
shape (in stasis) under normal conditions [112, 118], they align with Ponder E.’s
results [119], which describe that spherocytes—the final stage of RBC transforma-
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tion before hemolysis (cell destruction)—could revert to biconcave discs, provided
they have not reached the stage of prolytic spheres (an advanced stage of degrada-
tion). Additionally, Roussel et al. have shown that morphological changes in red
blood cells, such as membrane shedding and the acquisition of a sphero-echinocytes
phenotype, although apparently reversible, result in smaller red blood cells with
reduced volumes [120]. These smaller cells are preferentially removed from the
blood by the spleen (splenic sequestration [120]. These results indicate that red
blood cells have a special ability to maintain a balanced environment in the blood,
as they can adjust their metabolism and shape in response to changes in their
surroundings [12]. The analysis of RBCs’ proteins and metabolites aligns with the
changes observed in the plasma of COVID-19 patients, confirming a close associa-
tion between altered RBC morphology and markers of inflammation, oxidation, and
oxygen deprivation in these patients [12]. This was demonstrated in the investiga-
tion of RBCs and plasma for the 50 primary metabolites and proteins, previously
altered in COVID-19 samples, in the PinP, CinC, CinP, and PinC samples as shown
in Figure 4.1A.

In the initial analysis of the impact of RBCs on plasma, higher levels of certain
proteins like albumin and transferrin were observed in the CinC samples, which are
associated with reduced coagulation and inflammation. Conversely, the PinP sam-
ples displayed elevated levels of proteins and metabolites linked to inflammation
and coagulation in the plasma (such as C2, C3, C5, C7, C9, SERPINA1, SER-
PINA3, SERPINA G1 and C-reactive protein). Additionally, in the PinC samples,
[68]the plasma content swiftly transformed to resemble that of individuals without
COVID-19, while the opposite effect occurred in the CinP samples. These results
(Figure 4.1B) highlight the considerable influence of red blood cells on plasma con-
tent and suggest a delicate equilibrium between red blood cells and plasma. This
interplay between red cells and plasma may account for the morphological changes
observed in healthy RBCs when exposed to COVID-19 plasma, where the influence
of red cells on plasma content appears to affect red cell morphology, ultimately im-
pacting the blood flow properties of the cells [10].

Furthermore, alterations in the concentrations of tryptophan-related metabolites in
plasma were observed (Figure 4.1C). COVID-19 patients exhibited elevated levels
of a metabolite known as kynurenine, a factor associated with an increased risk
of mortality [10]. Intriguingly, when COVID-19 patients’ RBCs were introduced
into healthy plasma, kynurenine levels increased, while the opposite effect occurred
when healthy individuals’ red cells were exposed to the patients’ plasma. This
implies that red blood cells might have a role in modulating the levels of kynurenine
and related metabolites, potentially influencing the risk of mortality in COVID-19
patients (Figure 4.1D).
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Fig. 4.1: Taken from [12]. (A) Hierarchical clustering analysis was performed on
the most significantly altered top 50 metabolites and proteins using a two-
way ANOVA test. (B) Principal component analysis (PCA) carries out on
the metabolomics and proteomics plasma data revealing distinctive group-
ings and variations among the samples. (C) The tryptophan pathway’s
conversion to kynurenine, anthranilate, and indole acetaldehyde. (D) The
boxplots present peak areas for selected analytes determined by UHPLC-
MS.

Despite differences in plasma components like albumin, fibrinogen, gelsolin, trans-
ferrin, serpins, and immunoglobulins between healthy RBC samples (CinC) and
RBC samples from COVID-19 patients (PinP) [10], certain similarities exist in
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these substances within the RBCs (Figure 4.2A). Moreover, RBCs from healthy in-
dividuals exhibit unique behavior when in their own plasma (CinC), characterized
by elevated levels of pantothenol, adenosine, and hydroxyglutarate, known for their
antiseptic properties. This hints at a protective effect of RBCs when in their au-
tologous plasma. Conversely, RBCs in PinP samples from patients are rich in pro-
teins linked to cellular stress responses, including ubiquitination and proteasome-
mediated protein degradation, suggesting higher oxidative stress. There are also
signs of increased arginine breakdown in these RBCs.

This highlights the significant influence of RBCs on the protein and chemical com-
position of plasma [10]. When RBCs are placed in allogeneic plasma (CinP and
PinC), the plasma’s protein and chemical profile adapts to resemble what’s ex-
pected with the respective RBC type. This shift results in altered protein and
immunoglobulin levels that align with their associated RBC groups (CinC and
PinP). It demonstrates the RBCs’ fast capability to fine-tune their protein levels
when interacting with new plasma (Figure 4.2B). Interestingly, these shifts in RBC
metabolism and protein content don’t correspond with changes in RBC morphol-
ogy, as PinP samples exhibit more pathological RBC shapes compared to PinC
samples.

The RBC shapes have correlations with various plasma components, particularly
with the sphero-echinocytes (Figure 4.2C). For instance, substances linked to in-
creased glycolysis (like lactate and 2,3-diphosphoglycerate (2,3-DPG)), a process
that becomes more active when RBCs take on a sphero-echinocyte shape, are cor-
related. Additionally, compounds related to tryptophan metabolism (nicotinamide
and tryptophanamide) show connections with the presence of spheroechinocyte-
shaped RBCs. Furthermore, certain components such as glutamate, creatine,
and hypoxanthine, along with lactoferrin (LTF), ectoine, and 2-oxoglutarate (α-
ketoglutarate), are also associated with the occurrence of spheroechinocyte shapes
in RBCs.

Furthermore, changes in the shape of red blood cells are also related to specific sub-
stances found within the red blood cells themselves (Figure 4.2D). It’s observed that
variations in RBC shapes are associated with various factors: (i) RBC deformabil-
ity seems to be negatively correlated with lactate and mannitol levels, suggesting
that reduced levels of mannitol may be linked to decreased RBC flexibility, possi-
bly indicating health issues, (ii) proteins like albumin (ALB) and transferrin (TF)
play a role in affecting RBC shapes, (iii) decreased TF levels are associated with
inflammatory markers such as C-reactive protein (CRP) and interleukin-6 (IL-6),
(iv) there’s a correlation between lower levels of tryptophan and related metabolites
within RBCs and altered RBC shapes, and (v) Certain amino acids and catabolic
products, especially those related to arginine, are positively correlated with patho-
logical RBC shapes.
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Fig. 4.2: Taken from [10]. (A) Hierarchical clustering analysis of the top 50
metabolites and proteins in RBCs by two-way ANOVA test that ex-
hibited the most pronounced changes. (B) PCA analysis performed on
the metabolomics and proteomics from RBC content. Plasma and RBC
Spearman correlation analysis of RBC shape parameters with omics data.
(C) Volcano plot representations highlight the most significant proteins
and metabolites in plasma. (D) Volcano plot representations highlight
the most significant proteins and metabolites in RBCs.

All these findings may have implications for the clinical use of convalescent plasma
transfusion in COVID-19 patients. Although this treatment approach has not
shown significant clinical benefits so far, there is potential for improvement by
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transfusing plasma from healthy individuals to COVID-19 patients. This transfu-
sion may have positive effects on the RBCs flow properties and potentially reduce
the risk of blood clot formation, which is commonly associated with abnormal
RBCs in COVID-19 [10]. However, it is important to carefully consider the po-
tential drawbacks of plasma transfusion. One significant concern is the dilution of
the patient’s antibodies in the transfused plasma. This dilution could potentially
compromise the effectiveness of the patient’s immune response against the virus,
as antibodies play a crucial role in neutralizing the virus and aiding in recovery. To
fully understand the benefits and limitations of plasma transfusion in COVID-19
treatment, further studies are necessary. These studies should focus on elucidating
the underlying mechanisms by which RBCs contribute to restoring plasma balance
and how this restoration impacts patient outcomes. It is essential to investigate
the potential benefits of plasma transfusion in enhancing RBC flow properties and
reducing the risk of complications, while also addressing the potential limitations
associated with antibody dilution.

4.2 Insights into RBC Behavior in Sickle Cell Disease

The study utilized a toolbox to assess the severity of SCD by analyzing data from
SCD samples n flow in both deoxygenated and oxygenated conditions. The results
revealed distinct differences in the behavior of RBCs between patients and controls,
not only under hypoxic conditions where sickle cells were observed. The analyses
indicate that the parameters derived from flow parameters have the potential to
serve as biomarkers for assessing disease severity, even under normal oxygen condi-
tions. This is significant as the lack of consensus on specific criteria and parameters
for defining disease severity poses a major challenge in managing SCD [121,122].

In the context of normal oxygen conditions, a parameter called ”the slipper frac-
tion” was introduced as a potential biomarker for assessing the deformability of
RBCs in SCD. The analysis revealed notable differences in the ability of SCD
patient RBCs to deform into slippers at high speeds compared to control RBCs,
suggesting a reduced proportion of deformable RBCs in patients. This parameter
offers the advantage of eliminating the requirement for deoxygenation during anal-
ysis. Moreover, the presence of sickle hemoglobin (HbS), a distinctive feature of
SCD, was found to be associated with another parameter called the pathological
fraction. Surprisingly, the relationship between HbS levels and the pathological
fraction exhibited an inverse proportionality under normal and hypoxic conditions,
contrary to initial expectations. While the quantity of abnormal RBCs appears to
have a directly proportional influence on HbS levels under normal oxygen condi-
tions, this dependence becomes inversely proportional in hypoxia.
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In the context of hypoxia, the formation of sickle cells, resulting from the crystal-
lization of HbS, in microcirculation has been extensively documented in the sci-
entific literature [123–125]. These sickle cells exhibit various deformation shapes,
as described in [53]. During flow analysis, sickle cells were observed across the
entire range of velocities to which the RBCs were subjected, displaying four out of
the five reported sickle shapes. The absence of the multiple domain cell form can
be attributed to the likelihood that its polymerized HbS fibers may not possess
enough properties to flow and subsequently are susceptible to breakage under the
force of the flow. However, the other four shapes of sickle cells (single domain
cell, three domain cell, central constriction cell, and spherulite cell) were not only
observed in abundance but also demonstrated significant diversity within the same
classification. These sickle cells displayed varying flow properties (see Figure 3.27),
flowing both near the center and in proximity to the channel walls. Moreover, they
exhibited orientations in the same direction as well as opposite to the flow. This
information, when combined with other clinical parameters, has the potential to
serve as a biomarker for assessing disease severity.

Microfluidic methodologies have played a vital role in SCD investigations and are
recognized as significant contributors in the identification of novel disease biomark-
ers, as highlighted by Horton [123]. Microfluidic devices can replicate hypoxic
conditions and diverse blood flow to mirror in vivo characteristics like oxygen lev-
els, and mechanical rigidity. Aich et al. [56] note vaso-occlusive events can be a key
indicator of clinical implications in SCD, potentially serving as a disease severity
biomarker. While deformation quantification via dynamic deformability index is
possible, this method has limitations in tissue geometry and single cell analysis.
Lab-on-chip platforms, as the one proposed here, are capable of simulating various
body microenvironments, present promising biomarkers, fostering a more compre-
hensive understanding of SCD mechanisms and treatment effects. Tools like the
proposed platform can offer a way to assess drug safety, toxicity, and effectiveness,
contributing to a more personalized medical approach for SCD patients. More-
over, it can provide insights into how irregular sickle cell flow behavior can impact
specific organs, guiding the development of combination therapies to enhance treat-
ment outcomes.

These findings provide valuable insights into the relationship between the RBC
flow parameters and the SCD. However, it is important to note that this informa-
tion alone is insufficient. SCD is a highly heterogeneous condition that manifests
differently among individuals, and its progression can vary across populations and
ethnic groups. Further research is necessary to unravel the underlying mechanisms
and implications of these observations, which could potentially contribute to the
development of targeted interventions for the management of SCD.
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4.3 Biomechanical RBC properties in
Neuroacanthocytosis syndrome compared to
Huntington’s disease

The utilization of the proposed toolbox extends to the examination of microcapil-
lary RBC flow as a novel characterization approach for neuroacanthocytosis syn-
drome (NAS) and Huntington’s disease (HD). In NAS patients, distinct RBC prop-
erties are observed compared to healthy controls, as depicted in the Figure 3.33.
Nevertheless, identifying acanthocytes in NAS patients has posed significant chal-
lenges, often leading to delays in diagnosis. The primary approach relies on the
identification of gene mutations through genetic testing, or alternatively, it can
be performed using conventional characterization methods like wet unfixed blood
smears. However, these traditional methods are not universally accessible [38] and
can also be prone to errors. Regarding HD, the quest for novel biomarkers has
gained increased urgency [126], primarily due to the challenges associated with
its diagnosis, which currently relies on brain scan images and cerebrospinal fluid
analysis. But, unlike NAS, HD does not typically exhibit a prominent presence
of acanthocytes as a diagnostic hallmark. However, recent research indicates that
abnormal RBC can also be identified in HD patients [48]. This raises important
questions: can the presence of pathological RBC shapes, similar to NAS, serve as
a biomarker for HD characterization? Additionally, how can NAS be distinguished
from HD when both conditions exhibit the presence of such abnormal cells?

To address these inquiries, proposal to leverage the mechanical characteristics of
RBCs during circulation as a biomarker for both diseases was done. This aims
to enhance diagnostic accessibility, enable comprehensive disease monitoring, and
thereby provide a means to gain deeper insights into their progression and potential
therapeutic avenues.

In NAS patients, the presence of acanthocytes was observed in the capillary flow
velocity range of 1-9 mm/s, whereas normocytes were found in healthy control
subjects, as illustrated in Figure 3.31. However, as the flow intensity increased,
a clear distinction between healthy and pathological RBCs became apparent, as
indicated by the y-offset parameter depicted in Figure 3.32. At higher velocities,
the distribution of flow positions, evaluated through the offset, showed distinct
patterns between controls and NAS patients.

Conversely, in the case of HD, the behavior of pathological cells differed. At high
velocities, the percentage of abnormal cells was minimal compared to NAS patients
and closely resembled the shape distribution of healthy controls. However, a no-
table difference emerged within the low-speed range of 1-3 mm/s, where a higher
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accumulation of pathological cells was observed in HD patients, as demonstrated
by the shape-ratio in Figure 3.32. Similar to NAS, the analysis of flow biomark-
ers posed challenges due to the overlapping characteristics between pathological
and healthy RBC shapes at low velocities [9] ( See section Author’s declaration
of contributions, DECLARATION 2.), as indicated by the y-offset and mean pro-
jection area parameters. Thus, relying on the presence of acanthocytes remained
crucial. Notably, a careful examination of the percentage of pathological cells at
low velocities revealed a substantial presence of pathological shapes in HD samples,
distinguishing them from controls but resembling the findings in NAS patients.

Given that NAS and HD result in substantial yet systematic and reproducible
alterations in RBC morphology during capillary flow, it was demonstrated that
the observed morphological characteristics in the capillary flow of RBCs can be
a functional biomarker for identifying both diseases. In light of this fact, the
discussion done by Walker [45], exploring the intricate aspects of clinical trials
aimed at slowing down the progression of HD, is reconsidered. They underscore the
impediments faced in such studies, primarily due to funding constraints and the lack
of a clearly defined and practical evaluation marker. This discussion prompts the
proposal highlighted here that the analysis of RBCs morphology in flow, augmented
by AI, could be valuable markers not only for HD disease but also for NAS within
the context of clinical trials. According to Walker, ongoing observational studies
of individuals at risk are exploring the possibility of using the onset of HD clinical
symptoms or other disease biomarkers, such as alterations in imaging tests, as
potential trial endpoints. However, these imaging tests, although functional, suffer
from being both time-consuming and costly, rendering them less than ideal for
addressing this issue. To overcome these limitations, the RBC shape assessment
method proposed herein provides a quicker and more robust means of evaluating
RBC flow properties and pathological shapes. This solution stands as a promising
path for clinical trials, not only to monitor the effects of drugs on patients but also
to track the progression of the disease itself.

In summary, the potential of acanthocytes in microcapillary flow as a biomarker
for NAS is still under investigation, and its diagnostic significance in HD needs
further exploration. Differentiating between NAS and HD relies on the distribu-
tion and accumulation patterns of abnormal cells at specific velocity ranges. NAS
patients exhibit a wider range of acanthocytes across velocities, while HD patients
demonstrate a concentrated presence of the pathological shapes primarily at low
velocities. Additional research and studies involving a larger number of patients,
including differential diagnosis of other neurological disorders, and evaluating the
specificity of the method are necessary to validate these findings. These efforts are
crucial before RBC capillary flow can be considered a functional characterization
tool or a reliable biomarker for interventional studies in these diseases. And Con-
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sidering the lack of effective treatments for halting or reversing HD and NAS [126],
the search for new biomarkers capable of monitoring disease progression holds sig-
nificant promise for identifying targets for intervention and therapy. By identifying
specific biomarkers, it becomes possible to develop strategies that can better track
the course of these diseases and facilitate the development of interventions aimed
at improving patient outcomes

4.4 Assessing RBC Shapes in Microfluidic Flow for
Stored Blood

The Toolbox was employed to evaluate the changes induced by the storage through
the analysis of individual cell flow. Across the entire range of velocities, the presence
of pathological RBC shapes resulting from storage lesions was successfully detected
using the Toolbox, as depicted in Figure 3.36 through phase diagrams that high-
lighted pathological RBC shapes. However, the parameter of biggest relevance for
this scenario was examined at high speeds due to the RBC impaired deformability.
Figure 3 3.37 illustrated that the cells were unable to deform into the character-
istic slipper shape, which could lead to their recognition as ”dysfunctional” by
the human body and subsequent removal. After transfusion, a significant propor-
tion of transfused RBCs, up to 30%, are cleared from the bloodstream within 24
hours [9,127] ( See section Author’s declaration of contributions, DECLARATION
2.). Nevertheless, the precise mechanisms underlying this elimination process and
the subsequent rejuvenation of the remaining RBCs in circulation, leading to the
restoration of their original functions, are still not fully understood [9,73,128] ( See
section Author’s declaration of contributions, DECLARATION 2.). Additionally,
there is often a lack of information regarding the survival duration of transfused
RBCs within the body. Consequently, utilizing the y-offset as a parameter to assess
functional and high-quality RBCs could aid in making informed decisions regarding
the volume and frequency of transfusions for each patient. This approach could
minimize the risks associated with transfusion-related complications [73].

The RBCs functionality can be significantly influenced by various factors such as
donor eligibility, health status, storage time, and transportation. However, beyond
these factors, the optimal compatibility between a blood unit and its recipient could
be an important consideration. Parameters such as age and sex [73, 129,130] have
been investigated to assess their impact on reducing the risks associated with trans-
fusion procedures. The findings, presented in Figure 3.38, demonstrate a notable
variation in RBC properties over time among different donors. This information,
combined with additional donor data, could be utilized to assess the compatibility
and identify the ideal match for transfusion purposes. By incorporating a compre-
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hensive understanding of RBC properties and considering donor-specific factors,
it becomes possible to optimize the selection of compatible blood units for trans-
fusion, ensuring enhanced patient outcomes. An exemplary illustration of this
concept is found in [131], where the discussion centers on the utilization of lab-
on-a-chip technology and machine learning, such as the toolbox proposed here, to
enhance the assessment of RBC quality and refine transfusion medicine [132]. The
primary focus of Isiksacan et. al involve elucidating how these innovative technolo-
gies, when harmonized with approaches like metabolomics, laboratory analyses,
and recipient data, can generate a comprehensive ’vein-to-vein’ database tailored
for precision transfusion medicine. In this scenario, when combining lab-on-a-chip
technology with artificial intelligence, an extensive understanding of RBC proper-
ties and donor-related factors is achieved, facilitating the evaluation of freshness,
quality, and transfusion efficiency. Ultimately, the integration of these technologies
into transfusion medicine endeavors can significantly improve patient outcomes by
enhancing the selection of compatible blood units and elevating the overall quality
assurance of stored RBCs [131].

Furthermore, the assessment of donor dependency in blood units can be extended
to address the challenge of increased storage time. By evaluating whether cer-
tain blood units maintain the required quality and functionality parameters even
after the legally mandated storage period of six weeks, this approach presents a
potential solution to the current issue of blood shortages. Currently, all these
matters are addressed by the EU Regulation on Blood, Tissues and Cells (BTC
legislation) [65, 133], which establishes guidelines ensuring the safety and quality
of blood products. However, this legislation, existing for nearly two decades, no
longer adequately meets the evolving demands in the field [134]. The need for an
update is driven by advancements in science and technology, emerging diseases,
and global commercialization. Systems for handling human-origin substances op-
erate at a national level, posing challenges for cross-border exchange and access to
related therapies. In July 2022, the European Commission proposed a revision and
extension of the BTC regulations to simplify and standardize these practices. The
Commission suggests replacing the current directives with a single regulation to be
uniformly applied across all Member States. This aims to establish consistent pro-
tection levels across the EU, facilitating access to these substances across borders.
This proposal aligns with the challenges faced in the quality and safety of blood
substances like the RBC units used in transfusions. It seeks to set high standards
ensuring the health protection of donors and recipients. Innovations like combining
microfluidic technologies with artificial intelligence for analyzing and categorizing
blood cells in microcapillary flow represent significant advancements, enabling swift
and objective evaluations of stored blood cell quality. Moreover, this evaluation
enables the identification of blood units that remain viable beyond the standard
storage duration, effectively optimizing the utilization of available resources and
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contributing to the mitigation of blood scarcity.

By conducting further clinical studies using the toolbox, it is possible to not only
extend the understanding of stored RBC quality and donor dependency but also
provide prospective predictions regarding the behavior of specific RBCs in vivo.
This could potentially enhance the management of RBC transfusions and con-
tribute to advancements in the field of erythrocyte management [9,73] ( See section
Author’s declaration of contributions, DECLARATION 2.).
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In conclusion, this research has developed a comprehensive toolbox based on artifi-
cial intelligence for characterization blood diseases. Chapter 1 introduces the state
of the art in studying single RBC deformability as a biomarker, detailing instances
where RBC deformity occurs (such as in certain pathologies and stored blood units)
and the application of artificial intelligence in analyzing single RBC samples in flor.
The following chapter explains the methodology and materials used in construct-
ing the microfluidic chips, preparing samples under both oxygenated and hypoxic
conditions, and developing the toolbox for tracking and cropping flowing single
RBCs. Chapter 3 encompasses two pivotal research streams: the methodological
development for classifying the shapes of flowing single RBCs and the biological
investigation of these methods applied to blood samples from healthy individuals,
patients with diseases that cause RBC deformation, and stored blood units.

During the methodological development, four different artificial intelligence-based
techniques were devised to classify the RBC shapes of healthy individuals in in vitro
experiments, based on their membrane deformations induced by microfluidic flow.
The first technique proposed the use of single RBC images obtained through optical
and spatial modulation of RBCs to implement an ANN. This ANN served as the
decoder to reconstruct the cell image based on modulation, thereby classifying them
as slippers or croissants. Although this method showed advancements in the mod-
ulation stage by reducing reliance on sophisticated optics, there was still room for
improvement in the AI component. This led to the development of the second clas-
sification technique, which transitioned from the mask approach to a real encoder,
transforming the system into an autoencoder. The use of a VAE approach aimed
to address challenges in the modulation process by improving encoding and gen-
erating better decoded images, resulting in a well-defined latent space with stable
RBC shapes in its corners. While stable RBC shapes were successfully positioned
in certain quadrants of the latent space, the transition shapes between slippers and
croissants did not align with those observed in in vitro experiments or described
in literature, prompting the exploration of alternative classification solutions. The
third technique considered the inclusion of damaged RBC samples during classifica-
tion, leading to the implementation of a four-stage CNN-Tree model. However, due
to significant confusion between healthy and pathological RBC classes, the Tree-
CNN approach did not yield satisfactory results, necessitating the development of a
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more robust methodology. Finally, the fourth technique, transfer learning, was im-
plemented. RBCs were classified by fine-tuning a pre-trained object tracking model
called YOLO. This approach improved performance by reducing misclassification
between healthy and pathological RBC shapes, greatly enhancing the accuracy and
efficiency of the classification process. This successful system was integrated into
the toolbox, allowing the evaluation of hydrodynamically induced shapes of tracked
and cropped RBCs. A phase diagram was constructed to illustrate the distribution
of these shapes as a function of their velocity, facilitating the calculation of flow
parameters to statistically characterize the flow behavior of individual RBCs.

The second part of this chapter delves into a biological investigation, presenting
the phase diagram data and establishing the following flow parameters:

� Area of the 2D projection of the RBC, relative to the XY axes.

� Y-offset, defined as the position of the RBC center of mass relative to the
channel width.

� Shape ratio, the proportion of pathophysiological RBC shapes relative to
healthy ones.

� Pathological fraction, quantifying the abnormally shaped RBCs (including
sickle cells) relative to the total number of RBCs.

� Slipper fraction, the proportion of slipper-shaped RBCs over all RBC shapes.

� Others fraction, the proportion of RBC shapes not classified in the literature
over all RBC shapes.

The study statistically characterized these parameters using the ANOVA test to
establish the reference behavior of healthy RBC shapes in flow, serving as a bench-
mark for comparison. The same parameters were then calculated for patients under
different conditions, including those with blood diseases such as SCD, as well as dis-
eases where RBCs play a significant role in disease progression and act as markers,
such as COVID-19, NAS, and HD. Additionally, these parameters were extended
to assess the quality and functionality of blood units for transfusion purposes.

The fourth and final chapter of this research provides valuable insights into the
behavior of RBCs in microfluidic channels, focusing on RBC morphology in micro-
capillary flow. The main findings and implications of this study can be summarized
as follows:

� Insights into RBC behavior during COVID-19: The study found that RBCs
from healthy controls maintained their typical when suspended in their own
plasma. However, when these RBCs were exposed to plasma from COVID-19
patients, they exhibited a significant increase in pathological shapes, includ-



101

ing spheroechinocytes, which are indicative of infection. Conversely, RBCs
from COVID-19 patients demonstrated the ability to transform into croissant
and slipper shapes during microfluidic flow, mirroring the single-cell flow be-
havior observed in healthy control RBCs suspended in autologous plasma.
This suggests that the pathological changes in RBC morphology are influ-
enced by the plasma environment and can revert to more normal shapes
under specific conditions.

� Insights into RBC behavior in SCD: When examining RBCs from sickle cell
anemia (SCD) patients under varying oxygen conditions, it was noted that
these cells exhibited decreased deformability into slippers at high speeds com-
pared to control RBCs. This suggests a lower proportion of deformable RBCs
in SCD patients. Furthermore, the presence of HbS was associated with the
pathological fraction, indicating an inverse relationship between HbS levels
and the pathological fraction when comparing hypoxic and normal conditions.

� Insights into RBC behavior in NAS compared to HD: The study presented
the microfluidic approas as an alternative to identifying acanthocytes in NAS
patients and suggested a potential novel biomarker for HD by identifying
distinct altered shapes of RBCs in patient samples. Beyond merely distin-
guishing between the pathological shapes associated with the two diseases,
the research also revealed variations in the distribution of them. While acan-
thocytes in NAS predominantly appeared at high speeds, HD exhibited a
significant accumulation of pathological RBCs at low speeds, highlighting
unique characteristics of RBC behavior in each condition.

� Insights into RBC behavior in stored blood: The study observed a notable
phenomenon: as the storage duration of RBCs increased, changes induced by
the storage process led to a decrease in the deformation capacity of these cells.
Specifically, there was a reduction in the quantity of slippers and a increase
of sphero-echinocyte shape observed in units stored for extended periods.
This finding underscores the impact of storage duration on the mechanical
properties and deformability of RBCs, highlighting a potential limitation or
consideration in the context of blood storage practices.

The findings from this study lay the groundwork for potential clinical implications,
including the introduction of flow-based biomarkers for diagnosing and prognosti-
cating the analyzed diseases. Moreover, it is conjectured that various other con-
ditions, such as diabetes, rheumatism, diverse RBC disorders, and inflammation-
related diseases like sepsis, may also demonstrate subtle yet systematic and repro-
ducible alterations in RBC morphology during capillary flow. This suggests a wide
array of potential applications for this technology as a diagnostic and monitoring
system.
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5.1 Future prospects

During this research, we identified an intriguing new path building on our current
findings. Our study highlighted the link between the shapes of single RBCs in flow
and various blood conditions. To further explore and validate these insights, we
plan to investigate the role of artificial intelligence in characterizing these cells. In
this next phase, we will expand the range of blood conditions studied and explore
AI methods that can not only characterize RBCs in pathological shapes but also
diagnose the underlying diseases.

AI offers new diagnostic possibilities based solely on the morphological information
of single flowing RBCs by minimizing classification errors and eliminating subjec-
tive human input. Automating this process enables quick and robust assessments
of flow properties and the quantity of pathological RBC shapes, opening new per-
spectives for monitoring and diagnosing blood conditions.



Bibliography

[1] OpenAI, “Chatgpt,” 2025. https://chat.openai.com.

[2] D. GmbH, “Deepl translator,” 2025. https://www.deepl.com/translator.

[3] T. W. Secomb, “Blood flow in the microcirculation,” Annu. Rev. Fluid Mech.,
vol. 49, pp. 443–461, Jan. 2017.

[4] S. M. Recktenwald, K. Graessel, F. M. Maurer, T. John, S. Gekle, and
C. Wagner, “Red blood cell shape transitions and dynamics in time-
dependent capillary flows,” Biophys. J., vol. 121, pp. 23–36, Jan. 2022.

[5] S. Guido and G. Tomaiuolo, “Microconfined flow behavior of red blood cells
in vitro,” Comptes Rendus Phys., vol. 10, pp. 751–763, Nov. 2009.

[6] A. Guckenberger, A. Kihm, T. John, C. Wagner, and S. Gekle, “Numeri-
cal–experimental observation of shape bistability of red blood cells flowing in
a microchannel,” Soft Matter, vol. 14, no. 11, pp. 2032–2043, 2018.

[7] B. Kaoui, G. Biros, and C. Misbah, “Why do red blood cells have asymmetric
shapes even in a symmetric flow?,” Phys. Rev. Lett., vol. 103, p. 188101, Oct.
2009.

[8] A. Saadat and et al., “A system for the high-throughput measurement of the
shear modulus distribution of human red blood cells,” Lab. Chip, vol. 20,
no. 16, pp. 2927–2936, 2020.

[9] S. M. Recktenwald and et al., “Erysense, a lab-on-a-chip-based point-of-care
device to evaluate red blood cell flow properties with multiple clinical appli-
cations,” Front. Physiol., vol. 13, p. 884690, Apr. 2022.

[10] U. A. Gurkan, “Biophysical and rheological biomarkers of red blood cell physi-
ology and pathophysiology,” Curr. Opin. Hematol., vol. 28, pp. 138–149, May
2021.

[11] G. Tomaiuolo, “Biomechanical properties of red blood cells in health and
disease towards microfluidics,” Biomicrofluidics, vol. 8, p. 051501, Sept. 2014.

[12] S. M. Recktenwald and et al., “Cross-talk between red blood cells and plasma

103



104 Bibliography

influences blood flow and omics phenotypes in severe covid-19,” eLife, vol. 11,
p. e81316, Dec. 2022.

[13] M. Depond, B. Henry, P. Buffet, and P. A. Ndour, “Methods to investigate
the deformability of rbc during malaria,” Front. Physiol., vol. 10, p. 1613,
Jan. 2020.

[14] M. Zhang, X. Li, M. Xu, and Q. Li, “Automated semantic segmentation
of red blood cells for sickle cell disease,” IEEE J. Biomed. Health Inform.,
vol. 24, pp. 3095–3102, Nov. 2020.

[15] A. V. Buys, M.-J. Van Rooy, P. Soma, D. Van Papendorp, B. Lipinski, and
E. Pretorius, “Changes in red blood cell membrane structure in type 2 dia-
betes: A scanning electron and atomic force microscopy study,” Cardiovasc.
Diabetol., vol. 12, p. 25, Dec. 2013.

[16] L. Da Costa, J. Galimand, O. Fenneteau, and N. Mohandas, “Hereditary
spherocytosis, elliptocytosis, and other red cell membrane disorders,” Blood
Rev., vol. 27, pp. 167–178, July 2013.
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