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Chapter 1

An introduction to chronic
inflammatory skin diseases



Abstract

Chronic inflammatory skin diseases are caused by the dysregulation of the host
defense system in the skin. These dermatological conditions involve a strong inflam-
matory response, due to the infiltration of immune cells, and the disruption of core
cellular processes in the keratinocytes. Blue light irradiation has a therapeutic effect
on patients with a chronic inflammatory skin disease. However, the exact underlying
mechanism leading to the management of these conditions is yet to be elucidated.
Further, the systematic definition of effective treatment protocols to achieve a strong
therapeutic effect in lesions of chronic inflammatory skin conditions is still of high
priority. Clinical investigations have only studied specific treatment protocols, and
report a substantial, little, or no therapeutic effect of blue light irradiation. Large
heterogeneity is observed in the response of individual patients to the treatment.
These findings highlight the need to understand the intrinsic and extrinsic factors
that define the outcome of blue light therapy in patients with inflammatory skin
diseases. In silico methodologies, coupled with experiments, constitute a robust
approach to disclose underlying mechanisms of blue light-based phototherapy and
aid in the development of personalized treatments. In this introductory chapter,
an overview is presented on chronic inflammatory skin diseases, particularly pso-
riasis and atopic dermatitis, their current treatment methodologies, and the role
of computer-based techniques in the understanding of these diseases and their
therapeutic approaches.



Introduction to chronic inflammatory skin diseases

1.1 Introduction

The skin, the largest organ in the human body, constitutes an interface between the
body and the outside world. Its primary function is to limit water loss and prevent
the entry of harmful microorganisms and substances [1]. It is formed by two layers,
i.e. the epidermis and the dermis (Figure 1.1). The epidermis is subdivided into
four layers; the outermost sublayer is the stratum corneum, followed by the stratum
granulosum, stratum spinosum, and stratum basale [2]. The principal cell type
in the epidermis is the keratinocyte, which is found in six stages of differentiation
throughout this skin layer [3]. The epidermis also comprises melanocytes, and
immune cells like Langerhans cells (LC), skin-resident memory CD8+ T-cells (TRM ),
and dendritic epidermal T-cells (DETC) [4]. The dermis is located beneath the
epidermis. It is formed by connective tissue, blood and lymph vessels, nerve endings,
fibroblasts, and immune cells like dermal dendritic cells (DC), macrophages, CD4+

T-cells, γδ T-cells, mast cells, and innate lymphoid cells [5].
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Figure 1.1: The skin structure and the cell populations that inhabit it. The skin is
comprised of the epidermis and the dermis. The epidermis is divided into the stratum
basale, stratum spinosum, stratum granulosum, and stratum corneum. The most
abundant cell type in the epidermal layer is the keratinocyte, other cell populations
in this layer include melanocytes and immune cells like dendritic epidermal T-cells
(DETC), skin-resident memory CD8+ T-cells (TRM ), and Langerhans cells. The dermis
comprises fibroblasts and immune cells like dendritic cells, T-cells, macrophages, and
mast cells.
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Chapter 1

1.2 Chronic inflammatory skin diseases and their treatment

The skin layers and the cell types found in them constitute the host defense system
of the skin. In case of an external or internal threat, an inflammatory response will
be triggered by the host defense system for protective and regenerative purposes [6].
Inflammatory skin diseases are the result of an impaired response against pathogens
and harmful internal and external factors [6]. Two common chronic inflammatory
skin diseases are psoriasis and atopic dermatitis (AD) [7] (Figure 1.2). Psoriasis
vulgaris (Pv) is the most common form of psoriasis, a skin disease that affects 2
% –3 % of the world’s population [8]. AD affects 15 % –20 % of children and 1 %
–3 % of adults worldwide [9]. Psoriasis is caused by an intricate interplay between
immunological, genetic, and environmental factors, like an aberrant immune re-
sponse, genetic susceptibility, and skin trauma and other environmental stimuli
[10]. Atopic dermatitis is a complex skin disease caused by the dysfunction of the
skin barrier and its interplay with immunological and environmental factors [11].
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STAT3
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Figure 1.2: Psoriasis and atopic dermatitis are two common chronic inflamma-
tory skin diseases. (A) Psoriasis is driven by the Th17/IL-17 immune axis. Th17
secretes cytokine IL-17, leading to the production of cytokines IL-19 and IL-36 by
the keratinocytes, subsequent secretion of STAT3, and the recruitment of Th1 and
Th22 T-cells. Dendritic cells infiltrate the skin and secrete TNF and IL-23. (B) Atopic
dermatitis is driven by multiple immune pathways and the dysfunction of the skin
barrier. The main types of T-cells are Th22 and Th2. Th2 secretes cytokines IL-13 and
IL-4 and induces to the release of immunoglobulin IgE by B cells. Other cell types
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Introduction to chronic inflammatory skin diseases

include effector memory T-cells (TE M ) and dendritic cells.

Psoriasis vulgaris is characterized by well-defined oval, red, demarcated, raised, flaky
plaques [12] (Figure 1.2A). These features are the result of an abnormal increase
in the proliferation of keratinocytes (hyperplasia) and their premature maturation
with retained nuclei (parakeratosis), along with the infiltration of immune cells
within the epidermis [13]. Pv is driven by the Th17/IL-17 immune pathway [14]
(Figure 1.2A). Type 17 (Th 17, Tc17) T-cell induces the release of cytokines IL-17,
IL-26, IL-29, and TNF [15]. These cytokines activate NFκB, C/EBPβ, and STAT1 in
keratinocytes and other skin-resident cells, creating a feed-forward inflammatory
response that self-amplifies and leads to the recruitment of Th1 and Th22 T-cells
[14]. IL-17 indirectly induces the activation of STAT3, through the production of
cytokines IL-19 and IL-36 in the keratinocytes [16]. STAT3 is related to the epidermal
hyperplasia typical of psoriasis [16]. Psoriasis is also associated with the infiltration
of dendritic cells [17, 18], which produce TNF and IL-23 [19].

Atopic dermatitis is characterized by generalized skin dryness, itchiness, and redness
[20–22] (Figure 1.2B). Unlike psoriasis, AD is driven by multiple immune pathways
[11]. The two main T-cell subsets in this disease are Th2 and Th22 [14]. Cytokines
IL-22, produced by Th22, and IL-4 and IL-13, secreted by Th2, induce the decrease in
the terminal differentiation of keratinocytes and contribute to the epidermal barrier
dysfunction [14]. AD often includes an allergic component, which is probably the
result of immunoglobulin IgE isotype class switching, induced by the IL-4 and IL-13
driven activation of B cells [23]. Despite differences in the pathogenesis of these
disorders, both involve an impaired regulation of inflammatory processes, leading to
the increased recruitment of immune cells in the skin and enhanced release of pro-
inflammatory cytokines [6], which results in mild to severe cases of these diseases.
Genetic studies show that both disorders are the result of gene polymorphisms
related to the function of the skin barrier and the immune system [24, 25].

Chronic inflammatory skin diseases have no cure, but the symptoms can be con-
trolled. Thus, the treatment of these disorders aims to minimize the severity of
the condition [26]. The journey of patients with psoriasis and atopic dermatitis
to get the right treatment can be lengthy [27]. Treatment options for chronic in-
flammatory skin diseases must be tailored to the individual patient, considering
the severity of the condition, comorbidities, efficacy, side effects, availability, and
ease of administration [28]. Thus, there is a strong need for methodologies that
can reduce the journey of the patient by identifying the most suitable treatment
based on intrinsic and extrinsic aspects. The currently available treatments for pso-
riasis and atopic dermatitis range from topicals like corticosteroid creams [29, 30],

5



Chapter 1

to systemic drugs [31–33], biologics [34, 35], and phototherapy [36–38]. Topical
therapies are the primary form of treatment for mild disease cases [28, 30]. They
are used as monotherapy or in combination with other therapeutic approaches
[30, 39]. Systemic drugs are advised for patients with moderate to severe cases and
for individuals who do not respond to topical therapy [28, 30]. Common systemic
treatments include methotrexate, cyclosporine, and other immune suppressants
that reduce systemic inflammation [40]. Biologics target specific molecules in the
signal transduction pathway causing the inflammation [28, 34, 35]. Biologic agents
are an effective therapeutic approach reserved only for the most severe cases due to
their high cost and potential side effects [39]. Phototherapy is the clinical application
of light as treatment of a particular disease [41]. Currently, phototherapy based on
ultraviolet (UV) light is accepted as the golden standard for treatment of psoriasis
[37] and atopic dermatitis [42], particularly for individuals with moderate to severe
disease forms [28]. Nevertheless, prolonged UV radiation is carcinogenic [43] and
not recommended for long-term treatment [44], which is required for these chronic
skin diseases. Hence, research in photodermatology has shifted in recent years to
the study of wavelengths in the visible spectral range that successfully control skin
diseases without any of the adverse side effects associated with UV irradiation [45–
47]. It has been shown that blue light-based phototherapy yields favorable outcomes
for the management of chronic inflammatory skin diseases [48, 49]. Nevertheless,
the underlying molecular mechanisms are yet to be fully elucidated. Further, the
definition of effective blue light-based therapeutic approaches for psoriasis and
atopic dermatitis remains a critical challenge due to the high heterogeneity in the
individual treatment response and the current unsystematic analysis of treatment
settings that may impact the outcome [50].

1.3 In silico methodologies for studying skin diseases

In the last few decades, the knowledge of the properties and functions of the skin
[51], and the molecular mechanisms involved in skin homeostasis [52, 53] and
diseases [54, 55] has increased dramatically. Several methodologies have been devel-
oped to measure properties like skin color [56], elasticity [57], and transepidermal
water loss [58]. Further, technological advances like microarrays have enabled the
quantitative analysis of gene expression related to the skin and the discovery of core
genes in the pathogenesis of chronic inflammatory skin diseases [59, 60]. Despite
the contribution of these technological advances, the underlying mechanisms of the
skin properties and dermatological diseases remain partially understood, mostly
due to the multi-domain and multiscale dimension of the mechanisms [51]. Com-
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Introduction to chronic inflammatory skin diseases

putational methodologies like bioinformatics approaches and numerical modeling
offer the means to extend our knowledge of these mechanisms and improve the
current diagnostic and treatment tools. Computer-based methods, coupled with
experiments, can unravel hidden mechanisms [61] and aid in the development
of personalized treatments [62]. Numerical models have been previously used to
study cell division [63], skin homeostasis [64, 65], and the pathogenesis [66, 67] and
treatment [68] of chronic inflammatory skin diseases. This approach is yet to be
applied in the field of blue light-based therapy.

1.4 Outline of this thesis

As described in this introductory chapter, chronic inflammatory skin diseases like
psoriasis and atopic dermatitis are characterized by a strong inflammatory hallmark
and the disruption of proliferation and differentiation in the structural epidermal
cells known as keratinocytes. Blue light irradiation decreases the symptoms of these
dermatological conditions. However, the exact underlying mechanism leading to
the management of these conditions is yet to be elucidated. Further, though clinical
investigations show a good efficacy in treating psoriasis and atopic dermatitis with
blue light, large variations in treatment response are reported, and some patients do
not respond to the treatment at all. These observations lead to the central research
question of this thesis - which intrinsic and extrinsic factors determine the outcome
of blue light therapy in patients with inflammatory skin diseases? This question is
addressed by in silico methodologies that integrate the experimental and clinical
observations.

Chapter 2 reviews the current understanding on the molecular photoreceptors and
the downstream signaling processes induced by the molecules released upon energy
absorption of blue light in human cells, in the context of chronic inflammatory
skin diseases. Here, it is proposed that although blue light is clinically effective,
the impact of the irradiation settings and the long-term effects on the skin require
further research.

Chapter 3 explores the cell type-specific composition of the skin based on the de-
convolution of gene expression acquired from skin biopsies of healthy subjects
and patients with psoriasis and atopic dermatitis. The chapter describes the imple-
mentation of this approach and its application in dermatology. The results of this
chapter reproduce the experimental observations on the average relative abundance
of leukocytes and skin related cell types in health and disease and provide insight
into the inter-patient variability.

7



Chapter 1

In Chapter 4, the implementation of a mechanistic model of blue light treatment
of psoriasis is described for the average patient. The model is used to investigate
the underlying mechanism of this therapeutic approach and analyze the irradiation
settings used for treatment, e.g. fluence, length of treatment, and frequency of
the treatment sessions. It is shown that a reduction in the proliferative capacity of
keratinocytes is sufficient to induce a temporary drop in the severity of the inflam-
matory skin condition. The model results also suggest that treatment regimes with a
duration equal to or higher than twelve weeks and a fluence between 90 Jcm−2 - 500
Jcm−2 yield a disease severity reduction higher than fifty percent.

Chapter 5 extends the model from Chapter 4 by including the population-level
variations in the treatment efficacy through a pool of virtual patients. This chapter
describes the development of the virtual patients and their use to further investigate
the impact of the irradiation settings on the treatment efficacy. The model predic-
tions indicate that the efficiency of this treatment approach can be increased for
all patients by implementing a therapeutic protocol with daily treatment, a higher
fluence, and longer length of treatment compared to the currently used settings.

In Chapter 6, a simple mathematical description is proposed to study the effect of
the irradiation settings, mainly wavelength and exposure time, on the isolated ker-
atinocytes. This chapter shows that there is an inherent simplicity to the response of
human cells to light which can be described in silico based on paradoxical signaling
and network motifs.

This thesis concludes by emphasizing the value of the computational methods
described in the presented chapters and discusses the future perspectives of this
research (Chapter 7).
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Visible blue light therapy:
Molecular mechanisms and
therapeutic opportunities
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Abstract

Visible light is absorbed by photoacceptors in pigmented and non-pigmented mam-
malian cells, activating signaling cascades and downstream mechanisms that lead to
the modulation of cellular processes. Most studies have investigated the molecular
mechanisms and therapeutic applications of UV and the red to near-infrared regions
of the visible spectrum. Considerably less effort has been dedicated to the blue
part of the spectrum. This chapter presents a review of the current advances in the
understanding of the molecular photoacceptors, signaling mechanisms, and cor-
responding therapeutic opportunities of blue light photoreception in mammalian
cells in the context of inflammatory skin conditions. At a molecular level, blue light
is absorbed by flavins, porphyrins, nitrosated proteins, and opsins; inducing the re-
lease of reactive oxygen species, nitric oxide, and the activation of G protein-coupled
signaling. Limited and contrasting results have been reported on the cellular effects
of blue light-induced signaling. Some investigations describe the regulation of prolif-
eration and differentiation or modulation of inflammatory parameters; others show
growth inhibition and apoptosis. Regardless of the elusive underlying mechanism,
blue light is beneficial in the treatment of skin conditions characterized by sustained
inflammation and hyperproliferation of keratinocytes. To strengthen the use of blue
light for therapeutic purposes, further in-depth studies are needed regarding its
underlying molecular and cellular mechanisms and their translation into clinical
applications.



Visible blue light therapy

2.1 Introduction

Light triggers many physiological processes and is vital for human health [1]. It is di-
vided into three main regions, which constitute the fractions of the electromagnetic
radiation emitted by the sun reaching the earth [2]. These regions are ultraviolet
(UV) (280 – 400 nm), visible light (400 – 760 nm), and infra-red light (760 – 1000 nm).
The role of UV radiation on mammalian cells has been extensively characterized
due to the diversity of biological photoacceptors [3], its photoreactivity, and the cell-
specific responses [4] it induces. It is well known that ultraviolet light is absorbed
by deoxyribonucleic acid (DNA) [5] and that it induces direct damage to the DNA
[6], oxidative stress [7], and activation of transcription factors [8]. In the red-to-near
infrared part of the visible spectrum (620 – 1000 nm), light is absorbed by the cy-
tochrome c oxidase of the cellular respiratory chain located in the mitochondria [9].
As a result, the redox status and functional activity of this molecule are modulated
triggering primary and secondary biochemical reactions [10]. The effect of UV-free
blue light (BL) (400 – 500 nm) on mammalian cells and its use in phototherapeutic
applications have gained increasing interest in recent years. It has been shown that
visible light-based phototherapy yields beneficial outcomes like pain relief, allevia-
tion of inflammation, immunomodulation, wound healing, tissue regeneration [11],
and the management of chronic inflammatory skin conditions [12, 13]. However,
the exact underlying molecular mechanisms and signaling pathways remain elusive.
Further, defining effective therapeutic approaches to achieve positive outcomes in
dermatological conditions like psoriasis and atopic dermatitis is still a critical point
due to the current ambiguous definition of treatment parameters, e.g. wavelength,
irradiance, fluence, and irradiation protocols, to obtain specific biological responses
[14]. Here, a review is provided on the molecular mechanisms, subsequent cellular
effects of UV-free blue light irradiation in mammalian cells, and the current status
of its therapeutic applications in dermatology.

2.2 General concepts of visible light absorption in mammalian
cells

According to the first law of photobiology, the energy of light must be absorbed by a
molecular photoacceptor or an endogenous photosensitizer to affect any biological
system [15]. One kind of photoacceptors is the specialized photoreceptors, which
are integrated protein-chromophore systems. After light absorption, molecular
photoreceptors are transformed from the ground state to the excited state, affecting
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secondary targets inside the cells and activating signaling cascades that result in
cell-specific responses [16] (Figure 2.1).
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Figure 2.1: Summary of the photoreceptors, mediators, and downstream effects
involved in the interaction of blue light with mammalian cells. Blue light is ab-
sorbed by flavins, porphyrins, and nitrosated proteins located within the cell. As a
result, reactive oxygen species (ROS) and/or nitric oxide (NO) are released from these
molecules and activate signaling cascades that lead to the concentration-dependent
regulation of inflammation, proliferation, differentiation, and apoptosis. Blue light
absorption by opsins results in the activation of G protein-coupled signaling, and
consequent vasorelaxation and barrier homeostasis. The opsin in this figure was
adapted from Nagata et al., 2010 [17].
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For blue light, most photoreceptors comprise flavins [18, 19] and retinal [20] chro-
mophores. For decades, research on photoacceptors of blue light has focused on the
study of these molecules in plants [21–24] and bacteria [25–27]. In mammals, most
effort has been set on finding photoacceptors in pigmented cells, such as retinal
ganglion cells [28–30]. In these cells, melanopsin [31] has been identified as the
main photoacceptor. In non-pigmented mammalian cells like keratinocytes and
fibroblasts, nitrosated proteins have been found to absorb blue light [32, 33]. Fur-
ther, the expression of opsins [34, 35] was recently observed in skin cells, suggesting
their potential involvement in the phototransduction of blue light in the skin. In
addition to nitrosated proteins and opsins, flavins [36] and porphyrins [37, 38] have
also been identified as blue light photoacceptors in non-pigmented mammalian
cells. However, the location and precise cellular functions of these light-absorbing
molecules are yet to be clarified.

Flavins (Figure 2.1) are versatile compounds, known to be involved in several light-
initiated reactions, absorbing light at a peak wavelength of 460 nm [39]. Upon
light absorption, flavins go through changes in the electronic properties of the
characteristic isoalloxazine ring they contain [36]. These changes induce local
chemical reactions and the rearrangement of hydrogen bonding networks involved
in protein signaling cascades [40]. Photoexcitation of flavins induces the formation
of singlet and triplet excited states [41] and the release of reactive oxygen species
(ROS) [42]. The flavin chromophores include flavin mononucleotide (FMN) and
flavin adenine dinucleotide (FAD) [40]. Riboflavin (RF), a derivative of isoalloxazine,
is the main component of FMN and FAD in many flavoproteins [36]. RF is involved
in numerous redox reactions as co-factor and is associated with the generation
of free radicals [43]. The main location of this photoreceptor in the cells remains
unclear, but it has been identified in the mitochondria [44], peroxisomes [45], and
cytosol [15]. There are many flavin-containing proteins in different cell types. One
is cryptochrome, which is reduced upon exposure to blue light [18]. However,
though expressed in skin cells, a light dependent function in mammals has not been
described for it yet. It is an essential component of the circadian clock, acting as
transcriptional repressors regulating the circadian rhythm. This photoacceptor goes
through blue light-dependent redox reactions that involve flavin photoreduction
[46]. Current paradigms for cryptochromes activation presume that light-induced
conformational changes within the protein are followed by interaction with protein
substrates, leading to downstream signaling events [18]. Müller and Ahmad [47]
showed that continuous blue light irradiation induced the formation of ROS upon
activation of overexpressed Arabidopsis cry1 in insect cells. Photon absorption
by cryptochrome leads to electron transfer from a tryptophan (Trp) residue in the
protein to an excited state flavin. The Trp residue is reduced through a chain of
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additional Trp or tyrosine residues leading to the protein surface. The reduced
flavin is reoxidized to the resting state by cleavage of molecular oxygen to form
superoxide and hydrogen peroxide (H2O2). The cryptochrome photocycle repeats
itself as long as photon energy is available, catalyzing the enzymatic accumulation of
ROS [18] and inducing stress responses. Additionally, nitric oxide synthases (NOS),
enzymatically producing nitric oxide (NO), contain a flavin as a cofactor. It has been
speculated that blue light increases NOS activity, augmenting the enzymatic release
of NO. However, this has only been observed in endothelial and sperm cells [48].

Porphyrins (Figure 2.1) are a class of heterocyclic aromatic compounds, composed
of four pyrrole subunits interconnected by methane bridges [49]. These compounds
are essential for vital biochemical processes, such as oxygen transport by heme
groups [50]. Porphyrin ring structures have intense absorption bands in the visible
region; their absorption peak is at 410 – 440 nm [38]. Within the cells, these struc-
tures can be found in the mitochondria [51]. Porphyrin containing enzymes are
thought to be blue light photoacceptors linking the mitochondrial respiratory chain
to photostimulatory effects of light in this spectral region [38, 39]. The commonly
accepted hypothesis is that the interaction of blue light with the free endogenous
intracellular porphyrins leads to the transfer of energy and the production of ROS
[52, 53].

Opsins (Figure 2.1), commonly known as photosensitive receptors in retinal cones
(cone opsin) and rods (rhodopsin) [54], have recently been identified in non-pigmen-
ted cells like keratinocytes [34, 35]. These photoreceptors are membrane proteins
that belong to the G protein-coupled receptors [55]. When excited by light, opsins
undergo structural changes that lead to the activation of G proteins, which mediate
enzymatic signaling cascades [17, 54, 56]. Although opsins are widely recognized
for their role in vision, they are also involved in non-visual processes through en-
cephalopsin [57], melanopsin [58], and neuropsin [59]. Melanopsin, for example,
is associated with behavioral effects in response to light, like alertness in diurnal
animals. Additionally, a physiological role has been described for this opsin in the
relaxation of blood vessels [57]. Cone opsin OPN1 and rhodopsin OPN2 have been
recently found in keratinocytes [60]. Their expression is thought to be involved in
barrier homeostasis [61]. Nevertheless, the details of their role in this process are
yet to be fully elucidated.

Nitrosated proteins (Figure 2.1) are photoacceptors of visible light in the wave-
lengths of 420 - 490 nm [62]. These S-nitroso compounds (RS-NO) are found in
biological tissues, and the most abundant are, e.g. S-nitrosoglutathione (GS-NO)
and S-nitroso-albumin [63]. Several nitrosated proteins affected by blue light have
been recently identified by liquid chromatography-tandem mass spectrometry and
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verified by immunoblotting [62]. Examples of these proteins are annexin A2, FAS,
HSP8, HSP60, and pyruvate kinase. These photo-labile compounds undergo pho-
todecomposition upon irradiation with electromagnetic radiation within the blue
spectrum [33], inducing the non-enzymatic release of bioactive NO. This effect has
been characterized in vitro by detecting an increased non-enzymatic NO formation
from nitrosated bovine serum albumin (BSA) [64] upon UV-free blue light exposure.
This finding also clarifies the blue light-mediated reactivation of the mitochon-
drial respiration inhibited by NO [65]. The photolytic process induced in these
molecules can be explained by the activation energy it requires. The decomposition
of S-nitroso compounds needs an activation energy of +23 kcal mol−1 to +34 kcal
mol−1 [66]. Visible light in the range of 420 - 453 nm corresponds to a radiation
energy of +68 kcal mol−1 - +63 kcal mol−1. Thus, the energy produced by blue light
is enough to generate a significant photodecomposition of S-nitroso compounds
[67]. In addition to S-nitroso compounds, nitrite has been shown to release NO non-
enzymatically upon blue light exposure [33]. Interestingly, the photodecomposition
of the nitrite ion by blue light cannot be explained solely by the radiation energy
produced in this spectral range. The transition energy for the nitrite ion is +87.4
kcal mol−1, and the N–O bonding energy is +93.3 kcal mol−1 [67]. These energies
are considerably higher than the radiation energy corresponding to blue light. Thus,
blue-light induced decomposition of nitrite must follow another mechanism. The
photolysis of nitrite by blue light depends on the presence of the reduced cupric
ion (Cu1+) [33]. The potential reactions behind this process have been published by
Opländer et al. [33] and are shown by equations 2.1 - 2.3.

[
Cu2 +3 NO−

2

]→Cu1 +NO2 (2.1)

2NO +H2O → NO−
2 +NO−

3 +2H+ (2.2)

Cu1++NO−
2 → [

Cu1 +NO−
2

]+H+ →Cu2++H2O +NO (2.3)

In summary, most studies have found that blue light generates reactive oxygen
species [38, 44, 68–70], bioactive nitric oxide [33, 62, 64] and lead to G protein-
coupled signaling via melanopsin (Table 2.1). Nonetheless, it is unclear and contro-
versially discussed which is the dominant process.
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Table 2.1: Summary of the most relevant experimental studies investigating the
intracellular species induced by blue light exposure

Year Reactive
species

Metabolite Wavelength
(nm)

Intensity
(Wcm−2)

Fluence
(Jcm−2)

Exposure
time (s)

Cell
type

Reference

2005 ROS Oxygen radi-
cals

400-500 0.04 Sperm
and
cardiac
cells

[15]

2005 ROS H2O2 380-500 0.55 5 and
120

10 and
240

NHEK
and
OSC2

[71]

2007 ROS 400-500 0.63 25 40 THP-1 [69]
2007 ROS 380-500 0.45 27 60 THP-1 [43]
2008 NO NO 470 0.05 Mice

liver
cells

[65]

2010 NO NO 400-500 0.08 23,4 300 Sperm
and en-
dothe-
lial
cells

[48]

2011 ROS Superoxide
radicals

411 and 470 0.01, 0.02
and 0.05

900,
5400 and
21600

Rat
retinal
neu-
ronal
cells

[30]

2012 ROS H2O2 and HO 400-520 250 Mice
aorta
vessels

[70]

2012 ROS H2O2 400-700 0.2 40 to
180

skin
equiva-
lents

[68]

2013 ROS H2O2 460 0.25 250 gingival
fibrob-
lasts

[44]

2013 NO NO2- and
RS-NO

420 and 453 0.03 and
0.06

45 at
420nm
and 90
and 453
nm

Rat lung
fibrob-
lastoma
cells
and
human
skin

[33]

2015 ROS O2 460 0.4 900 Rat
palatal
gingiva

[45]
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Year Reactive
species

Metabolite Wavelength
(nm)

Intensity
(Wcm−2)

Fluence
(Jcm−2)

Exposure
time (s)

Cell
type

Reference

2015 ROS H2O2 415 0.35 5 to 80 skin
fibrob-
lasts

[72]

2.3 Molecular and cellular mechanisms of blue light irradi-
ation

Conflicting results have been published regarding the effects of blue light on mam-
malian cells (Figure 2.1). Some find an impact on proliferation [64, 73, 74], dif-
ferentiation [64, 75, 76], and growth [75, 77, 78] of mammalian cells, while others
observe cytotoxicity [75–77, 79, 80]. However, all studies agree on the wavelength
and energy dependency of the induced effects. Also, the efficacy of blue light in the
modulation of each described effect varies significantly among investigations. These
inconsistencies might be explained by the different experimental conditions used in
each investigation, including light sources, light exposures, varying parameters like
irradiance and fluence as well as cellular species (Table 2.1). Despite the wide range
of divergent observations, all investigations indicate that that blue light impacts
vital cellular processes.

Decreased proliferation and growth inhibition are two effects reported in experimen-
tal studies of blue light irradiation on endothelial cells [64], keratinocytes [64, 74, 81],
and fibroblasts [73, 75, 82]. The decrease in proliferation was correlated to an in-
crease in the cellular differentiation [64], as shown by the increased expression of
proliferation markers involucrin, keratin-1, and keratin-10. It is unclear which of the
known BL photoreceptors is responsible for the effects on the proliferation, differen-
tiation and cellular growth. Controversially, Kim et al. [34] suggested that rhodopsin
down-regulates the expression levels of specific keratinocyte differentiation markers
via the Gai signaling pathway in natural human epidermal keratinocytes. Some
studies using gingival fibroblasts and dental curing lights describe a reduction of
proliferation in mammalian cells and propose the mitochondria and its porphyrin-
containing enzymes as acceptors of blue light [73, 83], and ROS as mediators of
the cellular response (Figure 2.2). Based on this theory, the reduced proliferation
is explained by the energy depletion that interferes with the cell division. However,
contradicting evidence suggests that cellular ATP is not diminished but elevated
after blue light irradiation [64]. Moreover, the use of ROS scavengers does not yield a
lower anti-proliferative response in all cell types, indicating that other mechanisms
are involved and may mediate diverse effects in different cell types [64]. Nitric
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oxide is also known to act as a strong mediator of several cellular processes, includ-
ing proliferation and differentiation [84]. One potential signaling pathway for this
NO-mediated response is the S-nitrosylation pathway [85], which is involved in
the regulation of other signaling cascades. This pathway leads to the formation
of S-nitrosothiols through the covalent attachment of a NO moiety to a reactive
cysteine thiol [86]. Blue light modulates the S-nitrosylation status of nitrosated
proteins [62]. Nitric oxide leads to S-nitrosation through diverse processes. NO
directly reacts with transition metals of proteins containing heme groups, such
as hemoglobin, guanylyl-cyclase, and cytochrome-C oxidase, which can serve as
intermediate reservoirs of S-NO that can be transferred to the substrate proteins.
It can also react with molecular oxygen and superoxide, leading to intermediates
like peroxynitrite, which can induce protein S-nitrosation [87]. Despite the strong
evidence supporting both a ROS and NO-driven cellular response to blue light, the
cell dependency of the underlying mechanism is yet to be fully elucidated.

BL

ROS

NONONONONONONONONONONONONO

Cytochrome c 

Apoptosis

Cell death substrates

Caspases

Cytosol

Nucleus

Cell cycle regulation

Inflammatory 

cytokines

NO

ROS

NO

Peroxisome

TLR 3 TLR 5

Endosome

TLR 3

IkB

NF-kB

ROS

MyD88

RS-NO 

Flavins

Porphyrins

Flavins

Flavins?

?

Downstream 

signaling

Figure 2.2: Schematic diagram of the mechanisms involved in blue light irradia-
tion of mammalian cells. Blue light (BL) induces the release of nitric oxide (NO)
and reactive oxygen species (ROS) from cellular photoreceptors possibly located in
the cytosol, the peroxisomes, and the mitochondria. The generated ROS may directly
impact the cell cycle or lead to apoptosis. The latter occurs through the mitochondria-
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mediated apoptotic pathway, which involves the release of mitochondrial intermem-
brane proteins such as cytochrome c. Cytochrome c triggers the activation of caspases
and consequent cell death. Nitric oxide is released from nitrosated proteins, poten-
tially through S-nitrosylation. NO blocks the toll-like receptors (TLR) TLR-3 and
TLR-5 induced NF-κB phosphorylation and IκB degradation; thus reducing inflam-
matory signals.

Apoptosis is a critical cellular process that involves a network of metabolic events
triggered by several biological and physical stimuli [88]. A recent investigation
found that apoptotic cell death of B16-F10 cells was evident after irradiation with
blue light [89]. This observation was shown by the exposure of phosphatidylserine
of the outside plasma membrane, the accumulation of a sub-G1 population, a
decreased mitochondrial membrane potential, and the presence of pro-apoptotic
proteins like cytochrome c, caspase 3, and poly-(ADP-ribose) polymerase (PARP). An
upsurge in the phosphorylation of p53 was also observed in the early stages of blue
light irradiation, but it decreased after long exposure. That study concluded that
blue light-induced apoptosis occurs through the mitochondria-mediated apoptosis
pathway (Figure 2.2). Blue light-induced apoptosis via this pathway has also been
suggested for retinal ganglion cells [79]. Here, the activation of apoptosis due to
blue light is associated with an increase in reactive oxygen species [90, 91] such as
the superoxide anion [92]. Furthermore, this involved the protein expression of Nrf2
and HO-1 and the activation of the JNK/p38 MAPK signaling pathways [79]. There
are a limited number of experimental studies showing the potential toxicity of blue
light under certain wavelengths and light exposures. These investigations focus on
keratinocytes [93], fibroblasts [78], retinal epithelial cells [30, 80], and skin-derived
endothelial cells [93]. In B16 melanoma cells, a cytostatic effect has been suggested
instead of a cytocidal action [94, 95]. Oh, et al. [92] proposed that in lymphoid cells
irradiated with blue light, oxidative stress caused by ROS sensitizes the mitochondria
towards the induction of mitochondrial membrane permeabilization and damages
the nucleic acids and proteins. They also showed that blue light-induced apoptosis
involves autophagy. In lymphoma cells, the formation of autophagosomes increased
after BL irradiation. This process was inhibited when pre-treating the cells with
an autophagy inhibitor. Despite the increase in ROS, not all cells seem to respond
in the same way. A recent study [96] reported that in keratinocytes no apoptosis
occurred 24 hours after 30 minutes of irradiation with blue light at 453 nm, using
an intensity of 23 mWcm−2. This investigation did, however, describe a rapid 1.26
fold increase in the H2O2 concentration of these cells up to thirty minutes after
irradiation. This increase in H2O2 leveled out quickly, returning to normal within 1h
after irradiation. The lack of apoptosis in endothelial cells and keratinocytes had
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already been observed at high fluence levels of 250 and 500 Jcm−2 respectively [93].
In contrast, T-cells show signs of apoptosis at much lower energy levels [64, 93] not
harmful to other cell types. A potential reason for this cell-type specific response
could be the ability of cells to cope with oxidative stress.

In addition to the blue light effects on cell survival, this spectral range is also known
to have anti-inflammatory properties [97]. These properties are reflected in the
suppressed activation and stimulatory potential of dendritic cells [76, 98], and the
decreased release of pro-inflammatory cytokines like IL-8 [62], IL-1β, IL-2, IFN-γ,
and TNF-α [98] after blue light exposure. Kim and colleagues [62] recently showed
that blue light efficiently blocks the TLR-3 and TLR-5 induced NF-κB phosphoryla-
tion and IκB degradation (Figure 2.2). They also investigated whether these effects
were NO or ROS-driven by performing experiments with ROS and NO scavengers.
Their results indicated that ROS scavengers did not block the BL effects, whereas
NO scavengers significantly did. These results support the NO-mediated effects on
the regulation of inflammatory mediators after blue light exposure. Additionally,
Kim et al. [62] showed that the anti-inflammatory effects of blue light not only are
mediated by NO but also involve the S-nitrosylation signaling pathway. It is known
that S-nitrosylation inhibits IKKβ and prevents the activation of NF-κB [99], which
was also observed in their experiments after blue light irradiation [62].

Although clear cellular responses have been identified upon exposure to blue light,
it is difficult to correlate a specific concentration of ROS or NO with an observed
effect. This difficulty is mainly due to the poorly defined irradiation parameters,
e.g. intensities and exposure times, in studies found in the literature (Table 2.1)
and the often qualitative nature of the reported results. Regardless of what the key
species may be, it is hypothesized that the regulation of proliferation, differentiation,
and apoptotic pathways depend on the concentration or even the balance between
both species. It is known that in keratinocytes low concentrations of nitric oxide
stimulate their proliferation while high NO concentrations promote their differenti-
ation [100]. In most systems, the concentrations of NO and ROS that regulate these
cellular processes are unknown or contradictory [101]. The sensitivity to oxidative
stress differs among cell types [102]. Additionally, it may be processed with differ-
ent efficiencies by diverse pathways, altering the cellular responses [103]. In oral
squamous carcinoma cells, blue light induces ROS levels which are significantly
higher than those induced in normal human epidermal keratinocytes [103]. Thus, it
is hypothesized that the inhibition and promotion of cell survival depend on the
cellular capacity to cope with oxidative stress [82]. Taflinski and colleagues [75]
tested this hypothesis by adding ROS scavengers and additional oxidative stress to
blue light irradiated fibroblasts. They concluded that repeated non-toxic blue light
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irradiation might induce energy-consuming cellular responses against oxidative
stress, causing a proliferation stop, interference with differentiation and an increase
in cell metabolism. It has also been proposed that intra- and extracellular generated
reactive oxygen species synergize to affect cellular mitochondrial suppression of
tumor cells in response to blue light [71]. In keratinocytes, however, mitochondrial
activity was not suppressed by exposure to blue light, regardless of the extracellular
conditions [104]. Thus, the cellular environment is critical in the underlying mech-
anism of blue light irradiation of different cell types. The imbalance between the
production of ROS and antioxidant defense can result in oxidative stress, due to
increased ROS formation [105] or deficiencies of antioxidants such as thioredoxins,
peroxiredoxins, and glutaredoxins [106]. Noda et al. [69] showed that blue light alone
had no significant effect on cellular glutathione redox balance, but the combination
with agents like camphoroquinone induced marked oxidative stress and reduced
total glutathione levels up to 50 %. They concluded that either light-induced ROS
levels are not sufficient to affect glutathione system or are dealt with in other ways,
for example via thioredoxin or peroxiredoxin balance.

2.4 Therapeutic applications

Blue light sources have mostly been used in dental treatments to bleach stained teeth
[107], and in the treatment of hyperbilirubinemia in infantile jaundice [108, 109].
However, recent clinical investigations show that phototherapy with blue light leads
to the management of chronic inflammatory skin disorders [12, 13, 110, 111]. Both,
psoriasis and atopic dermatitis involve the hyperproliferation and abnormal differ-
entiation of keratinocytes [112, 113] leading to the thickening of the epidermis. The
positive effect induced in the lesions of patients with psoriasis and atopic dermatitis
may be explained by the reduced proliferation and increased differentiation occa-
sioned in keratinocytes upon exposure to blue light [64], and the decreased activity
prompted in immune cells [62, 98] (Figure 2.3).

The number of available clinical investigations assessing the efficacy of blue light
treatment of psoriasis and atopic dermatitis is limited (Table 2.2) and show contrast-
ing results. Three studies have evaluated the use of blue light to reduce the severity
of AD lesions [12, 110, 114]. They described an average reduction in the severity of
AD higher than 50 %. However, their irradiation sources also comprised wavelengths
outside the blue spectral range. These investigations focused on mild to moderate
[12, 114] and severe cases [110], respectively, and used local [12, 114] and full body
treatments [110]. A similar intensity was used in all studies; however, the applied
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Figure 2.3: The anti-inflammatory and anti-proliferative properties of blue light
may be beneficial for chronic inflammatory skin conditions like psoriasis. Blue
light lessens the symptoms of psoriasis. It decreases the accelerated proliferation
of keratinocytes and induces their differentiation, and reduces the inflammatory
response by depleting the T-cells and inactivating the dendritic cells.

fluence and the length of treatments differed.

Compared to AD, there are four clinical investigations on blue light-based therapy
for psoriasis [12, 112–114]. While the overall outcome of all studies is positive, dis-
crepancies are reported in the therapeutic efficacies. Only one of the four available
studies [115] showed an average improvement below 5 %, while the other three
investigations [112–114] reported an improvement between 33 % and 75 % in the
average patient. Additionally, no evident side effects were observed, except for slight
hyperpigmentation of the treated area, which vanished spontaneously after cessa-
tion of the treatment. It is likely that the observed discrepancies in the described
studies are due to the differences in treatment conditions. The main difference be-
tween the study with low improvement [115] and the other three are the low fluence
and average intensity applied within each irradiation cycle. In the other studies
[112–114], a higher fluence and average intensities were used resulting in higher
efficacy. This fluence and wavelength dependency has been described in several
experimental investigations [64, 72, 93]. In addition to the impact of fluence on the
efficacy of the treatments, the studies presented in Table 2.2 show that the exposure
time to blue light is also a relevant parameter. The improvement achieved with the
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implemented treatments in those studies suggests that the length of each cycle and
the total length of treatment also determine the efficacy of a specific therapeutic
approach. Based on in vitro studies, it is known that the higher the fluence, the
stronger the effect on the cells [75]. Nevertheless, the lower and upper boundaries
of this response remain unclear.

2.5 Conclusion

The currently available studies in the use of blue light-based therapy for chronic
inflammatory skin diseases reflect the early development stage of this therapeutic
approach. Though naturally effective in psoriasis and atopic dermatitis, the exact
underlying molecular mechanisms and signaling pathways are still elusive. There
are several studies investigating the photoacceptors, mediators, and signaling path-
ways involved in the cell- and tissue-specific responses observed after blue light
irradiation but the reported observations remain controversial.

Two main species as mediators of cellular responses to blue light are NO and dif-
ferent ROS, which have been reported in several studies. However, which species,
alone or in combination, elicit the observed effects is still unclear. Here, the balance
between both generated species could also make a difference regarding the different
observed effects. Additionally, opsins have been identified in the skin, which seem
to have a light-dependent signaling role adding further possibilities for affecting
cellular responses with blue light. Evidently, some more effort is needed to describe
and characterize these main players and their effects in the context of inflammatory
skin conditions.

From a therapeutic perspective, there are open questions regarding the long-term
effect of blue light on the skin, the systemic effect of blue light on the human body,
and the most optimal treatment protocol. Thus far, BL therapy has been mostly
locally applied for a maximum of twelve weeks on lesions of psoriasis and atopic
dermatitis. Though it has been shown to be effective, it will be essential to study
the long-term effects of blue light irradiation on the skin. Further, methodologies
should be implemented to optimize the current treatment protocols and increase
the treatment efficacy.
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Abstract

Recently, deconvolution methodologies have allowed the digital quantification of
cell types in bulk tissue based on mRNA expression data from biopsies. Using these
methods to study the cellular composition of the skin enables the rapid enumeration
of multiple cell types, providing insight into the numerical changes of cell types as-
sociated with chronic inflammatory skin conditions. Here, deconvolution is used to
compute the cellular composition of the skin and estimate changes related to onset,
progress, and treatment of these skin diseases. A novel signature matrix, i.e. DerM22,
containing expression data from 22 reference cell types is used, in combination
with the CIBERSORT algorithm, to identify and quantify the cellular subsets within
whole skin biopsy samples. The approach is applied to public microarray mRNA
expression data from the skin layers and 648 samples from healthy subjects and
patients with psoriasis or atopic dermatitis. The methodology is validated by com-
parison to experimental results from flow cytometry and immunohistochemistry
studies, and the deconvolution of independent data from isolated cell types. The
relative abundance of cell types from healthy, lesional, and non-lesional skin was
quantified, and a marked increase in the abundance of keratinocytes and leukocytes
was observed in the lesions of both inflammatory dermatological conditions. The
relative fraction of these cells varied between subjects and from healthy to diseased
skin as well as from non-lesional to lesional skin. Here, it is shown that changes in
the relative abundance of skin-related cell types can be used to distinguish between
mild and severe cases of psoriasis and atopic dermatitis, and trace the effect of
treatment. The approach described in this chapter enables the direct quantification
of cell types in a skin sample and the characterization of pathological changes in
tissue composition.



Disease-specific cellular abundance profiles

3.1 Introduction

To better understand the underlying mechanisms of psoriasis and atopic dermatitis,
studies have explored the mRNA expression profiles of lesional, non-lesional [1–3]
and healthy skin [4], leading to the identification of differentially expressed genes.
However, the interpretation of mRNA expression data from the skin remains a critical
challenge due to the large heterogeneity in the samples, much affected by the site
and method of sample acquisition, as well as the lack of good markers for several of
the specialized cell types found in this tissue.

Previous investigations have sought to identify the gene expression signature of
skin-specific cell types, structures, and processes [5, 6]. Swindell et al. [5] observed
a range of inflammatory and cytokine-related gene expression patterns in skin
biopsies of psoriasis patients. They identified 1233 differentially expressed genes
increased in psoriasis lesions, which were attributed to keratinocyte activity, infil-
tration of T-cells and macrophages. They also observed an increased inflammatory
signature in 50 % of the patients, with increased expression of genes expressed by
T-cells, monocytes, and dendritic cells. Shih et al. [6] derived expression signatures
for adipocytes, fibroblasts, melanocytes, macrophages/dendritic cells, T-cells, ker-
atinocytes, appendages and core processes of the skin. They applied their set of
skin-specific expression signatures to the analysis of transcriptomic datasets from
18 dermatological conditions, including psoriasis and atopic dermatitis and showed
the over- and under-representation of various cell types in skin diseases based on
the reduction or upsurge of their defined gene signatures. The resources provided
by these investigations aid in the interpretation of expression data derived from
human skin and enable the study of tissue composition. Nevertheless, they do not
directly quantify the cell-types and tissue-specific variations in a given skin sample.
Further work is therefore needed to enumerate the abundance of skin-related cell
types in common chronic inflammatory skin conditions.

Currently, changes in cellular composition of a given tissue are experimentally ob-
served by flow cytometry [7, 8] and immunohistochemistry [9, 10] studies. However,
these methods are constrained by the availability of cell type-specific biomarkers
and are restricted to identification of a small subset of cell types. Computational
methodologies, like deconvolution, have been developed for predicting the relative
fractions of multiple cell types in a sample solely based on gene expression profiles
[11, 12]. These approaches enable the large-scale analysis of mRNA mixtures for
identifying cellular biomarkers and novel therapeutic targets without the need for
experimental techniques [13]. Deconvolution methods, like CIBERSORT [14], infer
the abundance of various cell types in a sample using a reference dataset and the
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mRNA expression profile from the sample of interest [15]. Deconvolution tech-
niques have been successfully used to determine the composition of immune cell
types in bulk tissue [16], but have not been applied yet to chronic inflammatory
skin disorders. Using deconvolution methods to study the cellular composition of
the skin will allow the simultaneous quantification of multiple cell types, providing
additional insight into the relative abundance changes of specific cell types that
occur at the onset, development, and treatment stages of dermatological diseases.

Here, the computational deconvolution of layer-specific and whole skin transcrip-
tomics data into cell type-specific fractions is performed. The mRNA expression
profiles from samples of isolated epidermis and dermis as well as whole skin biopsies
of 114 healthy subjects, 241 psoriasis patients, and 38 patients with atopic dermatitis
were analyzed. The cellular composition of the skin was quantified and the changes
associated with the onset, progress, and treatment of Pv and AD were estimated.
This resource aids in the interpretation of transcriptomics data derived from the skin
by allowing the direct enumeration of cell types in a sample and enabling the char-
acterization of pathological changes in tissue composition associated with chronic
inflammatory skin conditions.

3.2 Materials and methods

3.2.1 Aim, design, and setting

In this study, the CIBERSORT [14] deconvolution algorithm is used together with
a novel signature matrix, termed DerM22, containing all major cell types that are
present in the skin. The approach is applied to publicly available microarray mRNA
expression data from healthy skin as well as lesional and non-lesional skin samples
from patients with psoriasis or atopic dermatitis. The methodology is validated by
comparison to experimental results from flow cytometry and immunohistochem-
istry reported in the literature as well as by application to independent data from
isolated cell types.

3.2.2 Signature matrix definition and cell frequency estimation

The CIBERSORT deconvolution algorithm uses nu-support vector regression to
estimate the cell type composition of tissue samples [14]. This method performs a
feature selection, adaptively choosing genes from the signature matrix to deconvolve
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a given mixture [14]. It requires two inputs, i.e. a reference matrix of cell type-specific
mRNA expression signatures and the mRNA expression data from the samples of
interest.

The focus of the original work [14] is on immune cell types to estimate the cellular
composition of blood as well as the immune cell content in certain cancers. Recently,
a novel signature matrix, called AT21, has been generated for deconvolution of the
adipose tissue cell types [17]. Here, we have extended the AT21 signature matrix us-
ing two publicly available datasets containing keratinocyte mRNA expression (GEO
identifiers GSE30355 and GSE36287), enabling its applicability to the deconvolution
of skin samples. The resulting DerM22 signature matrix contains cell type-specific
signatures of 22 isolated cell types and is based on a reference dataset consisting of
220 samples from 22 original studies.

For the generation of DerM22, raw data (CEL-files) of the 22 original studies (all
hybridized to the Affymetrix HG-U133 Plus 2.0 microarray platform) were down-
loaded from Gene expression omnibus (GEO) database and preprocessed with
Affymetrix Power Tools using the robust multi-array average (RMA) normaliza-
tion method. Then, the dataset was uploaded to the CIBERSORT website (url-
https://cibersort.stanford.edu) for probe filtering based on the following three steps:
(i) select probes that are differentially expressed between any individual cell type
and all other samples (q value < 0.3 (false discovery rate), twosided unequal vari-
ance t-test); (ii) rank probes according to their fold change between the respective
cell type and all other samples; and (iii) include the top G probes per cell type in
the signature matrix, where G (between 50 and 150) is selected to minimize the
condition number of the signature matrix [15]. This resulted in a selection of 2045
probes included in DerM22, which are represented by the average probe intensity
value for each of the 22 cell types.

Datasets

The deconvolution approach is applied to various public datasets from two different
Affymetrix microarray platforms. The main analysis is performed on datasets from
the Affymetrix HG-U133 Plus 2.0 platform (GPL570 in GEO), which was chosen to
avoid any cross-platform issues with the reference dataset used to generate DerM22.
These data include a dataset with measured expression of different skin layers that
were separated by laser capture microdissection (GSE42114) and 648 whole-skin
4 mm - 6 mm punch biopsy samples from healthy people and individuals with
psoriasis or atopic dermatitis (Table 3.1). All datasets account for non-treated skin
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biopsies except for dataset GSE27887 [18], which contains AD samples from lesional
and non-lesional skin before and after phototherapy with narrow-band UVB.

Datasets from a second microarray platform (Affymetrix HG-U133A, GPL96 in GEO)
is used to test the cross-platform performance of the algorithm as well as for valida-
tion of the deconvolution approach using isolated cell types. The datasets contain
skin samples from psoriasis (study GSE6710) [19], as well as several isolated cell
types that were used to build the original LM22 signature matrix as published in
[14] (studies E-MEXP-750, GSE22886, GSE4527, GSE5099, GSE7138, and data from
[20, 21]). Furthermore, samples from isolated keratinocytes (studies GSE26688 and
GSE6932) [22], epidermal stem cells, and transit amplifying cells (study GSE4858)
[23] are also included.

For both microarray platforms, raw data (CEL-files) were downloaded and RMA-
normalized with Affymetrix Power Tools as described above.

Table 3.1: Skin biopsy-derived microarray datasets used for deconvolution analysis

Skin disease Accession
number

Samples Location of sample acquisition Reference

GSE13355 180 Lesional samples: trunk or upper/lower limbs.
Healthy and non-lesional samples: buttock or
upper thigh area.

[24]

GSE30999 170 Lesional samples: trunk or upper/lower limbs.
Healthy and non-lesional samples: anatomical
region similar to that of the lesional sample.

[25]

GSE34248 28 Lesional samples: unspecified.
Psoriasis GSE41662 48 Healthy and non-lesional samples: anatomical

region similar to that of the lesional sample.
[26]

GSE78097 33 Lesional samples: trunk, upper/lower limbs,
scalp, and palmoplantar areas.
Healthy and non-lesional samples: anatomical
region similar to that of the lesional sample.

[27]

GSE14905 82 Lesional samples: trunk or upper/lower limbs.
Healthy and non-lesional samples: anatomical
region similar to that of the lesional sample.

[28]

GSE27887 35 [18]
Atopic dermatitis GSE32924 33 Lesional samples: dependent on the location

of the lesion.
Healthy and non-lesional samples: anatomical
region similar to that of the lesional sample.

[1]

GSE36842 39 [29]
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3.2.3 Validation of the approach

Four different ways of assessing the performance of DerM22 in deconvoluting skin
samples are used, namely (i) comparison of cell fractions to experimental results
from flow cytometry analysis reported in the literature, (ii) comparison of ratios
of two cell counts between two phenotypic conditions to literature reports from
immunohistochemistry analysis, (iii) cross-platform analysis of isolated cell types
from independent datasets, and (iv) comparison of deconvolution of datasets from
multiple original studies to test the reproducibility of results.

3.2.4 Flow cytometry data

A manual literature review was performed to identify quantitative reports about the
cellular composition of the human skin. A total of 5 original studies that report cell
type-specific cell counts in human skin were selected. Information about the cell
type, disease state, number of individuals, and the marker used for cell counting
was extracted along with the mean and standard error (where available) of reported
counts (Supplemental Table 3.2).

3.2.5 Immunohistochemistry ratios

Three of the studies included in this deconvolution analysis [1, 18, 29] also re-
ported immunohistochemistry-based cell counts of myeloid dendritic cells (mDCs),
macrophages, or CD8+ T-cells (Figure 3.1B). However, these counts are usually re-
ported as cell count per area of skin tissue and are difficult to convert into fractional
cell counts, i.e. number of cells of the respective cell type per total number of cells.
Therefore, ratios were calculated of cell counts between lesional and non-lesional
skin samples or between skin samples from before and after UV-treatment and used
those for comparison of the CIBERSORT based estimates to the immunohistochem-
istry values.

3.2.6 Cross-platform comparison

The independent cross-platform validation of the skin deconvolution using DerM22
was performed based on the Affymetrix HG-U133A dataset. Probe matching was
performed via the biomaRt R package. Subsequently, the percentages of all 22
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cell types from the DerM22 signature matrix were calculated and compared to the
known isolated cell type of the respective samples (Figure 3.1C).

3.2.7 Inter-study variability

For an evaluation of the reproducibility of skin cell composition estimates, the
means and standard deviations of the nine original studies were compared per cell
type (Figure 3.1D and Supplemental Figure 3.5).

3.2.8 Statistics

Non-parametric (Wilcoxon) tests were used to account for the skewed distributions
of relative cell type composition and the limited range of possible values between
0 and 1. For comparisons with repeated measures within the same person (i.e. le-
sional vs. non-lesional or before vs. after treatment), the Wilcoxon signed rank test
was used. Non-paired comparisons (diseased versus healthy, mild versus severe
psoriasis) were performed using the Wilcoxon rank sum test. Tests are considered
significant for p-values smaller than 0.05 (unadjusted or Benjamini-Hochberg ad-
justed, as indicated in the text). All reported p-values are without correction for
multiple testing, if not stated otherwise.

3.3 Results

3.3.1 Verification of skin-specific signature matrix

To assess the performance of DerM22, the deconvolution results were compared
to experimental observations reported in the literature from flow cytometry stud-
ies (Supplemental Table 3.2) of healthy skin and lesional skin of psoriasis (Figure
3.1A). For this comparison, the relative fraction of keratinocytes and immune infil-
trates was derived from eight independent datasets (studies GSE13355, GSE14905,
GSE30999, GSE34248, GSE41662, GSE78097, GSE32924, GSE36842) [1, 24–29]. The
relative abundance derived from the deconvolution analysis was in agreement with
the results of the flow cytometry studies focused on healthy and lesional psoriasis
total immune infiltrates [30–32], and healthy plasmacytoid dendritic cells (pDCs)
[33] (Figure 3.1A). The predicted relative abundance of keratinocytes was underesti-
mated for healthy skin and overestimated for lesional psoriasis skin compared to
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Keratin 10-positive cells [30–32]. However, Keratin 10 is a marker of differentiated
keratinocytes only and does not account for those with the ability to proliferate [30],
i.e. epidermal stem cells and transit amplifying cells. Therefore, this discrepancy
suggested that the keratinocytes category in the current approach accounts for
both the differentiated and proliferating keratinocytes. Further, the deconvolution
method predicted a lower amount of B cells and plasmacytoid dendritic cells in
lesional psoriasis that the one observed in the flow cytometry studies [33, 34].

Next, the cross-platform performance of the algorithm was assessed by performing
the deconvolution of lesional psoriasis expression data acquired with Affymetrix
HG-U133A (study GSE6710) [19](Figure 3.1A). In comparison to the same platform-
results, the predicted relative fraction of the cross-platform immune infiltrates, B
cells, and pDCs was overestimated in health and disease. The predicted fractions
for cross-platform keratinocytes were close in agreement with the values from the
same platform-results.

Limited by the absence of literature, the verification with flow cytometry data was
not possible for atopic dermatitis. However, the three studies included in the current
analysis [1, 18, 29] also described immunohistochemistry-based cell counts of mDCs,
macrophages, and CD8+ T-cells (Figure 3.1B). To verify the predicted estimates of
these cell types for atopic dermatitis, the deconvolution-derived relative fractions
were compared to the immunohistochemistry values based on the ratio between
lesional and non-lesional skin samples or between before and after phototherapy
(Figure 3.1B). All data points calculated from the deconvolution estimates were close
in value to the ratios obtained from the immunohistochemistry cell counts. The
immunohistochemistry-based ratio of myeloid dendritic cells was approximate to
3 for all three data points, while the deconvolution-based ratio was around 2. For
the macrophages, both methodologies suggested a greater spread in the ratio of
lesional to non-lesional and phototherapy treated lesional skin. The deconvolution-
based ratios calculated for macrophages and CD8+ T-cells were in close agreement
with the immunohistochemistry-based values. These results suggested that the
amount of CD8+ T-cells and macrophages decreases with treatment. Further, these
observations indicated that the amount of macrophages and dendritic cells is higher
in the lesional skin of patients with atopic dermatitis compared to their non-lesional
skin, regardless of the disease state.
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Figure 3.1: Performance assessment of signature matrix DerM22 for deconvolu-
tion of gene expression data from skin biopsies. A) The accuracy of DerM22 is an-
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alyzed by comparing the deconvolution results (blue) to flow cytometry data (red)
for samples of healthy subjects (triangle), and the lesional skin of psoriasis patients
(square). For the flow cytometry data, the standard error is shown for immune in-
filtrates and keratinocytes, and the standard deviation (black lines) is depicted for
B cells. For psoriasis pDCs, the range of the flow cytometry value is depicted by the
dashed line. Also, the cross-platform bias is explored by the comparison of the de-
convolution results (blue) from microarray data acquired in the same platform as
DerM22, i.e. Affymetrix HG-U133 Plus 2.0, to data obtained using a different platform
(green), i.e. Affymetrix HG-U133A. B) The performance of DerM22 is also compared to
immunohistochemistry results from three different studies, i.e. GSE36842 (yellow),
GSE27887 (black), GSE32924 (white), for which expression data is also available.
This is done by deriving the ratio of myeloid dendritic cells (CD11c), macrophages
(CD206), and CD8+ T-cells in lesional to non-lesional skin, or in treated to untreated
lesional skin of atopic dermatitis (AD). C) The cross-platform bias is further analyzed
by deconvolving expression data from 25 different isolated cell types acquired with
Affymetrix HG-U133A. The estimated fractions of each cell type are presented in a
heatmap, ranging from 0 % (black) to 100 % (bright blue). D-F) The consistency of
the mean results (± standard deviation) across independent datasets of skin in health
and disease is examined for CD4+ T-cells, plasmacytoid dendritic cells (pDCs), and
keratinocytes.

Based on the observations from the cross-platform deconvolution results, it was
evaluated whether expression data of isolated cell types from a different platform (i.e.
Affymetrix platform HG-U133A) would be adequately assigned to the right cellular
subset using DerM22. Thus, data was deconvolved from the 22 isolated leukocyte
subsets included in the signature matrix LM22 developed by Newman et al. [14] and
expression data from keratinocytes [22], epidermal stem cells and transit amplifying
cells [35] (Figure 3.1C). LM22 comprised data on eleven major leukocyte types,
i.e. B cells, dendritic cells, eosinophils, monocytes and macrophages, mast cells,
polymorphonuclear cells, natural killer cells (NK), plasma cells, CD4+ T-cells, CD8+

T-cells, and γδ T-cells. As expected, data of isolated cell types included in DerM22
was accurately categorized, including subsets and activation states of these cell
types, despite the cross-platform differences. Further, the data on isolated epidermal
subsets, i.e. epidermal stem cells, transit amplifying cells, and keratinocytes were all
categorized as keratinocytes. This result confirmed that the keratinocytes category
in the deconvolution method here presented accounts for both proliferating and
differentiated keratinocytes. The expression data from the epidermal stem cells
and transit amplifying cells was also classified as adipocytes, suggesting that these
epidermal subsets may share some similarities regarding expression signatures with
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adipocytes.

Expression data is prone to significant variations depending on the site or method
of acquisition [6]. Thus, the consistency of the mean deconvolution results was
assessed for each cell type comprised in DerM22 across nine independent public
datasets (Table 3.1). The panels D to F of Figure 3.1 depict the relative fraction
of keratinocytes, plasmacytoid dendritic cells, and CD4+ T-cells inferred from the
samples of healthy skin and non-lesional and lesional skin of patients with psoriasis
and atopic dermatitis in each independent study. The results for the rest of the
cellular subsets in DerM22 are presented in the Supplemental Figure 3.5. The
standard deviation was calculated for each mean relative fraction. The estimated
abundance of cellular subsets of atopic dermatitis and healthy skin were close in
value for all datasets. In the psoriasis datasets, a wider spread was observed despite
the similarity in the protocol and target group.

3.3.2 Deconvolution of skin layer-specific expression
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After the verification, the signature matrix DerM22 was used to analyze mRNA
expression data extracted from the epidermal and dermal skin layers, as well as
the basal and suprabasal epidermal sublayers (Figure 3.2). The deconvolution of
layer-specific expression data estimated the relative abundance of keratinocytes,
fibroblasts, endothelial cells, adipose stem cells, adipocytes, and leukocytes in the
skin layers. These results suggested that keratinocytes account for 79 % of the cells
in the epidermis. The fraction of immune cells in the epidermis was predicted to be
close to 9 %. The main immune cells estimated for the epidermis were CD4+ T-cells,
macrophages, neutrophils, dendritic cells, and natural killer cells. Unexpectedly,
the missing 12 % of the cell types estimated for the epidermis corresponded to
adipocytes (10 %) and adipose stem cells (2 %), which were observed in both the
basal and suprabasal epidermal sublayers. The presence of adipocytes and adipose
stem cells was also predicted for the dermis (23 % and 42 %, respectively). Other
cell types allocated to the dermis were the fibroblasts (7 %), endothelial cells (2%),
myeloid dendritic cells (4 %), and CD4+ T-cells (4 %). These layer-specific profiles of
healthy skin provide a general overview of the proportion in which each cell type is
expected to be observed in the epidermis and dermis.

3.3.3 Estimation of cell type relative abundance profiles for healthy skin
and lesional and non-lesional skin in psoriasis and atopic dermati-
tis

Next, it was investigated whether the relative fractions derived from the deconvo-
lution of whole skin- expression data would reflect the structural changes and the
inflammatory hallmark that characterizes the lesions of psoriasis and atopic der-
matitis (Figure 3.3A-B and Supplemental Figures 3.7 and 3.8). Results of healthy skin
biopsies (Figure 3.3A) suggested that 40.9 % of the cells in the samples correspond to
keratinocytes, while 29.4 % was allocated to adipose stem cells, 16.9 % to adipocytes,
6.8 % to leukocytes, and 6 % to other cell types. Note that in contrast with the ex-
pression data used to compute the layer-specific composition of the skin described
in Figure 3.2, the data from the skin samples considered in this section comprises
information from all the skin layers at once. Compared to healthy skin, these results
showed a marked and significant increase in the abundance of keratinocytes (+21.9
percentage points (pp)) and immune cells (+3.2 pp), and a decrease in adipose stem
cells (-13.3 pp) and adipocytes (-9.6 pp) in the psoriasis lesions (Figure 3.3A). The
immune cells that dominated this increase were monocytes (+1.41 pp), CD4+ and
CD8+ T-cells (+0.73 pp and +0.24 pp, respectively), and dendritic cells (+1.06 pp) (Fig-
ure 3.3B). In the lesional skin of atopic dermatitis, a 2.5 percentage points increase
was observed on average in the fraction of keratinocytes and 3.4 percentage points
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in the relative abundance of adipocytes compared to healthy skin (Figure 3.3A).
However, statistical significance could not be established for these comparisons.
Similar to the lesions of psoriasis, the lesional skin of atopic dermatitis showed on
average an increase in the percentage of immune cells (+0.9 pp) and a decrease in
the relative abundance of adipose stem cells (- 6.5 pp) compared to healthy skin
(not statistically significant). However, the predicted abundance of immune cells
was on average higher in the lesional skin of psoriasis compared to atopic dermatitis.
Adipocytes were predicted to be lower in lesional skin compared to non-lesional
skin, with the lowest fractions estimated for lesions of psoriasis.
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Figure 3.3: Deconvolution of skin biopsies from healthy subjects and patients
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with psoriasis and atopic dermatitis. A) Comparison of the average cellular abun-
dance derived from gene expression data of 648 biopsy samples from the skin of
healthy subjects and patients with atopic dermatitis (AD) and psoriasis (PS). The
samples from psoriasis and atopic dermatitis account for lesional (Les.) and non-
lesional (Non-Les.) skin. The average cellular abundance is combined into five
groups, i.e., immune cells (turquoise), stem cells (brown), keratinocytes (light brown),
adipocytes (light yellow), and others (white). B) Detailed description of average values
in the fractions of immune infiltrates across healthy and disease skin phenotypes. C-
D) Comparison of the estimated cell-type specific fractions for mild (x-axis) and severe
(y-axis) cases of psoriasis and atopic dermatitis. The diagonal in each plot indicates
the point at which the estimated fraction for a given cell type for the mild case would
be equal to the one of the severe cases. The deviation from the diagonal indicates the
difference between mild and severe cases of psoriasis and atopic dermatitis. Cell types
with an uncorrected p-value lower than 0.05 are indicated with an asterisk.

In addition to the general profiling of the changes in cellular subsets related to the
lesional and non-lesional skin of psoriasis and atopic dermatitis, the changes in cell
type composition that may distinguish severe from mild cases of these dermatologi-
cal disorders were explored. The mean abundance of each cellular subset is plotted
for mild and severe cases of psoriasis (Figure 3.3C) and atopic dermatitis (Figure
3.3D). Severe cases of psoriasis showed a statistically significant (p-value < 0.05)
increase in the abundance of adipose stem cells and monocytes compared to mild
cases. The results suggested that the increase in the abundance of keratinocytes is
minor and not statistically significant in lesional skin of severe psoriasis compared
to mild cases. Further, a statistically significant (p-value < 0.05) decrease in the
relative fraction of adipocytes, macrophages, CD4+ T-cells, mDCs, and fibroblasts
was observed for severe psoriasis. In severe cases of atopic dermatitis, only adipose
stem cells showed a statistically significant (p-value < 0.05) decrease in their relative
fraction.
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Figure 3.4: Changes in cellular composition due to narrow-band UVB photother-
apy. Comparison of the abundance of CD4+ T-cells (A), endothelial cells (B),
eosinophils (C), erythroblasts (D), mesenchymal stromal cells (E), and myeloid den-
dritic cells (F) in the lesional and non-lesional skin of atopic dermatitis patients before
and after narrow-band UVB phototherapy. The y-axis of each panel corresponds to
the difference in cell fraction before vs. after treatment. The p-values of each compari-
son are presented above each beanplot. Expression data from dataset GSE27887 [18]
was used for this analysis.

An important application of deconvolution methodologies in the field of derma-
tology is the tracing of treatment progress. Here, the signature matrix was used to
deconvolve expression data from atopic dermatitis samples of dataset GSE27887
[18] before and after narrow-band UVB treatment (Figure 3.4). Figure 3.4 depicts the
fold change in the relative fraction of CD4+ T-cells, endothelial cells, eosinophils,
erythroblasts, mesenchymal stromal cells, and myeloid dendritic cells in the lesional
and non-lesional skin before and after treatment. The results on the other cellu-
lar subsets considered in this analysis are described in the Supplemental Figure
3.6. These results suggested that narrow-band UVB phototherapy induces stronger
changes in the cellular composition of lesional skin than in non-lesional skin. In
the lesional skin, the relative fraction of myeloid dendritic cells, erythroblasts, and
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CD4+ T-cells were reduced due to the treatment, while the abundance of endothelial
cells and mesenchymal stromal cells increased (without correction for multiple
testing). Non-lesional skin irradiated with narrow-band UVB did not result in any
significant changes except for an increase in endothelial cells compared to before
phototherapy.

3.4 Discussion and conclusion

To simplify the interpretation of skin transcriptomics data and enable the study
of cellular composition, previous investigations have identified mRNA expression
signatures of skin-specific cell types, structures, and processes [5][6]. However
useful, these resources do not allow for the quantitative analysis of the numerical
variations of multiple cell types in a skin sample. In this study, DerM22 was designed,
a signature matrix that includes the mRNA expression signatures of skin-specific
and immune cell types. This signature matrix was used to quantify changes in
the cellular abundance of the skin in health and chronic inflammatory dermato-
logical disorders. It is shown that the characteristic inflammatory hallmark and
structural changes associated with the lesional skin of these diseases are reflected
in the relative fractions derived from the deconvolution of whole skin- expression
data from 648 samples. A marked increase is observed in the relative abundance
of keratinocytes and leukocytes in the lesions of Psoriasis. Further, the results de-
scribed in this chapter suggest the presence of adipose tissue cells within the skin
layers. Interestingly, the relative fraction of these cells varies among subjects and
between phenotypes.

Human skin comprises a complex mix of cell types, the abundance of which is
altered in psoriasis and atopic dermatitis [36, 37]. Psoriasis is characterized by
the hyperproliferation and disturbed differentiation of keratinocytes, which results
in the thickening of the epidermis [38]. This trait is due to the increased levels
of IL-17, which induce an inflammatory response that drives the development
of the psoriasis lesions and the recruitment of dendritic cells, macrophages, and
T-cells into the skin [23, 39, 40]. IL-17A also affects a variety of cellular subsets
[41], including endothelial cells [42], chondrocytes [43], and monocytes [44]. In
agreement with this, a significant increase is observed in the relative abundance of
keratinocytes, T-cells, monocytes, plasmacytoid dendritic cells, and to a lesser extent
macrophages in the lesional skin of psoriasis compared to the non-lesional skin
(Figure 3.3A-B). Lesions of atopic dermatitis contain a large number of resident and
infiltrated immune cells, e.g. dendritic cells, eosinophils, and T-cells [45]. The results
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from Figure 3.3B indicated that the relative fraction of these cell types increases
considerably in the lesional skin of atopic dermatitis, compared to the non-lesional
and healthy skin.

One intriguing finding in the results of this chapter is the abundance of adipose
stem cells and adipocytes predicted for the skin in health and disease. Figure 3.2
shows a low but present fraction of adipose stem cells in the epidermal layer and
sublayers. Chavez-Munoz et al. [46] described the trans-differentiation of adipose
stem cells into keratinocytes, which could potentially explain the observed fraction
of adipose stem cells in the epidermal layer. The deconvolution of data from isolated
cell types (Figure 3.1C) indicated that there is a minor overlap in the expression of
keratinocytes and adipose stem cells. The role of adipose stem cells in the skin has
not been fully elucidated yet. However, it has been suggested that adipose stem cells
may contribute to the maintenance of a healthy epidermis and dermis [47]. The
inferred tissue composition derived from the expression data of whole-skin biopsies
(Figure 3.3A) also suggested the presence of adipose stem cells in the skin. It has
been shown that mesenchymal stem cells are involved in the immunomodulation of
lymphocytes in the skin [48]. They can inhibit the proliferation and differentiation
of these immune cells through the induction of cell cycle arrest, cell-to-cell contact,
secretion of soluble mediators, and the regulation of dendritic cells and monocytes
[48]. Psoriasis and atopic dermatitis involve impaired immunoregulation [49], which
could be related to the lower amount of adipose stem cells in both diseases with
respect to the healthy skin.

Adipocytes were predicted to exist in the epidermal and dermal layers of the skin,
with a higher relative fraction in the dermis compared to the epidermis. The pres-
ence of adipocytes in the dermis has been described in the literature [50, 51], but it
does not entirely explain the predicted abundance. Adipocytes were also observed
in the results from the whole-skin biopsies deconvolution (Figure 3.3A), particularly
in the non-lesional skin of atopic dermatitis. In the lesional skin of psoriasis, the
estimated abundance of adipocytes was the lowest in comparison to non-lesional
psoriasis, atopic dermatitis, and healthy skin. Two factors that may contribute to
these trends are proposed. (i) In skin diseases, the increased contribution of ker-
atinocytes and immune cells would decrease the fractions of adipose stem cells and
adipocytes accordingly. (ii) The punch biopsies from which the expression data
was derived may have had a varying depth depending on the location of sample
acquisition, and the state and severity of the disease. This would result in samples
with varying content of adipose tissue. Further studies are needed to discriminate
between these possibilities and investigate the role of adipose cell types in chronic
inflammatory dermatological disorders.
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The deconvolution analysis described in this chapter yields consistent results across
independent skin expression datasets (Figure 3.1C) and shows a good performance
when compared to immunohistochemistry cell counts (Figure 3.1B) and flow cy-
tometry data from immune infiltrates (Figure 3.1A). Nevertheless, it has three funda-
mental limitations. (i) The first limitation is the fidelity of the reference profiles. This
issue was addressed by using a wide range of samples for each cell type. However, it
remains a significant constraint, mainly due to the known expression changes in the
disease state [5]. Recently, Shih et al. [6] defined 20 gene signatures identified solely
from skin-derived expression data. Their set of gene signatures included smooth
muscle, adipocytes, fibroblasts, keratinocytes, T-cells, and macrophages/DC. These
cell types are also included in DerM22, but in contrast with them, here other leuko-
cyte subsets were included and the abundance of each cell type included in DerM22
was quantified. (ii) The second constraint is the inclusion of adipose stem cells and
adipocytes, their high contribution to the cell types in the skin biopsy samples could
mask the changes in the abundance of keratinocytes and immune cells. (iii) The
third and final limitation is the accurate deconvolution of cross-platform data [14].
This issue was assessed by comparing the results achieved for expression data on the
same platform as DerM22 with data of a different platform (Figure 3.1A-B). It was
evident that the deconvolution of cross-platform data led to similar relative fractions
(Figure 3.1A) and that isolated cell types data were adequately identified (Figure
3.1B). Thus, showing that the method described in this chapter yields reliable results
despite the cross-platform bias.

The signature matrix defined here enables the direct enumeration of the different
cell-types in whole-skin and skin layer-specific composition based on mRNA expres-
sion data. By analyzing mRNA expression data of 648 subjects, the characteristic
pathological changes of the increased number of keratinocytes and infiltration of
immune cells associated with psoriasis and atopic dermatitis were observed and
quantified. Overall, it is shown that deconvolution-based methodologies can be
used to interpret transcriptomic data from whole skin samples and provide insight
into the pathological changes associated with skin diseases and their treatment.
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3.6 Appendix

Table 3.2: Flow cytometry data considered in this study
Healthy Psoriasis lesional

Class Flow cytometry (%) Reference Flow cytometry (%) Reference
B cells (CD19+) 4.3±1.1 [34]
pDCs (BDCA-2+
CD123++)

0.03 [33] 9 [33]

57.8±3.4 [32] 44.3±4.4
41.0±5.3 [30]

keratinocytes (Ker
10+)

35.7±3.3

37.9±4.2
35.2±3 [31]
37.7±3.7

7.2±.6 [32] 10.9±2.2
10.8±2 [30]

infiltrates
(Vimetin+)

14.4±1.8

15.5±2.8
15.1±2.4 [31]
16.2±2.5
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Figure 3.5: Variation in the relative abundance of skin related cell types across
independent datasets. The relative fraction of 16 different cell types in the skin
was derived from nine independent datasets. These datasets comprised samples of
healthy skin and skin from patients with atopic dermatitis (AD) and psoriasis (PS).
The disease samples accounted for the lesional (L) and non-lesional (NL) skin. The
standard deviation is derived for each data point in the panels of this figure.
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Figure 3.6: Changes in cellular composition due to UVB phototherapy.
Deconvolution-based analysis of the relative change in the abundance of various cell
types in the lesional and non-lesional skin of patients with atopic dermatitis induced
by treatment. Expression data from dataset GSE27887 was used for this analysis. The
p-value of each comparison is presented above each beanplot.
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Figure 3.7: Patient-specific profiles of skin composition in the lesional and non-
lesional phenotypes of psoriasis. The heatmaps depict the logarithm of the relative
abundance of 22 cell types in the non-lesional (A) and lesional (B) skin of psoriasis
patients.
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Figure 3.8: Patient-specific profiles of skin composition in the lesional and non-
lesional phenotypes of atopic dermatitis. The heatmaps depict the logarithm of the
relative abundance of 22 cell types in the non-lesional (A) and lesional (B) skin of
psoriasis patients.
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Developing the model for
prediction of psoriasis
management by blue light
irradiation
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Abstract

Here, the development of a mechanistic model of cellular epidermal dynamics
is described. This model is used to analyze whether the temporary decrease of
keratinocytes hyperproliferation can explain the outcome of phototherapy with blue
light. The results suggest that the decrease in the keratinocytes proliferative capacity
is sufficient to induce a transient decrease in the severity of psoriasis. The model is
also used to study the impact of the therapeutic regime on the efficacy of psoriasis
treatment, simulations were performed for different combinations of the treatment
parameters, i.e. length of treatment, fluence, and intensity. These simulations
indicate that high efficacy is achieved by regimes with long duration and high fluence
levels, regardless of the chosen intensity. This modeling approach constitutes a
framework for testing diverse hypotheses on the underlying mechanism of blue
light-based phototherapy, and for designing effective strategies for the treatment of
psoriasis.



Dynamic model of blue light treatment

4.1 Introduction

The effects of blue light on keratinocytes [1] and immune cells [1, 2] may explain
the reduced inflammation and diminished epidermal thickness of lesional psoriatic
skin after the treatment [3, 4]. Nevertheless, the underlying mechanism of this ther-
apeutic approach is not fully understood. It is not clear how the cellular processes
of proliferation and differentiation are modified in the cells after irradiation with
blue light. Further, it is uncertain whether blue light affects only proliferative cells
or both proliferative and non-proliferative cells. It is hypothesized that BL improves
psoriatic skin by decreasing the proliferative capacity of keratinocytes and depleting
T-cells.

Clinical investigations report consistent but different results [3–6], i.e. a large, little,
or no therapeutic effect. The discrepancies in the reported outcome may be due to
differences in the main treatment parameters, i.e. length of treatment (days), fluence
(Jcm−2), and power density (mWcm−2) also denoted as intensity. Additionally, a BL
treatment session may occur one or more times per week for a certain number of
weeks [4, 5]. Despite all the potential combinations of treatment parameters and
their impact on the effectiveness of the treatment, no systematic analysis has been
performed yet and no clear guidelines have been defined in the literature for BL
treatment of psoriasis. The current treatments for psoriasis include phototherapy
with ultraviolet light [7]. UV phototherapy is effective but only indicated for severely
affected patients due to the risk of skin cancer [8] caused by DNA damage. In
contrast with UV, blue light is not toxic to skin cells in a wide fluence range [1, 9].
The non-toxicity and beneficial effects of blue light make it an attractive alternative
to UV phototherapy, which emphasizes the need for establishing clear treatment
recommendations that lead to an effective therapeutic regime using blue light.

Computational models have previously been used to predict cellular behaviors [10,
11] and the effect of ultraviolet irradiation on the skin [12, 13]. Here, the blue light
treatment of psoriasis is studied using an in silico methodology. The model is first
used to explore whether a temporary decrease of keratinocyte hyperproliferation
can explain the outcome of phototherapy with blue light. The model accurately
described the response to blue light therapy. The simulations suggested that the
observed decrease in the proliferation rate of keratinocytes is sufficient to reduce the
epidermal thickness and severity of psoriasis. However, it was not sufficient to allow
psoriatic epidermis to completely remodel back to a healthy phenotype, regardless
of the treatment scheme. Then, the effect of the length of treatment, fluence and
intensity on the management of this inflammatory skin condition are analyzed.
The model predicted that higher efficacy is achieved by treatment schemes with a
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duration equal to or higher than twelve weeks and a fluence between 90 - 500 Jcm−2.

4.2 Materials and methods

To describe the management of psoriasis by blue light, a computational model
for BL irradiation of psoriatic skin (BLISS) was implemented (Figure 4.1). This
model is defined by a set of twelve ordinary differential equations (ODEs) describing
the time evolution of keratinocytes as they move vertically through the layers of
the epidermis while blue light is irradiated on them. BLISS was developed based
on the phenomenological observations of decreased proliferation and increased
differentiation of keratinocytes due to blue light, particularly at a wavelength of 453
nm. In this section, the general structure of the model, its implementation, and
analysis are described.

4.2.1 Computational model

In contrast with UV, BL does not lead to cell death below fluences of 500 Jcm−2 [9].
Instead, it affects the proliferation and differentiation of the keratinocytes, which are
key processes in the model proposed here. The general structure and assumptions
considered in this model regarding the kinetics of keratinocytes in psoriasis are
based on the work of Zhang et al. [13] for UV phototherapy of psoriasis. The main
difference compared to their model is the implementation of the BL underlying
mechanism by which the kinetics of the keratinocytes are affected.

In the model (Figure 4.1), psoriasis is represented as a bi-stable system in which the
keratinocytes show either a healthy or diseased phenotype. It is assumed that both
populations coexist and interact within the epidermis. The set of ODEs describing
the interactions between healthy and diseased keratinocytes under the influence of
blue light are presented by equations 4.1- 4.12. This set of equations describes the ki-
netics of keratinocytes at six stages of differentiation in both their healthy (equations
4.1-4.6) and diseased (equations 4.7-4.12) state, i.e. stem cells (Psch,d ), transit am-
plifying cells (Pt ah,d ), growth arrested cells (Pg ah,d ), spinous cells (Psph,d ), granular
cells (Pg ch,d ), and corneocytes (Pcch,d ). The stem cells and transit amplifying cells
form the proliferative compartment of the epidermis, and the corneocytes are the
end point of the differentiation process. The ODEs account for the cellular processes
of proliferation (γh,d ), differentiation (kh,d ), apoptosis (βh,d ), and desquamation
(αh,d ). The cells in the proliferative compartment may divide in one of three modes,
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Dynamic model of blue light treatment

i.e. produce two daughter cells equal to the progenitor (self-proliferation (γh,d ), gen-
erate two daughter cells where one corresponds to the next stage of differentiation
(asymmetric division (kah,d )), or induce two daughter cells where both correspond
to the next stage of differentiation (symmetric division (ksh,d )). The description of
each parameter considered in these equations is presented in Supplemental Table
4.4. These parameters were derived from one of three sources, i.e. the literature,
calculated from other model parameters as specified in Supplemental Table 4.4, or
estimated by fitting the model to experimental data of Liebmann et al. [1].
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Figure 4.1: Schematic description of the mechanistic model for blue light treat-
ment of psoriasis. (A) The model considers the four sub-layers of the epidermis, the
six stages of differentiation for keratinocytes across the sub-layers in their healthy (h)
and diseased (d) forms. (B) BLISS accounts for the cellular processes of proliferation
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(γ), differentiation (k), apoptosis (β) and desquamation (α).

dPsch

d t
=

[
γ1hθBLγ

(
1− Psch + Pscd

λ

P max
sc

)
−k1shθBLk −β1h

]
Psch +k−1hPt ah (4.1)

dPt ah

d t
= (

γ2hθBLγ−k2shθBLk −β2h −k−1h
)

Pt ah−(k1ah +2k1sh)θBLk Psch+k−2hPg ah

(4.2)

dPg ah

d t
= (k2ah +k2sh)θBLk Pt ah − (

k−2h +k3hθBLk +β3h
)

Pg ah (4.3)

dPsph

d t
= k3hθBLk Pg ah − (

k4hθBLk +β4h
)

Psph (4.4)

dPg ch

d t
= k4hθBLk Psph − (

k5hθBLk +β5h
)

Pg ch (4.5)

dPcch

d t
= k5hθBLk Pg ch −αhPcch (4.6)

dPscd

d t
=

[
γ1dθBLγ

(
1− Psch +Pscd

λP max
sc

)
−k1sdθBLk −β1d

]
Pscd − Kp P 2

scd

K 2
a +P 2

scd

+k−1d Pt ad

(4.7)

dPt ad

d t
= (

γ2dθBLγ−k2sdθBLk −β2d −k−1d
)

Pt ad−(k1ad +2k1sd )θBLk Pscd+k−2d Pg ad

(4.8)

dPg ad

d t
= (k2ad +k2sd )θBLk Pt ad − (

k−2d +k3dθBLk +β3d
)

Pg ad (4.9)

dPspd

d t
= k3dθBLk Pg ad − (

k4hθBLk +β4d
)

Pspd (4.10)

Pg cd

d t
= 0 (4.11)

dPccd

d t
= k5dθBLk Pg cd −αd Pccd (4.12)

Where
γ1h

γ1,hom
= k1ah

k1a,hom
= k1sh

k1sh,hom
= ω

1+ (ω−1)

(
Pt ah +Pt ad

Pt a,hom

)n (4.13)
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In psoriasis, the increased number of keratinocytes is the result of a hyper - prolif-
erative population of basal cells and sustained activation of the immune system.
In the model, the hyper-proliferative population is represented by the diseased
stem cells and transit amplifying cells proliferating at a rate γd , which is faster than
the proliferative rate of their healthy counterparts. It is assumed that there are a
maximum number of stem cells Pscmax available in the epidermis, which limits the
numbers of healthy and diseased stem cells Psch,d . The diseased stem cells have a
larger growth capacity defined by fold increase λ. The sustained activation of the im-
mune system is considered through the removal of diseased stem cells in equation
4.7. The sustained immune system response is regulated by the density of diseased
stem cells and defined by the maximum killing rate Kp and the half-activation of
the immune system Ka due to psoriatic stem cells. The immune response is ample
when the cell density of diseased cells exceeds the threshold defined by Ka .

In equation 4.13, γ1,hom , k1a,hom , k1s,hom are the homeostatic rate constants for
each division process, and Pt a,hom is the homeostatic density of transit amplifying
cells [13]. The density of the total transit amplifying cells population is the sum of
the healthy and diseased groups of transit amplifying cells. The maximum increase
in the growth fraction and decrease in the cell cycle time of fast-proliferating stem
cells is indicated by ω. n represents the steepness of the stem cells proliferation rate
regulated by the transit amplifying cells population. When the number of healthy
transit amplifying cells is low, the proliferation and division rates of the healthy
stem cells increase. Alternatively, the healthy stem cell parameter rates are at their
minimum values when the population of healthy transit amplifying cells equals its
homeostatic population. It is assumed that psoriatic stem cells are not regulated by
the population of transit amplifying cells. Thus, they proliferate with rates ρsc fold
higher than the healthy stem cells rate constants in homeostasis. The proliferation
and differentiation rates of diseased transit amplifying cells (γ2d , k2sd and k2ad ) are
ρt a fold changes higher than the rates of healthy transit amplifying cells. Similarly
the diseased cells in the non-proliferative compartment, i.e. Pg ad and Pspd , differ-
entiate ρtr times faster than their healthy counterparts. The desquamation (αd )
of psoriatic corneocytes is affected by ρde . Note that equation 4.11 equals to zero,
given that granular cells are lost in psoriasis due to abnormal differentiation.

Irradiation with blue light exponentially decreases the proliferation rate of all healthy
and diseased proliferative keratinocytes by a fluence-dependent factor θBLγ with a
value between 0 and 1 (equation 4.14).

θBLγ = aγe
(
bγF

)
with aγ > 0 and bγ < 0 (4.14)
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Based on the experimentally observed behavior of keratinocytes [1], blue light might
also directly affect their differentiation rate by a fluence-dependent factor θBLk with
a value between 0 and 1 (equation 4.15). Parameters related to the decrease of the
proliferation and increase of differentiation rates were initially estimated by fitting
in vitro data from Liebmann et al. [1].

θBLk = ck −ak e(bk F ) with ak ,bk , and ck > 0 (4.15)

Blue light phototherapy is divided into sessions with a particular fluence F, defined
by the product of the irradiation time and the average intensity Iav at which the skin
is exposed to the light. The treatment sessions can occur one time per day on a daily
or spread out basis. In the model, each day of treatment affects the proliferation of
the keratinocytes, based on a fluence greater than zero. In days where no treatment
is provided, the fluence is set to zero and the blue light factors θBLγ and θBLk are
equal to 1.

The apoptosis rates of the healthy keratinocytes βh (equation 4.16) are determined
by the differentiation rate of each population (k1sh , k2sh , k3h , k4h , k5h) and the
probability of a cell undergoing apoptosis (apoptotic index AIh). The apoptotic
index is a common measurement for quantifying the extent of apoptosis for a given
cell population. It is defined as the ratio of apoptosis rate to the total outflux. At
fluences higher than 500 Jcm−2 BL increases the apoptosis of keratinocytes by a
factor θBLβ. Thus accounting for the cytotoxicity observed only at high fluences of
blue light [9]. Below 500 Jcm−2, θBLβ has a value of 0, for F between 500 Jcm−2 and
750 Jcm−2 its value is 0.039, and 0.05 above 750 Jcm−2.

βh = AIhk j

1− AIh
+θBLβ j ∈ {1sh ,2sh ,3h ,4h ,5h} (4.16)

The diseased keratinocytes have an apoptosis rate defined by the apoptotic index of
psoriatic cells AId, the differentiation rate of each population (k1sd , k2sd , k3d , k4d ,
k5d ) and θBLβ (Equation 4.17).

βd = AId k j

1− AId
+θBLβ j ∈ {1sd ,2sd ,3d ,4d ,5d } (4.17)

The skin has specific wavelength-dependent optical properties that must be con-
sidered in the model, i.e. refractive index, absorption coefficient, scattering coef-
ficient, and anisotropy factor [14]. These properties vary per skin layer and skin
type [15]. BLISS accounts for a low perfused type 1-3 skin with an epidermal energy
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absorbance level of 57.9 %. This value was computed using an unpublished five-
layered optical model developed in LightTools (Synopsis). The energy absorbance
value defines the amount of BL energy that is absorbed by the epidermis. Skin types
4-6 have a higher energy absorbance, however, are not considered in the model.

4.2.2 Model implementation and analysis

The model was implemented in Matlab (The Mathworks Inc.). The ODE system
was solved with ODE-solver ode15s, which is a multistep variable order solver based
on the numerical differentiation formulas. The inputs of the model were the BL
irradiation parameters (Table 4.1) and the initial cell density of the 12 keratinocyte
populations (Table 4.2) representing a psoriatic epidermis [13, 16]. The total ker-
atinocytes cell density in the simulated epidermis at t=0 was of 217,556 cells per
mm2, which is two times higher than that of healthy skin (∼100,000 cells per mm2)
[17]. BLISS is available on GitHub and the BioModels Database [18] with identifier
MODEL1701090001.

Table 4.1: Blue light irradiation parameters
Parameter Value
Fluence 90 Jcm−2

Irradiation
mode

Continuous or pulsed

Irradiation time 1800 seconds (30 min-
utes)

Duration of
treatment

84 days

Table 4.2: Initial cell density distribution (cells per mm2)
Keratinocytes
population

Healthy Psoriatic

Corneocytes 185 77633
Granular cells 119 0
Spinous cells 238 79788
Growth arrested
cells

61 20536

Transit amplify-
ing cells

77 32098

Stem cells 362 6459
Total 1042 + 216514 = 217556

A full treatment of blue light was simulated by modifying the proliferation, differenti-
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ation, and apoptotic rates on the day of a BL session during the whole treatment. For
example, if the treatment sessions occurred three times per week for eight weeks, the
rates were only varying on those specific days during the eight weeks of treatment.
During a treatment session, light can be applied in a continuous (CW) or pulsed
(PW) mode. In CW the fluence of blue light, defined as power density I multiplied by
time t, is provided at a constant peak power density Ip , which is equal to the average
power density Iav . In PW, the epidermis is irradiated in short pulses at an Ip higher
than Iav . The model allows for the simulation of both modes based on a given duty
cycle, fluence and treatment time. These inputs are used to compute the Ip and
duration of each peak and define the instants in which the proliferation rates are
decreased during the treatment time.

BLISS calculates the cell densities over time, during and after blue light phototherapy
for each healthy and diseased keratinocyte population. The model’s results can be
directly compared to in vitro data. However, in psoriasis, most clinical data is given
regarding the psoriasis area and severity index (PASI), or its local form, i.e. the local
psoriasis severity index (LPSI) [3–5]. PASI is a quantitative rating score for measuring
the severity of a psoriatic lesion based on the degree of erythema, scaling and
induration per anatomic area, i.e. head, trunk, upper and lower limbs. Each of the
three characteristics is graded on a scale from 0 to 4, giving a maximum score of 12
per area based on the percentage of coverage. The psoriasis area and severity index
is calculated as the sum of the scores derived for each anatomic area. The maximum
PASI is 72, mild psoriasis which is the target of blue light treatment corresponds
to a PASI of 0 to 10. Induration is related to the thickness of the epidermis, and
scaliness is associated with the status of the stratum corneum. Both features are
comprised within the model. Thus, assuming an initial LPSI value and a positive
correlation between thickness and scaliness with the cell density of keratinocytes,
the LPSI is derived from the relative change in the total cell density of keratinocytes
as indicated by equation 4.18. A similar approach has been previously described in
the literature [19, 20].

LPSIi = LPSI0 −LPSI0

(
PToti −PTot0

PTot0

)
where i ≥ 1 (4.18)

Data from the clinical investigation of Pfaff et al. [3] was used to verify the adequate
description of BL treatment of psoriasis by the model.
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4.2.3 Multiple parameter sensitivity analysis

A multiple parameter sensitivity analysis (MPSA) was performed to understand
how the system may be affected by uncertainty in the model’s parameters. An
initial simulation for blue light treatment was executed with the formal model
parameters θr e f presented in Supplemental Table 4.4. From this first simulation, the
reference output response yr e f (k) was computed, where k represents the cell density
of each keratinocyte cell densities derived by the model. 500,000 random parameter
value sets were generated with the lhsdesign MATLAB function. The parameter
sets θ(i) were used as input to the model and simulations were implemented. The
cost function v(i) for the simulation results obtained with each parameter set was
calculated as the sum of squared errors between the perturbed ysi m and reference
output yr e f (equation 4.19).

v(i ) =ΣN
k=1

(
yr e f (k)− ysi m(k,θ(i ))

)2 (4.19)

The parameter sets were then classified as acceptable or unacceptable, and the cu-
mulative frequency functions were computed for the acceptable and unacceptable
values of each parameter. Then, the Kolmogorov-Smirnov statistic was calculated as
the separation between Sa(θ) and Su(θ) (equation 4.20).

D = max |Sa(θ)−Su(θ)| (4.20)

Finally, this value was used to derive the sensitivity of each parameter on the cell
density of all keratinocyte populations at each of the six differentiation states and
the local psoriasis severity index. Additionally, a local sensitivity analysis (LPSA) [21]
was performed for the parameters identified by the MPSA for further understanding
of how small perturbations in these parameters reflect on the output of the model.

4.3 Results

4.3.1 The regulation of keratinocyte proliferation is key in the mecha-
nism of blue light irradiation

First, all the possible in silico representations of the changes induced on the prolifer-
ation and differentiation of the keratinocytes were analyzed. Table 4.3 presents a
summary of all potential cases.
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Table 4.3: Possible cases describing the blue light effects on the cellular processes of
keratinocytes

Case Rate modified Value of blue light factors
θBLγ and θBLk

Population affected

1 Self-proliferation rates γ1 and
γ2 are decreased.

θBLγ < 1 and θBLk = 1 for pro-
liferative cells

2 Asymmetric (k1a and k2a ) and
symmetric (k1s and k2s ) divi-
sion rates of proliferative cells
are increased.

θBLγ = 1 and θBLk > 1 for pro-
liferative cells

3 The self-proliferation rates (γ1
and γ2) are decreased, and the
asymmetric and symmetric di-
vision rates (k1a , k2a , k1s , and
k2s ) are increased.

θBLγ <1 and θBLk > 1 for prolif-
erative cells

4 Asymmetric (k1a and k2a ) divi-
sion rates are increased.

θBLγ =1 and θBLk > 1 (for the
asymmetric division rates of
proliferative cells)

Proliferative cells, i.e. stem
cells and transit amplifying
cells.

5 Symmetric (k1s and k2s ) divi-
sion rates are increased.

θBLγ = 1 and θBLk > 1 (for the
symmetric division rates of pro-
liferative cells)

6 The self-proliferation rates (γ1
and γ2) are decreased and the
asymmetric division rates (k1a
and k2a ) are increased.

θBLγ < 1 and θBLk > 1 (for the
asymmetric division rates of
proliferative cells)

7 The self-proliferation rates (γ1
and γ2) are decreased and the
symmetric division rates (k1s
and k2s ) are increased.

θBLγ < 1 and θBLk > 1 (for the
symmetric division rates of pro-
liferative cells)

8 Differentiation rates (k3, k4,
and k5) of non-proliferative
cells are increased.

θBLγ = 1 and θBLk > 1 (for divi-
sion rates of non-proliferative
cells)

Non-proliferative cells,
i.e. growth arrested cells,
spinous cells, and granular
cells.

9 Differentiation rates (k1a , k1s ,
k2a , k2s , k3, k4, and k5) of all
cells are increased.

θBLγ = 1 and θBLk > 1 (for divi-
sion rates of all cells)

10 The self-proliferation rates (γ1
and γ2) are decreased, and
the differentiation rates (k3, k4,
and k5) of non-proliferative
cells are increased.

θBLγ < 1 and θBLk > 1 (for divi-
sion rates of non-proliferative
cells)

Proliferative cells, i.e. stem
cells and transit amplify-
ing cells. Non-proliferative
cells, i.e. growth arrested
cells, spinous cells, and
granular cells.

11 The asymmetric division and
differentiation rates (k1a , k2a ,
k3, k4, and k5) are increased.

θBLγ = 1 and θBLk > 1 (for the
asymmetric division rates of
proliferative cells and the divi-
sion rates of non-proliferative
cells)
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Case Rate modified Value of blue light factors
θBLγ and θBLk

Population affected

12 The symmetric division and dif-
ferentiation rates (k1s , k2s , k3,
k4, and k5) are increased.

θBLγ = 1 and θBLk > 1 (for the
symmetric division rates of pro-
liferative cells and the division
rates of non-proliferative cells)

13 The self-proliferation rates (γ1
and γ2) are decreased, and
the division and differentiation
rates (k1a , k1s , k2a , k2s , k3, k4,
and k5) are increased.

θBLγ > 1 and θBLk > 1 (for divi-
sion rates of all cells)

The general set of ordinary differential equations used in this analysis is presented
by equations 4.1-4.17. Note that for cases where only θBγ is considered, θBLk is equal
to 1. Similarly when only θBLk is considered, θBLγ equals 1. For cases where only
the stem cells and transit amplifying cells are affected, θBLk for the differentiation
rates of growth arrested, spinous, and granular cells equals 1. For each case, the
time evolution of proliferation and differentiation parameters, the net proliferative
and differentiation capacity of the keratinocytes, and the regulatory capacity of the
immune system is computed (Figure 4.2). From this analysis, it is clear that shifting
only parameters related to the symmetric and asymmetric division of proliferative
keratinocytes does not yield a decrease on the proliferative compartment (Figure
4.2B, 4.2D, and 4.2E). Further, changing the division parameters causes a marked
increase in the differentiation rates (Figure 4.2B-D, 4.2F, and 4.2H-M), which is re-
flected in an increased cell density of the transit amplifying cells in the proliferative
compartment and all cells in the non-proliferative compartment. Modifying the
self-proliferation rate of the proliferative keratinocytes leads to a decrease on the
proliferation and increase on the differentiation of the cells in the proliferative com-
partment, without an unrealistic surge of the keratinocytes differentiation capacity
(Figure 4.2A). Thus, it is concluded that the effect of blue light is best described in
silico when θBLγ is lower than 1 and θBLk is equal to 1. The simulations and results
presented in the following sections of this work are based on this conclusion.
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Dynamic model of blue light treatment

Figure 4.2: Representing in silico the blue light effect by decreasing the prolifera-
tion rate of keratinocytes yields the behavior observed experimentally. The panels
show the changes in the proliferation and differentiation of healthy and diseased
keratinocytes due to different approaches of blue light in silico representation. Thir-
teen different cases are depicted in this figure. A detailed description of each case can
be found in Table 4.3. These cases are grouped according to the parameters affected
by blue light. Panels A to G describe cases where only the proliferation and division
parameters from the proliferative compartment are modified during blue light irra-
diation. Panel H presents the case where only the differentiation parameters from
the non-proliferative compartment are affected. Panels I to M described the cases
where blue light irradiation impacts both compartments. The upper plots of each
panel show the impact of the blue light factor on the proliferation and differentiation
rates of all keratinocyte populations as a consequence of the parameters affected by
blue light. The lower panels display the impact of each potential representation on
the proliferative (green), differentiation (blue) and immune system-cytotoxic (red)
capacities.

4.3.2 A Transient decrease in the proliferative capacity of keratinocytes
lowers the severity of psoriatic lesions

The results from section 4.3.1 suggested that the experimental observations for
keratinocytes [1] are best described by the model when the self-proliferation rate
of all stem cells and transit amplifying cells decreases during blue light irradiation.
Simulations performed for the same conditions of that in vitro study show a similar
reduction in the relative cell number achieved after BL irradiation at a fluence of
33 Jcm−2, 66 Jcm−2, and 100 Jcm−2 (Figure 4.3A). To verify that the model was also
able to describe the reduced severity (LPSI) of psoriatic skin achieved by blue light
treatment, simulations were performed and compared to data from the clinical
investigation of Pfaff et al. [3] (Figure 4.3B). Their clinical study measured the LPSI
of psoriatic patients after irradiating the skin with 90 Jcm−2 of pulsed blue light for 12
weeks at either a low (LI), 100 mWcm−2, or high (HI), 200 mWcm−2, peak intensities.
During the first four weeks the patients were treated every day, the next eight weeks
the therapy occurred three times per week. In the simulations, the initial LPSI values
were set to those of the clinical investigation [3] (i.e. 5.52 for LI and 5.17 for HI).
The model achieved an accurate representation of the applied treatments at low
and high peak intensities, particularly during the first four weeks. In the next eight
weeks, the in silico results are less pronounced compared to the clinical study. The
final values predicted by the model are within the error margins of the experimental
results. Based on the results of the simulations performed for the experimental and
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clinical studies, it is evident that the transient decrease in proliferation has a pivotal
role in the underlying mechanism of blue light treatment.
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Figure 4.3: BLISS accurately describes in vitro and in vivo data. (A) The relative
keratinocyte density is computed (solid black line) for irradiation schemes with flu-
ences between 0 and 100 Jcm−2 and compared to the experimental data 5 of ker-
atinocytes irradiated with three fluences of continuous wave blue light (grey dot). (B)
The changes in the severity of a psoriasis lesion during (blue bar) and after treatment
(black bar) are predicted (solid lines) for a pulsed wave treatment at high (red) and
low (blue) intensities. These changes in the severity of the disease are shown in terms
of the local psoriasis severity index (LPSI). The in silico results are compared to the
clinical data (dots) of Pfaff et al. [3].

To assess the impact of changes in the proliferation rate and other model param-
eters on the outcome of the treatment, a multiple parameter sensitivity analysis
was implemented. Figure 4.4 presents the results of this analysis for all model pa-
rameters about the keratinocyte cell densities (Figure 4.4A) and the LPSI (Figure
4.4B). According to panel A of this figure, the model output is mainly affected by
12 parameters related to the proliferation of stem cells and transit amplifying cells.
However, not all keratinocyte populations are evenly altered by variations in these
parameters; some affect only the healthy populations while others have an impact
on the diseased populations. The cell density of psoriatic keratinocytes is mainly
affected by the proliferation rate of healthy and diseased transit amplifying cells.
Conversely, the proliferation rate of psoriatic stem cells only impacts the healthy
populations and the psoriatic stem cells. The LPSA performed for these 12 sensi-
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tive parameters indicated that diseased transit amplifying cells are most sensitive
to small perturbations on the proliferation rate of healthy transit amplifying cells.
This parameter, as well as the proliferation rate of diseased stem cells and transit
amplifying cells, are directly related to the fluence, intensity, and irradiation time
used by the implemented treatment. From the 12 parameters identified in the MPSA
for keratinocytes cell density, only seven had a strong impact on the local severity of
psoriasis at the end of treatment (Figure 4.4B). These seven parameters correspond
to those affecting the cell densities of diseased keratinocyte populations. The impact
of these parameters on the LPSI is consistent with the effect on the cell density of
diseased keratinocytes but lower in comparison to the latter. Based on the sensitivity
analysis, it was confirmed that the decreased proliferation capacity induced by blue
light irradiation directly impacts all keratinocytes populations.

Despite the insightful information this analysis provided, it was yet unclear how
each keratinocyte population varied before, during, and after applying blue light on
the skin. Thus, a simulation (Figure 4.5) was executed for the blue light treatment of
a lesional skin area of 1mm2 for 84 days, using a fluence of 90 Jcm−2. The simulated
scheme was divided into two sections, the first one with everyday treatment, and
the second one with three times per week irradiations. The time evolution of both
healthy and diseased keratinocytes is depicted in Figure 4.5A-B respectively. The
model predicted that the cell density of all keratinocyte populations decreases due
to the repetitive irradiation with blue light. However, the cell density of diseased
keratinocytes remained considerably high after the treatment compared to the cell
density of healthy keratinocytes. Thus, no shift to a healthy phenotype was achieved
by this therapeutic approach. The model suggested that a lesional state may prevail
after the treatment, but some improvements might be observed within the period of
phototherapy. Additionally, it predicted that a less pronounced decrease in the cell
density of all keratinocytes is achieved when the treatment occurs every other day
compared to daily treatment. This observation suggests that the longer the period
of daily treatment the lower the final LPSI value.
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Figure 4.4: Multiple parameter sensitivity shows that variations in the prolifera-
tion parameters have a high impact on the final keratinocyte cell densities and
the local severity of psoriasis at the end of treatment. (A) The sensitivity of healthy
and diseased keratinocytes (x-axis) to variations in the 58 model parameters (y-axis)
is depicted in the heat map. Only those with a Kolmogorov-Smirnov statistic value
higher than 0.3 are shown on the y-axis. (B) The sensitivity of the treatment outcome
to changes in the same model parameters of panel A is shown in the bar plot regarding
the local psoriasis severity index. Only those parameters with a Kolmogorov-Smirnov
statistic value higher than 0.3 are shown in the x-axis.
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Figure 4.5: Blue light induces a temporary reduction of all keratinocyte popula-
tions during the length of the treatment. (A) The time evolution of the healthy
keratinocyte cell densities (dashed lines) comprised in a psoriatic epidermis is de-
scribed during (blue bar) and after (black bar) blue light-based therapy. (B) Similarly,
the time evolution of the diseased keratinocytes (continuous lines) is shown during
and after treatment. Note the difference in scales of the y-axes between panels A and
B. In this simulation, the treatment periods divided into two sections. The first one
consists of 28 days, with irradiation sessions occurring every day. The second section
comprises 56 days, with treatment sessions happening three times per week. On each
session, a fluence of 90 Jcm−2 is applied for 30 minutes.
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4.3.3 Blue light treatment schemes with long duration and high fluence
yield high efficacy in the management of psoriasis

Hitherto, the model predicted that regulating the hyper-proliferative populations
of keratinocytes induces a transient management of psoriasis. However, it also
showed that the treatment scheme used in the simulations has a direct impact
on the predicted outcome. This observation agrees with the large, little, and no
therapeutic effect reported in the available clinical investigations [3–6]. Therefore,
the impact of each treatment parameter on the efficacy of the therapeutic approach
was studied. Figure 4.5B shows a prominent decrease in the cell densities of diseased
keratinocytes when the blue light is constantly applied on the skin compared to
when the irradiation is less frequent. To further analyze this observation, simulations
were executed for therapy schemes with a total duration of 4 to 28 weeks, using either
a daily or every other day treatment (Figure 4.6A). The results showed that the longer
the period of daily treatment the lower the final LPSI value. Nevertheless, the relative
change in the LPSI value decreased for treatment periods longer than 20 weeks.
Further, BLISS predicted that for a blue light phototherapy scheme where both daily
and every other day treatment sessions are used, higher efficacy is achieved with an
increasing number of daily treatment sessions.

Given that repeated treatment sessions seemed to yield higher efficacy, it was then
tested whether the same trend would apply to the irradiation mode used in a given
treatment scheme, i.e. CW or PW. Both cases comprise the same average intensity,
but the peak intensity differs. Pfaff et al. [3] studied in vivo the impact of low and
high peak intensities in the pulsed wave irradiation of psoriatic skin. They observed
minor differences between low and high peak intensity groups; however, this trend
was not seen in silico (Figure 4.3B solid lines versus dots). In the model, both low
and high-intensity pulsed treatment led to the same trend. These results led to
questioning whether the model could predict a different outcome for treatment
strategies with pulsed and continuous irradiation. Thus, simulations were imple-
mented for low and high power densities in pulsed and continuous modes (Figure
4.6B-D), considering a 12 weeks treatment and four weeks follow-up with an average
fluence of 90 Jcm−2 and an average intensity of 50 mWcm−2 for both irradiation
modes. Figure 4.6B compares the efficacy of pulsed and continuous mode in terms
of the local psoriasis severity index. In the simulations for the pulsed mode, low
(100 mWcm−2) and high (200mWcm−2) peak intensities were used. No differences
were observed between both modes, or between low and high peak power densities.
Hence, the model suggested that duration rather than intensity determines the effi-
cacy of the treatment. This prediction was further tested by simulating the treatment
of a psoriatic epidermis using power densities of 100 mWcm−2, 200 mWcm−2 and
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600 mWcm−2 in the continuous mode (Figure 4.6C-D).
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Figure 4.6: The length of treatment is a crucial factor to achieve high treatment
efficacy. (A) The LPSI at the end of treatment is predicted for treatment protocols with
a total duration of 4 to 28 weeks. The treatment sessions in the simulated protocols
occur either on a daily (blue dots) or every other day (green dots) basis. (B) A 12
weeks treatment with a fluence of 90 Jcm−2 is simulated for continuous (black) and
pulsed irradiation with low (blue) and high (red) peak intensities. (C) The variation
in the LPSI value is predicted for irradiation schemes with low and high intensities of
continuous wave blue light. (D) The evolution of the total keratinocyte cell densities
during (blue bar) and after (black bar) treatment are derived using the same low and
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high intensities of continuous wave blue light presented in panel C.

In addition to time and intensity, fluence is another critical parameter of the treat-
ment scheme. Simulations performed for fluences between 0 Jcm−2 and 750 Jcm−2,
considering a treatment of 12 weeks (Figure 4.7A) predicted that fluence levels as low
as 45 Jcm−2 lead to a decrease in the LPSI value. Moreover, at fluence levels between
200 Jcm−2 and 500 Jcm−2, a saturation point was observed. At fluences equal or
higher than 500 Jcm−2, the decrease in the LPSI value was considerably larger due
to the cytotoxicity induced by BL at these levels. According to these results, low
fluences would lead to a minor decrease in the LPSI compared to higher fluences.
This observation is better understood when analyzing the relation between the
fluence, the blue light factor θBLγ, and the consequent proliferation rate derived by
the model (Figure 4.7B). Here, only the analysis of the proliferation rate of diseased
transit amplifying cells is shown, but the trends are consistent for the other prolifer-
ative populations. A clear exponential decrease is seen in both the blue light factor
and the proliferation rate with increasing fluences. However, the impact of fluence
on the proliferation rate is steeper and faster compared to the effect on the blue
light factor. Further, for fluences below 500 Jcm−2, both the blue light factor and the
proliferation rate are reduce in an almost linear manner. However, it is less abrupt
at fluences above 200 Jcm−2. The fluence effect translates into a linear reduction of
the proliferation in relation to the blue light factor, which yields a lower cell density
and the consequent improvement of the psoriatic skin.

The model was designed to allow bi-stability at either a diseased or healthy pheno-
type. The healthy state can only be reached when the total cell density at the end of
treatment is dominated by healthy keratinocyte populations. To achieve the switch
in the ruling type of population, the number of diseased cells must be considerably
lowered during the treatment. The results showed that this shift in phenotypes could
not be acquired with blue light fluences where no cytotoxicity was induced (Figure
4.7C-D). Figure 4.7C presents the relation between healthy and diseased stem cells
with increasing fluence levels. From this figure, it is clear that only fluences above
500 Jcm−2 achieve a majority of healthy stem cells. Fluences below that level reduce
the cell densities but remain within the diseased state due to a high predominance
of diseased keratinocytes (Figure 4.7D).
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Figure 4.7: High fluences of blue light yield better management of psoriasis than
low fluences. (A) The LPSI over time is computed for a twelve weeks continuous wave
treatment with an initial LPSI of 5.17 [3] using eleven fluences. (B) The behavior of
the blue light factor θBLγ and the proliferation rate are visualized as functions of the
fluence. (C) The bistability of the model is evaluated in the logarithmic scale for a
wide range of fluences in a phase diagram of healthy and diseased keratinocytes. Only
fluences above 500 Jcm−2 yield a shift in the dominant keratinocyte population and
the phenotype of the skin. (D) Fluences below this level remain in the disease state.

4.4 Discussion and conclusion

Here, the underlying mechanism of blue light therapy and the impact of the irradia-
tion settings on the efficacy of the treatment have been explored using an in silico
approach. BLISS suggests that the decrease in the keratinocytes proliferative capac-
ity is sufficient to induce a transient decrease in the severity of psoriasis. Further, it
predicts that treatment schemes with long duration and high fluence yield the most
optimal outcome. The model constitutes a fast and flexible tool that considers not
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only the properties of the irradiated epidermis but also the interactions between
the structural cells within it. This in silico method provides a framework for further
insight into the underlying mechanism of this blue light-based phototherapy and
the optimal treatment of psoriasis. To the extent of my knowledge, this is the first
model that studies the changes induced by blue light irradiation on the cell dynam-
ics of keratinocytes. The general concepts of epidermal kinetics used here have been
applied to UV phototherapy [12, 13, 22] before. Nevertheless, the differences in the
underlying mechanism make the previous models and mine two utterly different
applications.

It was first addressed how to best represent these phenomenological observations
in silico while accounting for the characteristic phenotype of psoriasis [23]. From
experimental studies, it is known that blue light decreases the proliferative capacity
of keratinocytes and other cell types [24, 25], and that it reduces their prolifera-
tion by inducing their differentiation [1]. However, it is not clear how exactly these
changes are exerted on the cellular processes of keratinocytes. BLISS accounts for
the three main theories of cell division [26–28], i.e. self-proliferation, asymmetric,
and symmetric division. Self-proliferation refers to the ability of a cell dividing
into two daughter cells of the same kind. Asymmetric division considers that one
proliferative cell divides into one daughter cell of the same kind and one of the
next differentiation stage. Finally, symmetric division comprises the division of a
proliferative cell into two cells of the next differentiation stage. In the model, the
proliferation and differentiation of keratinocytes in the proliferative compartment is
represented by their self-proliferation, symmetric and asymmetric division param-
eters. The keen reader could think that to best describe the effect of blue light on
proliferation and differentiation, increasing the rates of asymmetric and symmetric
division should be enough to achieve similar observations as those reported in vitro.
Alternatively, the direct increase in the division rates of proliferative cells should
be coupled to the decrease of the self-proliferation rate of all keratinocytes in the
proliferative compartment. Thus, capturing the increase in differentiation and the
decrease in proliferation of the irradiated keratinocytes. The analysis (Figure 4.2)
showed that modifying the division rates alone does not appropriately reflect on the
proliferative capacity of the cells. Additionally, it translates into high peaks in the
cell density of transit amplifying and non-proliferative cells, which are biologically
unlikely. However, decreasing only the proliferation rate does yield the effect on the
differentiation and proliferative capacity of keratinocytes observed experimentally.
The outcome of this approach is a transient decline in the proliferative rates of the
cells and consequent higher differentiation, translated into a temporary drop local
severity of the disease. BLISS comprises a fine tuning between the proliferation and
division rates of all keratinocytes, particularly of healthy stem cells. It considers
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a strong connection between the proliferation and division rates of healthy stem
cells and their regulation by the total population of healthy and diseased transit
amplifying cells. This fact might explain the outcome of the analysis. From the sen-
sitivity analysis (Figure 4.4), it was clear that proliferation-related parameters had
the highest influence on the final cell densities and the improvement of psoriasis
due to blue light treatment. The most sensitive parameters were directly related to
the treatment scheme. Their impact was reflected in the cell density of diseased
keratinocyte populations and local psoriasis severity index. These observations may
explain the large variations observed among clinical investigations of BL treatment
[3–5].

Previous models of phototherapy, particularly UV-based approaches represented
the therapeutic effect by inducing strong apoptosis in the keratinocytes [13, 29]. This
transient increase in the apoptotic rate leads to a remission phase, characterized
by a lower total cell density after the treatment compared to the initial one. In
my model, apoptosis is only affected at fluences above 500 Jcm−2. Instead, the
proliferation and differentiation capacity of keratinocytes are altered during the
treatment sessions. The key difference in the approaches of representing UV and BL
phototherapy in silico is defined by the difference in the underlying mechanisms
of both therapeutic approaches. Despite both methods affecting the behavior of
the cells by absorption of light at a specific wavelength, the photo-acceptors and
following events differ. UV is mainly absorbed by the cell’s DNA [30], consequently
inducing direct DNA damage, apoptosis [12] and a decrease in the total cell density
of the lesional skin. Blue light irradiation does not induce DNA damage [9]; it is
absorbed by other photo-acceptors in the cell, e.g. flavins [31], porphyrins [32], and
nitrosated proteins [33]. The consequent effect is the release of nitric oxide [33] and
reactive oxygen species [34], which alter the cell’s proliferation and differentiation
rates.

Clinically, this transient effect on the keratinocytes proliferation and differentiation
is observed as the improvement of a psoriatic lesion [4, 6]. The BLISS model is
bi-stable, thus it can reproduce steady states for both healthy and diseased skin
phenotypes. In the simulations, mild psoriasis is considered through a specific set
of initial cell densities and show that although the plaque is controlled during the
treatment, the underlying state is still diseased. After the treatment, the simulated
skin area eventually goes back to the initial diseased state. In the UV phototherapy
model of Zhang et al. [13], they demonstrate that UV treatment with consecu-
tive episodes can theoretically control the disease and achieve a remission of the
psoriatic phenotype. In the BLISS model, this remission phase for mild psoriasis
considering fluences below 500 Jcm−2 was not observed. The lack of remission
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phase in the simulations for blue light treatment in contrast with UV phototherapy
may be due to the underlying mechanism. Increasing the apoptosis of keratinocytes
yields a lower cell density regardless of their proliferation and differentiation rate.
This effect results in a shift of the stem cell density from the disease state to the
healthy state (Figure 4.7C). Altering the proliferation and differentiation rates of the
proliferative keratinocytes due to blue light irradiation only impacts their apoptosis
rates at high fluence levels. Thus the effect of blue light is mild compared to that of
UV [29]. Nevertheless, it is possible that other factors are involved in the underlying
mechanism of blue light management of psoriasis. The inclusion of these factors
in the model could potentially yield to the shift in phenotypes and full remission
of psoriatic skin. In the method here presented, the immune system regulates the
dynamics of the keratinocytes through the removal of disease stem cells at a rate
defined by the maximum immune killing rate and the half-activation of the immune
system (equation 4.7). Blue light also induces apoptosis of T-cells [1, 35], alters the
immune response [2], and decreases inflammation [36]. However, the impact of BL
on the immune system is not considered in the current model. The inclusion of blue
light-related effects on the immune system might result in lower keratinocyte cell
densities and the consequent shift in the phenotype. The available clinical investi-
gations have not yet assessed the impact of blue light on the immune system in the
context of psoriasis. Data from skin biopsies, experimental, and clinical studies on
blue light irradiation is needed to determine which aspects could be involved and
how they should be included in the model.

One of the objectives of this study was to investigate the impact of treatment pa-
rameters on the blue light-mediated regulation of keratinocytes in psoriasis and the
consequent control of the lesion. The results described in this chapter suggested
that therapy duration and the applied fluence rather than intensity of irradiation
may potentially determine the efficacy of the treatment. Simulations for various
treatment periods (Figure 4.6A) showed that protocols with a long treatment period
and consecutive episodes may be the most effective for psoriasis. This observation
could partially explain the higher improvement of Pv symptoms achieved by Pfaff
et al. [3] (12 weeks) in contrast with prior investigations (4 weeks) [4, 5]. Another
reason could be the different fluences used in these studies (10 Jcm−2 [5] and 90
Jcm−2 [3, 4]), given the fluence dependency associated with blue light irradiation
[1, 37]. Simulations implemented for a wide range of fluences (Figure 4.7) show a
negative correlation between fluence and final LPSI value. However, no threshold
value has yet been defined. To define this value additional in vitro and in vivo data
are needed.

Research on light therapy for different applications has indicated that pulsed light is
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more effective than continuous light, while others report no effect or a worsening
effect of pulsed irradiation compared to no treatment [38, 39]. In Psoriasis, only
one clinical investigation has used a pulsed irradiation mode [3], while the others
employed the continuous mode [4–6]. Simulations performed with the model
(Figure 4.6B) indicated that pulsed light is as efficient as continuous light in the
treatment of psoriasis.

The current model has some addressable limitations: (i) it does not explicitly com-
prise the photo-activated processes leading to the cellular regulation and manage-
ment of psoriasis. (ii) The additional cytotoxicity induced on the keratinocytes at
wavelengths shorter than 453 nm [1] was neglected. The model was built assuming
irradiation at 453 nm, which is the most common wavelength used for psoriasis
[3, 4]. Despite the minimum differences in treatment efficacy reported in the litera-
ture [4, 40], the inclusion of this effect could be worth a thorough analysis. However,
additional data is needed on the optical parameters and the skin before this feature
can be included in the model. (iii) Currently, the model describes the outcome of
blue light-based phototherapy for the average patient. However, in reality, large
variation in treatment response is observed among individuals. With the right modi-
fications, e.g. enabling the model to describe patients with a low or high treatment
response, BLISS may aid in designing personalized therapeutic protocols.

One particular experimental test of BLISS should aim at simultaneously tracing pso-
riasis and healthy proliferative and non-proliferative keratinocytes to verify whether
blue light equally affects healthy and diseased proliferative cells. One potential
approach to test this hypothesis could be isolating keratinocytes from healthy and
psoriatic skin [41] before and after irradiation with blue light, and quantifying the
number of proliferative and non-proliferative keratinocytes in each case. In this
chapter, general insights and recommendations are provided based on the model
results. In the future, more precise recommendations could be derived from the
model by implementing an optimization analysis for the treatment [42]. The results
presented here showed that the duration of treatment is vital in decreasing the
severity of a psoriasis lesion. However, there is little information reported in the
literature on the direct effect of irradiation length and cumulative exposure of cells
to blue light. Future studies should explore this theory experimentally to define
the boundaries of the cellular response and the most optimal outcome. Also, they
should assess the long-term management of psoriasis and the recurrence of the
lesions.

Overall, this study demonstrates that regulation of the proliferative capacity of
keratinocytes is a crucial process in the blue light-induced management of psoriasis.
Considering the uprising interest in blue light as a new treatment modality for
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inflammatory skin conditions, the availability of irradiation guidelines becomes of
high relevance.
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4.6 Appendix

Table 4.4: BLISS model parametrization

Parameter Description Value Source
Pmax

sc Growth capacity of
stem cells

4.5 x 103 mm−2 [13]

γ1hom Minimal stem cell self-
proliferation

3.30 x 10−3 d−1 [13]

k1shom Minimal symmetric
healthy stem cell
division rate constant

1.64 x 10−3 d−1 [13, 26]

k1ahom Minimal asymmet-
ric healthy stem cell
division rate constant

1.31 x 10−2 d−1 [13, 26]

γ2h Healthy transit am-
plifying cells self-
proliferation rate
constant

1.40 x 10−2 d−1 [13, 17, 43]

k2sh Healthy transit amplify-
ing cells symmetric di-
vision rate constant

1.73 x 10−2 d−1 [13, 17, 43]

k2ah Healthy transit amplify-
ing cells asymmetric di-
vision rate constant

1.38 x 10−1 d−1 [13, 17, 43]

k3h Healthy growth ar-
rested to spinous cells
differentiation rate
constant

2.16 x 10−1 d−1 [13, 17, 43]
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Parameter Description Value Source
k4h Healthy spinous to

granular cells differen-
tiation rate constant

5.56 x 10−2 d−1 [13, 17, 43]

k5h Healthy granular cells
to corneocytes differen-
tiation rate constant

1.11 x 10−1 d−1 [13, 17, 43]

k−1h Back conversion rate
constant of healthy
cells (transit amplify-
ing to stem cells)

1.00 x 10−6 d−1 [13]

k−2h Back conversion rate
constant of healthy
cells (growth arrested
to transit amplifying
cells)

1.00 x 10−6 d−1 [13]

ω Maximum fold in-
crease of stem cells
proliferation rate

100 [13, 44]

n Regulation of stem
cells proliferation rate
by transit amplifying
cells

3 [13]

AIh Epidermal apoptosis
index for healthy skin

0.12 % [13, 17, 43]

β1h Apoptosis rate of
healthy epidermal
stem cells

1.97 x 10−6 d−1 Calculated as described by
equation 4.16.

β2h Apoptosis rate of
healthy transit amplify-
ing cells

2.08 x 10−5 d−1 Calculated as described by
equation 4.16.

β3h Apoptosis rate of
healthy growth ar-
rested cells

2.60 x 10−4 d−1 Calculated as described by
equation 4.16.

β4h Apoptosis rate of
healthy spinous cells

6.68 x 10−5 d−1 Calculated as described by
equation 4.16.

β5h Apoptosis rate of
healthy granular cells

1.33 x 10−4 d−1 Calculated as described by
equation 4.16.

αh Healthy corneocytes
desquamation rate
constant

7.14 x 10−2 d−1 [13, 17, 43, 45]

ρsc Fold change of prolifer-
ation rate in psoriasis
stem cells

4 [13, 45]

ρt a Fold change of prolifer-
ation rate in psoriasis
transit amplifying cells

4 [13, 45]
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Parameter Description Value Source
ρtr Fold change of transit

rate in psoriasis cells
5 [12, 13]

ρde Fold change of desqua-
mation rate psoriasis
corneocytes

4 [13, 46]

λ Fold change of stem
cells growth capacity in
psoriasis

3.5 [13, 16, 47]

Kp Maximum immune re-
sponse rate

6 [13]

Ka Half-activation of im-
mune system by psori-
atic stem cells density

380 [13]

γ1d Diseased stem cell self-
proliferation rate con-
stant

1.16 x 10−2 d−1 Calculated as the product
of γ1hom and ρsc .

k1sd Symmetric diseased
stem cell division rate
constant

5.70 x 10−3 d−1 Calculated as the product
of k1shom and ρsc .

k1ad Asymmetric diseased
stem cell division rate
constant

4.59 x 10−2 d−1 Calculated as the product
of k1shom and ρsc .

γ2d Diseased transit
amplifying cells self-
proliferation rate
constant

4.90 x 10−2 d−1 Calculated as the product
of γ2h and ρt a .

k2sd Diseased transit ampli-
fying cells symmetric
division rate constant

6.06 x 10−2 d−1 Calculated as the product
of k2sh and ρt a .

k2ad Diseased transit ampli-
fying cells asymmetric
division rate constant

4.83 x 10−1 d−1 Calculated as the product
of k2ah and ρt a .

k3d Diseased growth ar-
rested to spinous cells
differentiation rate
constant

9.72 x 10−1 d−1 Calculated as the product
of k3h and ρtr .

k4d Diseased spinous to
granular cells differen-
tiation rate constant

2.50 x 10−1 d−1 Calculated as the product
of k4h and ρtr .

k5d Diseased granular cells
to corneocytes differen-
tiation rate constant

3.89 x 10−1 d−1 Calculated as the product
of k5h and ρtr .

AId Epidermal apoptosis
index for psoriatic skin

0.04 % [13, 17, 43]

β1d Apoptosis rate of dis-
eased epidermal stem
cells

2.01 x 10−6 d−1 Calculated as described by
equation 4.17.

92



Dynamic model of blue light treatment

Parameter Description Value Source
β2d Apoptosis rate of dis-

eased transit amplify-
ing cells

2.12 x 10−5 d−1 Calculated as described by
equation 4.17.

β3d Apoptosis rate of dis-
eased growth arrested
cells

3.40 x 10−4 d−1 Calculated as described by
equation 4.17.

β4d Apoptosis rate of dis-
eased spinous cells

8.76 x 10−5 d−1 Calculated as described by
equation 4.17.

β5d Apoptosis rate of dis-
eased granular cells

1.36 x 10−4 d−1 Calculated as described by
equation 4.17.

αd Diseased corneocytes
desquamation rate
constant

2.50 x 10−1 d−1 Calculated as the product
of αh and ρde .

aγ Blue light coefficient
for proliferation factor

1 Estimated from [1].

bγ Blue light coefficient
for proliferation factor

-3.40 x 10 −3 Estimated from [1].

ak Blue light coefficient
for differentiation fac-
tor

2.46 Estimated from [1].

bk Blue light coefficient
for differentiation fac-
tor

1.94 x 10−2 Estimated from [1].

ck Blue light coefficient
for differentiation fac-
tor

3.46 Estimated from [1].

θBLβ500−750 Blue light factor in-
creasing the apoptosis
rate at fluences higher
than 500 Jcm−2 and
lower than 750 Jcm−2

3.9 x 10−2 [9]

θBLβ>750 Blue light factor in-
creasing the apoptosis
rate at fluences higher
than 750 Jcm−2

5 x 10−2 [9]

ζabs Energy absorbance of
the epidermis for a low
perfused Caucasian
skin

57.90 % Calculated from the optical
model.
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Implementing in silico clinical
studies on the efficacy of blue light
for treating psoriasis in virtual
patients
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Abstract

The computational model for blue light irradiation of psoriatic skin BLISS, described
in Chapter 4, reproduces the clinically observed response of the average psoriasis
patient to irradiation with blue light. However, it does not capture the inter-patient
variation reported in clinical investigations of blue light for treating psoriasis. The
inclusion of the inter-patient variations in BLISS would increase the applicability
of the model. One approach to achieve this is to develop virtual patients defined
by parameter sets that capture the variability in the real clinical investigation and
sample the uncertainty in the model parameters. In this chapter, a set of virtual
patients is generated and used in a series of in silico clinical studies that explore
whether the treatment response of psoriasis patients can be improved by modifying
the settings of the therapeutic protocol. First, a population of approximately 500000
virtual patients that match the population-level characteristics of the patients in
the available clinical investigations of blue light as treatment of psoriasis was gen-
erated. Then, the minimum number of virtual patients needed to obtain the same
change from baseline distribution as in the clinical investigations was selected and
analyzed. The results suggest that a minimum of 2500 virtual patients are needed to
reproduce the change from baseline distribution observed in vivo. The results from
the simulations performed with the virtual patients using different combinations
of therapeutic settings predict that the treatment efficacy can be increased for all
patients, including those with low treatment response. This can be achieved by
implementing a therapeutic protocol with daily treatment, and a higher fluence
and length of treatment compared to the currently used settings. This work enables
the current model of blue light irradiation for psoriasis to reflect the inter-subject
variability of a clinical cohort and demonstrates the use of in silico clinical studies
in the field of dermatology.
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5.1 Introduction

The deterministic model BLISS presented in Chapter 4 describes only the clinically
observed response of the average psoriasis patient to irradiation with blue light. Clin-
ical studies [1] show a large inter-patient variability. The heterogeneity in treatment
response is not exclusive of blue light treatment. It is well known that the available
treatments for psoriasis are not entirely effective for all patients [2, 3]. For example,
the systemic drug methotrexate, widely used in moderate-to-severe psoriasis [4],
yields a response lower than the standard 75 % improvement in the baseline psori-
asis area and severity index (PASI) for 40 % – 65 % of the treated patients [5]. The
inter-patient variability in response to psoriasis treatment has been attributed to the
diversity of inflammatory networks driving the disease [6], the bimodal activation
of the immune system [7], and the genetic heterogeneity of the disease [8, 9]. The
results from chapter 3 in this thesis also show the inter-patient genetic variations
reflected in the abundance of several cell types including keratinocytes.

Regardless of the source of heterogeneity in the treatment response, it is essential
that the model accounts for the mean patient response and the inter-patient variabil-
ity to increase its applicability. One approach to achieve this is to develop alternate
parameter sets that reflect the distribution of population-level data and sample the
uncertainty in the model parameters [10, 11]. These ensembles of parameterizations
are known as virtual patients (VPs) [11–13]. A virtual population (VPop) that reflects
individual subject and population-level characteristics of a typical clinical cohort
increases the confidence that the prospective simulations of the response to a novel
therapy reflect the inter-subject variability observed in the clinic [14, 15].

Here, a set of virtual patients is generated by fitting the distribution of decrease
in disease severity, referred to as change from baseline (cfb), after treatment with
blue light from two clinical investigations to the model described in Chapter 4. This
virtual population is then used in a series of in silico clinical studies to explore
whether the treatment response of patients can be improved by modifying the
settings used in the therapeutic protocol.
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5.2 Materials and methods

5.2.1 Generation of virtual patients

The algorithm used to generate the pool of virtual patients is described in Figure
5.1. The first step to generate the virtual patients from BLISS is to define the input
parameters p that describe a VP and set the boundaries for these parameters. The
parameters selected to describe a virtual patient with psoriasis are presented in
Table 5.1. The values of these parameters were set to an arbitrary range of ± 10 %
of their original value (See Table 4.4) except for the baseline LPSI (LPSI0), whose
upper limit was based on the maximum LPSI value for mild psoriasis. Once these
parameters have been defined, an n number of plausible patients (PPs) are made
using the Latin Hypercube Sampling (LHS) method. From this plausible population,
a randomly selected PP is used to run the model of blue light treatment for psoriasis.
For each plausible patient, the cost function g(p) is computed for every parameter
defining the patient (Mi ) (equation 5.1), taking into account its lower (li ) and upper
(ui ) bounds. This cost function is based on the sum of squared errors, typically used
in optimization problems. The process is repeated for an n number of PPs.

g (p) =
(

Mi (p)− li +ui

2

)2

−
(

ui

2
− li

2

)2

(5.1)

Each plausible patient is then stored if its cost function is lower or equal to the
predefined threshold, its baseline local psoriasis severity index LPSI0P P is lower or
equal to the maximum LPSI0 observed in the clinical investigations, and its change
from baseline does not exceed the maximum cfb from the clinical investigations.
BLISS does not explicitly yield the cfb, however, it can be computed as the difference
between the initial local psoriasis severity index LPSI0 and the predicted LPSI at the
end of the treatment LPSI12 (equation 5.2).

c f b = LPSI0 −LPSI12 (5.2)

The selected PPs are then used to calculate the probability of inclusion (Pi ncl usi on)
of the plausible patients into the virtual population (Equation 5.3). This probability
is computed from both the empirically observed distribution (PDFO) and the density
of plausible patients (PDFE ). Both PDF’s are calculated based on histograms and
fitted distribution models. The selected PPs become the virtual population if the
probability of inclusion is close to 1. Otherwise, the inclusion rate is optimized until
the results for the selected plausible patients fits the data from the real patients.
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Pi ncl usi on = PDFO

PDFE
(5.3)

Table 5.1: Parameters that define the virtual patients

Parameter Description Lower
bound

Upper
bound

Units

LPSI0 Baseline local psoriasis severity index 0 10 a.u.
θBLβ Factor of blue light contribution to cell death 0 0.03 a.u.

SC0h Initial cell density of healthy stem cells 325.8 398.2 cells per mm2

TA0h Initial cell density of healthy transit amplifying
cells

69.3 84.7 cells per mm2

GA0h Initial cell density of healthy growth arrested
cells

54.9 67.9 cells per mm2

SP0h Initial cell density of healthy spinous cells 214.2 261.8 cells per mm2

GC0h Initial cell density of healthy granular cells 107.1 130.9 cells per mm2

CC0h Initial cell density of healthy corneocytes 166.5 203.5 cells per mm2

SC0d Initial cell density of psoriatic stem cells 5813.1 7104.9 cells per mm2

TA0d Initial cell density of psoriatic transit amplify-
ing cells

29698.2 35307.8 cells per mm2

GA0d Initial cell density of psoriatic growth arrested
cells

18482.4 22589.6 cells per mm2

SP0d Initial cell density of psoriatic spinous cells 71809.2 87766.8 cells per mm2

GC0d Initial cell density of psoriatic granular cells 0 0 cells per mm2

CC0d Initial cell density of psoriatic corneocytes 69869.7 85396.3 cells per mm2

ρsc Fold change of proliferation rate in psoriasis
stem cells

3 5 a.u.

ρt a Fold change of proliferation rate in psoriasis
transit amplifying cells

3 5 a.u.

ρtr Fold change of psoriasis cells transit rate 4 6 a.u.
ρde Fold change of desquamation rate in psoriasis

corneocytes
3 5 a.u.

AId Epidermal apoptosis index for psoriatic skin 0.03 0.05 %
λ Fold change of stem cells growth capacity in

psoriasis
2.5 4.5 a.u.

5.2.2 Clinical data

Data from two clinical investigations of blue light as treatment of psoriasis, referred
to as CT02 [1] and CT03 [16], was used to generate the virtual patients. In both
studies, blue light was locally applied on the lesions of psoriasis patients for 12 weeks
with a fluence of either 45 Jcm−2 in CT03 [16], referred to as CT03-45, or 90 Jcm−2
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Figure 5.1: Overview of the algorithm for generation and selection of virtual pa-
tients. To generate the virtual patients from BLISS, the physiologically reasonable
ranges are defined for the model outputs and parameter values, and the simulation is
performed for a given number of plausible patients. The plausible patients are stored
in the virtual population if they comply with the defined requirements. The virtual
population is built by selecting the population with probability proportional to the
prevalence in the real population relative to the incidence in the plausible population.
This selection is then stored as the final set of virtual patients.
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in CT02 [1] and CT03 [16], referred to as CT03-90, and an average intensity of 50
mWcm−2. The peak intensities used in each study differed, in CT02 a peak irradiance
of 100 mWcm−2 and 200 mWcm−2 was used, while in CT03 a peak intensity of 600
mWcm−2 and 200 mWcm−2 was applied on the skin of patients at a fluence of 45
Jcm−2 and 90 Jcm−2 respectively. To assess the efficacy of the therapy, the local
psoriasis severity index (LPSI) was measured at weeks 0, 2, 4, 8, and 12. The change
from baseline was calculated for each of these time points.

5.2.3 In silico clinical studies on the impact of therapeutic settings on
the treatment efficacy of blue light

The pool of virtual patients was used in combination with BLISS in a series of in
silico clinical studies to predict whether the effectiveness of blue light irradiation as
a treatment for psoriasis can be increased by using a combination of therapeutic
settings different from the one currently used in the protocol of the clinical investiga-
tions [1]. Sets of simulations were implemented for fluence, length of treatment, and
frequency of treatment sessions (Table 5.2). Depending on the analyzed parameter,
the rest of therapeutic settings were kept as specified in Table 5.3. These simulations
were implemented in Matlab (The Mathworks Inc.). The ODE system was solved
with ODE-solver ode15s, which is a multistep variable order solver based on the
numerical differentiation formulas.

5.3 Results

5.3.1 Analysis of apoptosis factor and role in the development of virtual
patients

Before proceeding with the generation of the virtual patients, it was explored how
the model could account for variations in the treatment response. The results from
Chapter 4 showed that an increase in the cell death rate leads to a stronger effect,
pushing the keratinocytes population into a healthy-like state. Experimental studies
observed no toxicity in keratinocytes after irradiation with blue light below 500
Jcm−2. Therefore, BLISS assumes that the cell death rates of keratinocytes remain
unchanged for fluences below 500 Jcm−2. Nevertheless, it could be possible that
in some patients the cell death rate is minimally increased during the treatment
session despite the nontoxic fluence, leading to a stronger therapeutic outcome.
This hypothesis was tested by inducing an increase of maximum 0.03 fold (θBLβ)
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Table 5.2: Virtual clinical studies implemented for fluence, length of treatment, and
frequency of treatment sessions

# Tested parameter Value
1 Fluence 15 - 500 Jcm−2

2 Length of treatment 14 - 140 days

3 Frequency of treatment sessions

i) 1/3 of treatment
length as daily treat-
ment, followed by 2/3
of every other day treat-
ment sessions.
ii) 2/3 of treatment
length as daily treat-
ment, followed by 1/3
of every other day treat-
ment sessions.
iii) Daily sessions.
iv) Every other day
sessions.

Table 5.3: Blue light irradiation parameters used in the in silico clinical investigations
Parameter Value
Fluence 90 Jcm−2

Length of treatment 84 days
Frequency of treatment sessions Daily
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in the cell death rate during the treatment time, which is lower than the increase
in the apoptosis rate induced by blue light at fluences equatl to or higher than 500
Jcm−2 [17]. Simulations were run with varying values of the θBLβ using a fluence
of 45 and 90 Jcm−2 (Figure 5.2). The rest of the model parameters were kept as
described in Chapter 4. For both fluences, the predicted weekly decrease in the
local psoriasis severity index was derived (Figure 5.2A-B). Additionally, the predicted
relative reduction in the LPSI, used as an indication of treatment efficacy, was
computed for each θBLβ (Figure 5.2C). These results showed that varying the θBLβ

for fluences below the toxicity threshold would enable the model to describe a
stronger treatment response in a specific individual or group of patients for a given
therapeutic scheme.

In addition to describing a stronger treatment response, the inclusion of the apop-
tosis factor θBLβ below 500 Jcm−2 could help in understanding the discrepancy
between the model predictions and the observations of CT03. In CT03, psoriasis
patients were treated with a blue light fluence of either 45 Jcm−2 or 90 Jcm−2 for
twelve weeks. Based on the predictions of BLISS, a low fluence should yield a poorer
outcome than the one achieved with a higher fluence. However, the results from
CT03 showed no difference in the average decrease in the local psoriasis severity
index for patients treated with a blue light fluence of 45 Jcm−2 and 90 Jcm−2, despite
the difference in peak irradiance. This observation suggested that the current flu-
ence used for blue light treatment for psoriasis could be lowered to 45 Jcm−2 and
still induce the same therapeutic effect observed at 90 Jcm−2 in half the time. This
disagreement between the predictions of the model and the clinical data led to two
hypotheses, i) at 45 Jcm−2 a plateau is reached in the effect of blue light on the skin
of patients, hence the similarity in outcomes between 45 Jcm−2 and 90 Jcm−2. ii) At
a fluence lower than 90 Jcm−2 an unknown mechanism is activated, leading to the
same outcome of treatment with 90 Jcm−2. The comparison of the model predic-
tions with different values of θBLβ to the average treatment response after blue light
irradiation from CT03 with 45 Jcm−2 indicated that the inclusion of a θBLβ higher
than zero but lower than 0.005 could explain the clinical observations from CT03
(Figure 5.2A). In contrast, adding this factor in the simulations for treatment with
90 Jcm−2 led to a higher decrease in the LPSI compared to the treatment response
from the clinical investigation (Figure 5.2B). These results suggest that an unknown
mechanism induces a stronger effect at fluences lower than 90 Jcm−2, possibly a
mild increase in the cell death rate.
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Figure 5.2: Role of apoptosis factor in the predicted strength of the treatment re-
sponse. (A) The impact on the local psoriasis severity index (LPSI) of varying the
apoptosis factor θBLβ in the simulated 12 weeks psoriasis treatment with blue light
is predicted for a fluence of 45 Jcm−2. (B) Simulations are also implemented for a
fluence of 90 Jcm−2. (C) The treatment efficacy achieved with irradiation of 45 Jcm−2

(blue line) and 90 Jcm−2 (red line) of blue light are calculated for each value of the
apoptosis factor.

5.3.2 Generation of the virtual population

Three pools of approximately 500000 virtual patients were generated with population-
level characteristics that match those from CT02 and CT03. The data from CT03
was further divided into the two groups of treatment used in the original clinical
investigation, i.e. one with treatment at a fluence of 45 Jcm−2 (CT03-45) and the
other where 90 Jcm−2 of blue light was applied on the skin of the patients (CT03-90).
The algorithm described in Figure 5.1 was used to create the three groups of virtual
patients (Figure 5.3A-C). Further, the minimum number of initial plausible patients
needed to obtain the same change from baseline distribution as in the clinical in-
vestigation was determined by repeating the procedure ten times using a different
number of initial plausible patients (Figure 5.3A-D). The minimum number of initial
plausible patients to yield a virtual population that matches the distribution of the
clinical investigations was found to be 5000 for both CT02 and CT03 (Figure 5.3D).
As expected, neither of the initial plausible populations matched the population-
level characteristics of CT02, CT03-45, and CT03-90, regardless of the number of
plausible patients in the pool (Figure 5.3E). However, after filtering out the patients
that did not meet the defined requirements, it was established that approximately
half of the initial plausible patients are unlikely to be in the final distribution (Figure
5.3E). Hence, when starting with a million plausible patients, the final pool of virtual
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patients only includes approximately 500000 patients. Analyzing the parameters
in the final pools of VPs for CT02, CT03-45, and CT03-90, little differences were
observed among them (Supplemental figures 5.5 and 5.6). This suggested that the
same pool of virtual patients could be used to implement in silico clinical inves-
tigations of both clinical studies regardless of the fluence used in the therapeutic
protocol. Further, these virtual patients could also be used to set in silico clinical
studies where the therapeutic settings are analyzed.

5.3.3 In silico clinical studies assessing the impact of the irradiation set-
tings on the response to treatment

Approximately 2500 virtual patients are used from each set of VPs in combination
with BLISS in a series of in silico clinical studies on the therapeutic settings used
for the treatment of psoriasis with blue light (Figure 5.4). In these investigations,
the impact of the fluence (Figure 5.4A-D), the frequency of the treatment sessions
(Figure 5.4E-H), and the length of treatment (Figure 5.4I-K) on the therapeutic
efficacy, defined as the relative decrease in the local psoriasis severity index, is
analyzed for all virtual patients.

The results from these simulations suggest that the treatment efficacy can be in-
creased for all patients, including those with low treatment response. This can be
achieved by implementing a therapeutic protocol with daily treatment and a higher
fluence compared to the currently used settings. These results are consistent with
the model predictions from Chapter 4 and extend those results by showing the
outcome for the whole patient population instead of just the average. The results
from the digital clinical studies on the fluence (Figure 5.4A-D) suggest that increas-
ing the fluence would lead to a higher treatment efficacy reaching a plateau above
200 Jcm−2. The predictions on the frequency of treatment sessions (Figure 5.4E-H)
indicate that although increasing the number of sessions per week results in a higher
treatment efficacy compared to every other day treatment or the combination of the
two, the difference is minimal. Finally, the results from the series of simulations on
the length of treatment (Figure 5.4I-K) suggest that at fluences equal or higher to 90
Jcm−2 a minimum of 12 weeks or 84 days are needed to reach a high treatment effi-
cacy for all patients. Above this treatment length, small differences in the predicted
treatment efficacy are observed.
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Figure 5.3: Analysis of three sets of virtual patients populations with a varying
initial number of patients. (A-C) The probability density function (pdf) of the change
from baseline in the final virtual patients obtained from an initial pool of plausible
patients with size n is plotted for the three sets of virtual patients, i.e. CT02, CT03-45,
and CT03-90. These pdf ’s are compared to each other and the pdf of the real patients
(dashed black line) in the two clinical investigations. (D) The ratio of the observed
probability density function (PDFO) to the estimated pdf (PDFE ) from the virtual
patients obtained from the initial pools of plausible patients with size n is derived
for CT02 (blue), CT03-45 (green), and CT03-90 (turquoise)(See equation 5.3). (E)
The probability density function of the change from baseline of the approximately
500000 virtual patients (yellow) for CT02 is compared to the pdf of the 1000000 initial
plausible patients (blue) and the real ones (red).
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Figure 5.4: In silico clinical studies on the fluence, the frequency of irradiation
sessions, and the length of treatment. A series of computer-based clinical investiga-
tions are implemented using BLISS and the three pools of virtual patients to assess the
effect of fluence (A), the number of sessions (E-H), and the length of treatment (I-K)
on the treatment efficacy of blue light irradiation, which is defined by the relative
decrease in the local psoriasis severity index (LPSI). (A) Simulations are performed for
a 12 weeks blue light treatment with daily treatment sessions and a fluence ranging
from 15 Jcm−2 to 500 Jcm−2 using each of the ensembles of virtual patients, i.e. CT02
(dashed blue line), CT03-45 (dashed black line), and CT03-90 (dashed red line). The
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relative decrease in the LPSI is derived for all virtual patients in each in silico clinical
study for the fluence setting. The colored region in the plot represents the standard
deviation for all cases. (B-D) In addition to the relative decrease in the LPSI, the week-
wise decrease in the LPSI is predicted for CT02 (B), CT03-45 (C), and CT03-90 (D),
using a fluence of 15 Jcm−2 (blue line), 45 Jcm−2 (red line), 90 Jcm−2 (yellow line), 135
Jcm−2 (purple line), and 180 Jcm−2 (green line). (E-H) The boxplots in these panels de-
pict the digital clinical studies implemented using the three available pools of virtual
patients, for four possible cases on the frequency of treatment sessions considering a
treatment of 12 weeks with a fluence of 15 Jcm−2, 45 Jcm−2, and 90Jcm−2. On each
box, the central round mark represents the median. The lines on the top and bottom
of each box encompass the most extreme data points not considered outliers. The
four tested cases are: (E) The first third of the treatment with daily treatment sessions,
followed by two-thirds of every other day treatment. (F) Two-thirds of the treatment
with daily sessions, followed by one-third of every other day treatment sessions. (G)
Twelve weeks of daily treatment. (H) Twelve weeks of every other day treatment. (I-K)
Simulations performed for a treatment protocol with a varying treatment length of
14 to 140 days and a fluence ranging from 15 Jcm−2 to 500 Jcm−2 are described in 3D
plots for the virtual patients of CT02 (I), CT03-45 (J), and CT03-90 (K).

5.4 Discussion and conclusion

The main purpose of the mechanistic model of blue light as treatment of psoriasis
is to simulate the effect of a certain therapeutic protocol on the treatment efficacy.
The results from Chapter 4 show that the model reproduces the average response of
a patient cohort to blue light therapy. However, predicting only the average response
does not provide any insight into the variability of the treatment efficacy among the
patients. Further, accounting for the heterogeneity of the patients would increase
the confidence in the simulation results [11]. Here, a methodology is described to
generate groups of virtual patients with similar outcome parameters to those of the
cohorts used in clinical investigations of blue light as treatment for psoriasis [1, 16].
The results of simulations performed with these virtual patients demonstrate the use
of this approach to explore the impact of inter-patient variability in the treatment
efficacy of blue light therapy.

An attractive aspect of the approach used here to develop the virtual patients is that
due to its probabilistic nature, once the population of virtual patients is generated,
it can be used to define subpopulations that match the characteristics of a given
pool of real patients, e.g non and strong-responders. Further, the similarities in
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the parameter sets that define the groups of VPs derived from three sets of real
patients (Figure 5.3 and Appendix Figures 5.5 and 5.6) suggest that the same pool
of virtual patients can be used in a wide variety of in silico clinical studies of blue
light as treatment for psoriasis. Currently, there is no agreement on how virtual
patients should be created, some use Markov Chain Monte Carlo algorithms [11, 18],
while others propose the weighting of model parameters and outputs [19]. However,
the consensus is that the ensemble of VPs should reflect the distribution of the
population-level data. As shown in Figure 5.3, the steps used to create virtual
patients in this chapter lead to a good description of the clinical data. Nevertheless,
the filters used to discern between acceptable and unacceptable parameter sets
are not entirely based on biological observations due to the limited available data
on these parameters. In the future, if patient-specific data is made available on
the blue-light induced changes in proliferation, differentiation, and cell death of
keratinocytes, the algorithm to generate the virtual patients could be improved.

The series of in silico clinical investigations (Figure 5.4) implemented based on
BLISS and the three pools of virtual patients suggest the same trends described
in Chapter 4. However, in contrast with Chapter 4, these predictions are made
based on the total population of virtual patients considered in the study. Compared
to the predictions from Chapter 4, the results described in the current chapter
predict a more optimistic response to the treatment for all therapeutic settings,
including those from the clinical investigation of Pfaff et al. [1]. Nevertheless, the
predictions for the total population are still within the confidence interval reported
in the original clinical investigation. A possible explanation for this discrepancy is
the inclusion of the apoptosis factor (Figure 5.2) θBLβ in the set of parameters that
define each virtual patient. To verify this, future work should include the repetition
of the simulations described in this chapter with a fixed fluence-dependent θBLβ

and an additional sensitivity analysis on this parameter. Regardless of the over-
optimistic predictions, these series of virtual clinical investigations demonstrate the
use of BLISS in the systematic analysis of the impact of the therapeutic settings in
the treatment efficacy of blue light therapy for psoriasis.

This work enables the current model of blue light irradiation for psoriasis to reflect
the inter-subject variability typically observed in clinical investigations and demon-
strates the use of in silico clinical studies in the field of dermatology. Further, it
has the potential to systematically improve the selection of the adequate treatment
protocol for a specific population of psoriasis patients.
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Chapter 6

Explaining the bi-phasic response
of human cells to irradiation by
paradoxical signaling



Abstract

Thus far, the computational work of this thesis has been focused on the effect of
blue light, particularly at 453 nm, on the keratinocytes as part of the skin. In this
chapter, the emphasis is on the contrasting cellular responses of the keratinocytes
to irradiation at short and long wavelengths of the electromagnetic spectrum, as
well as at low and high fluence, irradiance, and exposure times. With the aim of
describing the experimental observations on the irradiation-dependent relative
number of keratinocytes, one mathematical description is proposed. This simple
model captures various aspects of the keratinocytes response to irradiation with
wavelengths in the range of 300 nm to 1000 nm. The main message of this chapter
is that despite the complexity of the underlying mechanism and the interdepen-
dence of parameters and experimental conditions, there is an inherent simplicity
to the response of keratinocytes to light which can be described in silico based on
paradoxical signaling and network motifs.
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6.1 Introduction

In the first chapters of this thesis, I emphasized the need to understand the intrinsic
and extrinsic factors that define the outcome of blue light therapy in patients with
inflammatory skin diseases. Chapters 3 to 5 provide valuable insight into these
factors and rely on the available experimental and clinical observations related to
these diseases and the effect of blue light on human cells and the skin. Further,
the model described in Chapter 4 (i.e. BLISS) explores the underlying mechanism
of blue light irradiation on keratinocytes and the skin. It explains the decrease in
the severity of psoriasis as a consequence of the reduced proliferative capacity of
keratinocytes during the length of the treatment with blue light at a wavelength
of 453 nm. However, the cellular response to irradiation is known to vary with the
wavelength [1, 2] (Figure 6.1). The model described in Chapter 4 does not comprise
the wavelength dependency for the blue or any other range of the electromagnetic
spectrum. In addition to a decrease in the cellular proliferation [3–5], blue light
has also been shown to induce an increase in the number of cells [6], yield growth
inhibition [7–10], and cause cell death [3, 11–13] in diverse cell types. Despite the
contribution of BLISS to the study of skin irradiation, the model does not explain
why the experimental investigations would yield such contrasting outcomes at a
cellular level. The results from Chapters 4 and 5, along with experimental results
show a fluence-dependent effect on the cells [14, 15], which has been suggested to
determine the observed effect [16, 17].

The fluence dependency is often described by the Arndt-Schulz curve [18], which
states that when the energy density is either too weak or too strong, light exposure
results in either nonobservable or inhibitory effect [19]. The Arndt-Schulz curve may
also describe the wavelength dependency (Figure 6.1). Nevertheless, the bound-
aries of this bi-phasic wavelength and fluence dependent response remain poorly
defined. Further, other irradiation settings like intensity and exposure time may
also influence the effect of irradiation on the cells. Clearly, a systematic study of the
impact of irradiation settings on the cellular response is needed. Implementing this
investigation in vitro remains a critical challenge due to the biological and techni-
cal constraints of the experimental setups. However, indications on experimental
parameters and analysis targets can be derived from in silico analysis.

The bi-phasic control of growth by endogenous and exogenous stimuli is recurrent
in physiological systems [20]. Examples include the regulation of T helper 1 cells
by cytokine IL-27 [21], the control of T-cells by cytokine IL-2 and antigen level [22],
the regulation of beta-cell mass by glucose [23], and the control of proliferation in
epithelial cells by mechanical stretch through Piezo 1 [24]. Further, bi-phasic regula-
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tion of cellular processes also applies to the nitric oxide (NO) and reactive oxygen
species (ROS) -mediated control of normal [25, 26] and cancer cells [26], which is
relevant to understand the underlying mechanisms of visible light on human cells
[27]. In keratinocytes, NO is mostly known for inhibiting their proliferation and
enhancing their differentiation [25]. However, a stimulatory action of NO has also
been reported for keratinocytes proliferation [25, 28]. This paradoxical behavior
has been attributed to the concentrations of nitric oxide used in the experimental
setups [25], where low concentrations of exogenous NO enhance the proliferation
of the cells and high concentrations of this molecule decrease it [28, 29]. Reactive
oxygen species activate several pathways involved in the growth, survival, and pro-
liferation of normal cells [26]. In cancer cells, ROS are needed for tumorigenesis,
but too low and too high ROS levels respectively result in a cytostatic and cytotoxic
effect [26]. Regardless of whether the downstream effects of exposure to blue light
and other wavelengths in the visible spectrum are driven by nitric oxide or reactive
oxygen species, the concentration-dependent regulation of cellular processes by
these molecules might explain the contrasting results reported in the literature.
Nevertheless, the systematic and standardized measurement of NO and ROS con-
centrations in human cells upon irradiation with short and long wavelengths in the
visible spectrum is yet to be implemented.
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Figure 6.1: The wavelength, fluence, and intensity dependency of the irradiation
effect on keratinocytes. The irradiation of keratinocytes at short and long wave-
lengths within the visible spectrum leads to either stimulatory or inhibitory effect,
reflected by the increase or decrease of the relative cell number. Fluence (dashed lines)
and intensity (solid lines) also influence the irradiation outcome. This figure is based
on the data of Liebmann et al. [1] and Huang et al. [30].

The existence of paradoxical signaling has been addressed by mathematical mod-
eling of biological cell circuits [20, 31–33], also known as network motifs, enabling
the understanding of the inherent behavior in the systems and the function of the
paradoxical components. A biological cell circuit is defined as a group of elements
that interact with one another and perform a specific function [20]. A paradoxical
component is a circuit element that has two simultaneous opposite effects on the
same target or biological process [31], like the regulation of T-cells by cytokines [22].
Mathematical models of biological circuits, with or without paradoxical elements,
describe with just a couple of components and equations, the recurrent patterns
observed in biological systems. Hart et al. [31] defined several general cell circuit
configurations, also known as topologies, that can perform a specific function. They
applied this approach to recurring circuits in immunology and found that many of
these systems comprise pleiotropic signaling molecules, i.e. cytokines, that enhance
the circuits with dynamical functions [31]. If such simple models are able to describe
the function of paradoxical signaling in immunology and other fields, they might
also be able to explain the response of keratinocytes to light at different wavelengths
and irradiation settings.

In this chapter, the antagonistic effect of irradiation on human cells, particularly
keratinocytes, is explored through a simple mathematical description that encom-
passes the response observed in the keratinocytes upon exposure to the light.

6.2 Materials and methods

6.2.1 The data

Data from the experiments of Liebmann et al. [1] and Huang et al. [30] is used. Table
6.1 shows the resulting relative cell number after irradiation with 12 Jcm−2 - 120
Jcm−2 of visible to near-infrared light (412 nm - 940 nm).
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Table 6.1: Experimental data on the relative number of keratinocytes upon irradia-
tion with wavelengths in the visible range of the electromagnetic spectrum

Wavelength
(nm)

Fluence
(Jcm−2)

Power fluence
(Wcm−2)

Relative cell
number (%)

Exposure time
(s)

Reference

412 0 0 1 0
412 33 0.087 0.68 379.31
412 66 0.087 0.40 758.62
412 100 0.087 0.10 1149.43
419 0 0 1 0
419 33 0.126 0.95 261.90
419 66 0.126 0.50 523.81
419 100 0.126 0.38 793.65
426 0 0 1 0
426 33 0.068 0.92 485.29
426 66 0.068 0.70 970.59 [1]
426 100 0.068 0.60 1470.59
453 0 0 1 0
453 33 0.066 0.82 500.00
453 66 0.066 0.70 1000.00
453 100 0.066 0.58 1515.15
632 0 0 1 0
632 20 0.038 1.10 526.32
632 40 0.038 1.20 1052.63
632 60 0.038 1.10 1578.95
640 0 0 1 0
640 12 0.030 1 400.00 [30]
640 24 0.030 1 800.00
648 0 0 1 0
648 20 0.071 1 281.69
648 60 0.071 1 845.07
648 100 0.071 1.10 1408.45
850 0 0 1 0
850 60 0.050 1 1200.00 [1]
850 120 0.050 1 2400.00
940 0 0 1 0
940 40 0.032 1 1250.00
940 80 0.032 1 2500.00

6.2.2 Model implementation

A simple ordinary differential equations (ODE) model is derived and implemented
in Matlab (The Mathworks Inc.) using ODE-solver ode15s, which is a multistep
variable order solver based on the numerical differentiation formulas. This model
is used to study the response of keratinocytes to irradiation at wavelengths in the
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range of 300 nm to 1000 nm and the impact of irradiation settings on these cells.

6.2.3 Statistical analysis

To assess how well the model fits the experimental data, the coefficient of deter-
mination, R2 is used. R2 refers to the proportion of the variance in the dependent
variable that is predictable from the independent variable [34]. To calculate the
coefficient of determination, equations 6.1 to 6.4 are used. First, the mean of the
data is computed by dividing the sum of all relative cell numbers of the data by the
sample size (Equation 6.1). Then, the total sum of squares (SStot ) is derived as the
sum of the square difference between the relative cell numbers and the mean of
the data (Equation 6.2). Third, the residual sum of squares SSr es is calculated as the
sum of the square difference between the relative cell number of the data and the
model (Equation 6.3). Finally, the coefficient of determination is computed as one
minus the ratio between the residual sum of squares and the total sum of squares
(Equation 6.4).

RelCeld at a = 1

n

n∑
i=1

RelCeld at ai (6.1)

SStot =
∑
i=1

(
RelCelmodeli −RelCeld at ai

)2
(6.2)

SSr es =
∑
i=1

(
RelCeld at ai −RelCelmodeli

)2 (6.3)

R2 = 1− SSr es

SStot
(6.4)

6.3 Results

6.3.1 The model

To describe the behavior of cells after being exposed to irradiation, let’s consider
that light, denoted as E, induces either an increase or decrease in the relative cell
number (Figure 6.2). The effect on the number of cells depends on the level of E. At
low levels, E stimulates cell proliferation. At high levels, E induces cell death. This
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behavior is described by equation 6.5, which corresponds to the equation in Figure
6.2. Here, K represents the number of cells, P(E) corresponds to the cell death rate
at a given energy level, and A(E) indicates the proliferation rate at a certain value of
energy.

dK

d t
= K ∗ (P (E)− A(E)) (6.5)

EK

Low

High

 

( ) ( )( )*
dK

K P   E A E
dt

= −

Figure 6.2: Diagram of keratinocyte’s response to irradiation with a certain en-
ergy level. The relative number of keratinocytes at a certain point in time is depen-
dent on the energy level E of the light irradiated upon the cells. Low energy levels lead
to an increase in the relative number of keratinocytes while high energy levels result
in a decrease in the relative number. The equation in this graphical representation
corresponds to the mathematical description of the keratinocytes response to irradia-
tion with a given energy level. Here, K represents the number of cells, P(E) corresponds
to the cell death rate at a given energy level, and A(E) indicates the proliferation rate
at a certain value of energy.

To account for the wavelength-dependency, the generic E from equation 6.1 is
redefined to the wavelength-dependent photon energy E(λ) (Equation 6.6). The
photon energy is inversely proportional to the wavelength λ. The photon energy is
defined as the product of the Plank’s constant (h) and the speed of light (c), divided
by the wavelength.

E(λ) = h ∗ c

λ
(6.6)

By redefining E, the process depicted in Figure 6.2 is now linked to the experimental
observations of short and long wavelengths. For example, if the photon energy is
high, the wavelength is short, and the resulting number of cells is low. Alternatively,
if the photon energy is low, the wavelength is long, and the resulting number of cells
is high.
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The photon energy-dependent proliferation P(E) and cell death A(E) rates are de-
scribed by Hill equations (Equation 6.7 and 6.8). Where Vp0 is the maximum pro-
liferation rate, Vp1 is the maximum decrease in the proliferation rate, Vm0 is the
minimum cell death rate, Vm1 is the maximum increase in the cell death rate, kd p

and kd A are constants, and n is the Hill coefficient (Table 6.2). The values used for
these parameters are arbritary.

P (E) =Vp0 +
Vp1(

kdP
E

)n +1
(6.7)

A(E) =Vm0 +
Vm1(

kd A
E

)n +1
(6.8)

Table 6.2: Model parameterization
Parameter Value
Vp 0 0.0035 s−1

Vp 1 0.0035 s−1

Vm 0 0.002 s−1

Vm 1 0.0025 s−1

kd p 5.8 x 10−19

kd A 7.5 x 10−19

n 10

6.3.2 Simulations of keratinocytes response to irradiation at a wide wave-
length range

The mathematical description defined by equations 6.5 – 6.8 captures the behavior
observed in the keratinocytes upon irradiation with a wide range of wavelengths
(Figure 6.3). Simulations were implemented for wavelengths in the range of 300 nm
– 1000 nm, considering a time span of 1600 seconds. The output of these simulations
was the predicted number of keratinocytes, which was used to calculate the cell
number reached upon irradiation relative to the cell number achieved without the
exposure of cells to light (Figure 6.3A). The predicted relative cell numbers declined
with decreasing wavelength, which suggests that the shorter the wavelength, the
stronger the effect. Further, Figure 6.3A shows that wavelengths above 600 nm do
not yield a higher or lower relative cell number compared to the non-irradiated
cells. This sigmoidal curve is determined by the photon energy – dependent net
growth rate (Figure 6.3B), which is the subtraction of the proliferation (Figure 6.3C)
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and cell death (Figure 6.3D) rates (Equation 6.6). The curves of these two rates also
follow the behavior described in the literature. The proliferation rate decreases for
wavelengths shorter than 500 nm and the cell death rate increases. The speed with
which the proliferation rate declines and the cell death rate rises determine the
curve followed by the net growth rate and consequently the relative cell number.

Given the simplicity of the model, not all irradiation settings are explicitly consid-
ered. The model includes wavelength and time and excludes fluence and intensity.
Fluence and intensity are linked to the time, which means that knowing two out of
the three parameters, the third one can be calculated. In the model, assumptions
had to be made regarding the fluence and intensity. Based on the results of Chap-
ters 4 and 5 of this thesis, it was initially assumed that the predicted relative cell
number depends on the time and fluence. To explore this assumption, the model
predictions were compared to the keratinocyte data from Liebmann et al. [1] and
Huang et al. [30] (Figure 6.3A). The results from this comparison explained 63 % of
the experimental observations, based on the coefficient of determination R2. The
data points that matched the description are spread throughout the wavelength
range and comprise a varying fluence and intensity. The experimentally observed
relative cell numbers that were described by the curve of Figure 6.3A comprised
a similar time span to the one from the simulations. These results confirmed the
initial model assumption on the fluence. Zooming into the data points from Figure
6.3A, it is observed that those closer to the curve correspond to a fluence of 60
Jcm−2 and 66 Jcm−2. Excluding the rest of the data, the coefficient of determination
increased from 0.63 to 0.91, which indicated that model adequately describes the
data with a fluence of 60 Jcm−2 and 66 Jcm−2, regardless of the intensity used in the
experiments.

Next, the impact of the time span on the relative cell number was analyzed. The sim-
ulation results suggested that reducing the time span would yield a lower decrease in
the relative cell number compared to the results from Figure 6.3A, while increasing
it would lead to a higher reduction in the relative cell number. These observations
are in agreement with the data from Table 6.1, where shorter time lengths and lower
fluence levels yield a smaller change in the relative cell number compared to longer
time spans and higher fluences, regardless of the intensity.
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Figure 6.3: Prediction of the relative number of keratinocytes upon irradiation at
various wavelengths. (A) The relative cell number for wavelengths in the range of 300
nm - 1000 nm is compared to experimental data [1, 30] on the relative cell number
upon irradiation at several wavelengths and distinct fluence. The fluence used to
acquire each data point ranged from 12 Jcm−2 to 100 Jcm−2. (B) The net growth rate
that determines the relative cell number is plotted for wavelengths in the range of
300 nm - 1000 nm. The net growth rate is the result of the difference between the
proliferation rate and the cell death rate. These rates are depicted in panels (C) and
(D) respectively.

6.4 Discussion and conclusion

The results presented in this chapter show that despite the missing pieces in our un-
derstanding of the underlying mechanisms of human cells exposed to wavelengths
in the visible and ultraviolet range of the spectrum, the behavior of the cells can be
reproduced by a few simple equations. The mathematical model described in this
chapter captures various aspects of the keratinocytes response to irradiation with a
wide range of wavelengths (Figure 6.3). It also offers hints on which irradiation set-
tings may define the response of cells to light exposure. It provides the foundations
for a framework that can aid in improving the current understanding of the effect of
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light on human cells and the testing of experimental irradiation setups.

In the field of photobiology, others have also used computational frameworks to
explore the exposure of cells to specific wavelengths [35–37]. However, none of those
models comprise the flexibility to investigate different spectral regions with the
same framework. The model described in this chapter, though phenomenological
in nature, includes both biological and optical parameters. The model comprises
parameters like the energy of photons, proliferation and cell death rates (Equations
6.5-6.8). Common experimental setups for irradiating human cells consider four
main optical parameters, i.e. wavelength, exposure time, fluence, and intensity [1, 5].
It is clear that these parameters define the outcome of the experiments [1, 38, 39],
but it is not fully understood which parameter may influence the most. The in vitro
study of these parameters and their possible combinations are often constrained by
technical aspects like the availability of light sources or the experimental setup itself.
The model proposed here allows the direct testing of exposure time and wavelength.
This enables the model to explore whether the wavelength alone can determine the
outcome. The model predictions propose that a specific change in the cell number
is not unique to a certain wavelength but to the combination of this parameter
with the rest. The inclusion of only wavelength and time imposes a key assumption
related to the fluence and intensity settings when comparing the model predictions
to experimental data. The comparison of the model results to the experimental data
(Figure 6.3A) suggests that fluence rather than intensity define the change in the
cell number. Awakowicz et al. [38] investigated the impact of blue light at 453 nm in
endothelial cells using fluences in the range of 33 Jcm−2 - 100 Jcm−2, and low ( 60
W) and high (300 W) continuous and pulsed intensities, in four and forty minutes
of irradiation. Contrary to what the results of this chapter suggest, they indicated
that a given fluence applied in a short time at a high irradiance is less effective
in decreasing the relative proliferation of endothelial cells compared to when it
is applied in a long exposure time at low irradiance. Awakowicz et al. [38] also
showed that short irradiation times and low fluence levels result in a smaller change
in the relative proliferation of endothelial cells compared to long time spans and
high fluences. The results of the model proposed in this chapter are in agreement
with this observation. The explicit inclusion of either intensity or fluence in the
model is needed to provide more accurate predictions regarding the impact of
fluence, intensity, and exposure time on the cell number. The key challenge for
future work would be the definition of the equation that accounts for either of the
two parameters in addition to the wavelength.

The exposure of human cells to a wide range of wavelengths in the electromag-
netic spectrum involves complex underlying mechanisms that are yet to be fully
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elucidated [27, 40–43]. Regardless of the mechanism, it is known that wavelengths
in the ultraviolet spectral range induce cell death [44] while longer wavelengths
may only impact the cellular proliferation [1]. The model proposed in this chapter
(Figure 6.2 and Equations 6.5-6.8) reproduces these high-level observations despite
its simplicity. However, the proposed model has one important limitation, i.e. it is
mathematically unstable. This is because it only accounts for state (Equation 6.5).
Therefore, it cannot provide accurate predictions on the bi-phasic response as it
is. Including a second state would solve the issue. To ensure the bi-stability in the
model, this second state should describe a molecule that is simultaneously pro-
duced by the cells and regulates its core cellular processes [22, 33]. Reactive oxygen
species and nitric oxide represent the ideal candidate for the molecule described
by this second state. The irradiation-mediated regulation of proliferation and cell
death is the result of downstream signaling events induced by the release of reactive
oxygen species and nitric oxide [2, 6, 45–48] upon energy absorption [27]. However,
it is not clear which of the two drives the observed response of cells to irradiation
with a specific spectral range. Further, they both induce a concentration-dependent
bi-phasic effect on the cells [25, 26]. Nevertheless, the specific concentrations re-
leased with a given combination of irradiation settings are not well characterized
yet. The lack of quantitative data is presently the main constraint for extending the
current model into a bi-stable system that comprises the paradoxical signaling of
nitric oxide and ROS in the context of irradiation of human cells.

The model described in this chapter shows that a simple mathematical description
can already describe the main outcome of the irradiation-mediated regulation of
cells viability. Increasing the model complexity would allow the systematic study of
the ROS and NO-mediated response of keratinocytes to irradiation, including the
role of low and high concentrations of nitric oxide and reactive oxygen species in
the regulation of proliferation and cell death.
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7.1 Summary of contributions

The research described in this thesis studies blue light phototherapy in the context
of inflammatory skin diseases and identifies factors that influence the treatment
outcome. This was addressed through the implementation of in silico methods that
merge the experimental and clinical observations on the irradiation of blue light
on the skin and skin related cell types, particularly keratinocytes. The following
paragraphs present the main contributions of this thesis and discuss its limitations
and outlook.

The analysis presented in Chapter 2 shows the conflicting theories on which molec-
ular photoreceptors, signaling molecules, and pathways drive the therapeutic effect
of blue light. Further, it proposes that the irradiation settings are the main factor
determining the experimental and clinical observations.

The individual differences on the patients skin constitute an important factor defin-
ing the response to treatment. The digital quantification of the skin’s composition
based on the deconvolution of expression data from skin biopsies enables the
patient-specific profiling of changes in several cell types and the monitoring of the
treatment effect in a given patient (Chapter 3). If gene expression data acquired
from skin samples treated with blue light were made available, the methodology
presented in Chapter 3 would aid in identifying the main cell types affected by this
therapeutic approach. Furthermore, it would allow the enumeration of changes in
tissue composition that characterize responder and non-responder patients.

The development of the mechanistic model for blue light phototherapy of psoriasis
BLISS, described in Chapter 4, enables the investigation of the underlying mech-
anism of the treatment approach and the systematic testing of the effect of the
irradiation settings on the therapeutic efficacy of blue light for the average psori-
asis patient (Chapter 4) and the complete patient population (Chapter 5). BLISS
suggests that a reduction in the proliferative capacity of keratinocytes is sufficient
to induce a temporary drop in the severity of psoriasis (Chapter 4). Further, the
model predicts that treatment regimes with a duration equal or higher than twelve
weeks and a fluence between 90 Jcm−2 - 500 Jcm−2 yield a disease severity reduc-
tion higher than fifty percent (Chapter 4). The model predictions also suggest that
the treatment efficacy can be increased for all patients, including those with low
treatment response by implementing a therapeutic protocol with daily treatment, a
higher fluence, and increased length of treatment compared to the currently used
settings (Chapter 5). BLISS enables the implementation of in silico clinical studies
on the therapeutic protocol of blue light irradiation as treatment of inflammatory
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skin diseases.

The proposition of a simple mathematical model based on the concepts of para-
doxical signaling and network motifs as the means to explain the bi-phasic effect
of irradiation on human cells, particularly keratinocytes, enables the in silico study
of cell viability upon exposure to light at a given wavelength and specific settings
(Chapter 6).

The findings and predictions from the work described in this thesis show that the
heterogeneity of the patient’s skin (Chapter 3) and the irradiation settings used for
the irradiation of skin with blue light (Chapters 4-5) are the main factors that deter-
mine the efficacy of this therapeutic approach. Further, the two irradiation settings
predicted to have the most significant impact on the management of psoriasis are
fluence and length of treatment (Chapters 4-5). Simulations done solely based on
experimental data from keratinocytes suggest that the fluence determines the cell
viability (Chapter 6).

7.2 Study limitations

The work presented in this thesis investigates the use of blue light as treatment for
chronic inflammatory skin disease by combining experimental and clinical data
into computational frameworks. It provides valuable knowledge into the underlying
mechanisms and the factors that influence the treatment response in a certain
patient. However, this work has two important limitations.

The first constraint is that it cannot provide any insight into the potential systemic
effects of blue light on chronic inflammatory skin diseases. The clinical data used in
the development of BLISS was derived from local psoriasis treatment [1]. Therefore,
the model only accounts for the epidermis and describes the local treatment of a
psoriasis lesion (Chapter 4). Chronic inflammatory skin conditions are systemic
diseases despite their local symptoms. It is possible that blue light induces certain
effects beyond the skin through the release of nitric oxide, like the reduction of
systemic inflammation. However, this is yet to be investigated. The methodology
described in Chapter 3 could potentially be used to explore the systemic effect of
blue light on healthy subjects and patients with an inflammatory skin disease. Nev-
ertheless, it would require the use of a different signature matrix and the acquisition
of gene expression data from blood samples upon local and full-body irradiation
with blue light.
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The second limitation of this work is the lack of flexibility in BLISS to account for
other wavelengths in the blue region of the electromagnetic spectrum (Chapter
4). This imposes an important assumption in the model, i.e. that all wavelengths
in the blue region have a similar effect on the skin of psoriasis patients. However,
Liebmann et al. [2] reported an increase in cytotoxicity with decreasing wavelengths
of blue light. The inclusion of the wavelength in BLISS could be implemented by a
wavelength-dependent adjustment of the keratinocytes proliferation, differentiation
and apoptosis rates. The challenge of implementing the wavelength inclusion in the
model would be its validation. Currently, the availability of clinical data investigating
the irradiation of psoriasis skin with blue light at a wavelength different to 453 nm is
scarce. Only one study has shown that irradiation of psoriasis lesions at a wavelength
of 420 nm yield the same outcome as treatment with 453 nm [3].

7.3 Future perspectives

This thesis demonstrates the value of computational methodologies in the field of
photodermatology and points towards intriguing research questions to investigate
in silico, in vitro, and in vivo.

7.3.1 Experimental validation of this thesis predictions and hypothesis

Computational modeling is by definition an iterative process that requires constant
experimental support to verify and improve the predictions made by the model
[4]. Therefore, it is necessary to perform experimental testing of the predictions
and theories achieved with the in silico approaches described in this thesis. The
deconvolution of skin-derived gene expression data in Chapter 3 led to the un-
expected and new finding of the statistically significant abundance of adipocytes
and adipose stem cells in the skin samples of healthy subjects and patients with
psoriasis and atopic dermatitis. This observation needs to be further investigated in
cell and skin cultures [5], and immunohistochemistry studies [6], in both healthy
and disease conditions. The predictions made by BLISS on the average (Chapter
4) and population-wide (Chapter 5) response to blue light therapy with different
combinations of irradiation settings must be tested in clinical studies where the
fluence, frequency of irradiation sessions, the treatment length are assessed at
once. Previous clinical studies have investigated only a limited number of settings
combinations, e.g. four weeks treatment with low [7] and high [3] fluence, and 12
weeks treatment with high fluence [1]. Additionally, experimental studies should

135



Chapter 7

also focus on cell cultures [2] of keratinocytes and other cell types where the effect
of wavelength, fluence, and intensity on the number of cells are consistently and
systematically tested. These experiments would contribute to verify and improve
the model described in Chapter 6.

7.3.2 BLISS as an advisory tool for patients undergoing blue light ther-
apy

Blue light therapy for psoriasis constitutes a safe and cost-effective [8] treatment
with a potential increase in popularity among clinicians and patients [9]. The rise in
the use of this therapeutic approach calls for an advisory tool for patients that can
provide them with simple tips on how to maximize the efficacy of their treatment
based on the severity of their lesions. This tool should also give predictions to the
patient on the possible treatment outcome if the advice is followed. The model on
blue light treatment of psoriasis, described in Chapters 4 and 5, could be used as the
basis for this tool. This would require personalizing the model to the physiological
characteristics of a given patient or group of patients. Currently, the model only
describes the treatment efficacy with a specific therapeutic protocol in the average
patient and the whole population. Personalizing the model entails the acquisition
of a significant amount of patient data on the severity of the disease, their response
to the treatment, and the thickness of their epidermis.

7.3.3 The effect of blue light on the immune system

The models presented in Chapters 4,5, and 6 are mainly focused on the response
of keratinocytes to blue light applied directly on the cells (Chapter 6) or the skin
of a psoriasis patient (Chapters 4-5). However, blue light also affects immune cells
like T-cells [2] and dendritic cells [10], and impairs the production of cytokines like
TNF-α and IL-6 [11]. Further, the decrease in the local severity of psoriasis due to
blue light therapy, reported in clinical investigations [1], comprises a reduction in
the redness and inflammation of the treated lesion in addition to the decrease in
epidermal thickness. The model from Chapters 4 and 5 indirectly accounts for the
contribution of the immune system to the regulation of the keratinocytes. However,
the effect of blue light on the immune cells is not included in the model. The model
assumes that the local decrease in the severity of the disease is mostly due to the
effect of blue light on the keratinocytes. Nevertheless, the role of the immune system
in this response cannot be discarded. The explicit inclusion of the effect of blue
light on the immune cells within the BLISS calls for additional experimental studies
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where the effect of blue light is analyzed in interacting cell types, e.g. in co-cultures
of keratinocytes and immune cells [12].

7.3.4 The role of reactive oxygen species and nitric oxide in the cellular
response to light exposure

The response of human cells to blue light and other wavelengths in the electromag-
netic spectrum is the result of downstream signaling effects mediated by molecules
like reactive oxygen species and nitric oxide, which are released in the cells upon
energy absorption by the molecular photoreceptors [13]. However, the exact con-
centrations of released reactive oxygen species and nitric oxide upon the irradiation
of the cells with wavelengths in the visible spectral range remain elusive. Quantify-
ing these concentrations could aid in deepening the understanding of the cellular
response to a given combination of wavelength, fluence, and exposure time, using
experimental techniques [14, 15] and the extended model proposed in Chapter 6.

7.3.5 The role of the microbiome in the blue light therapy of skin

The study of the skin microbiome represents a fascinating topic that researchers
have recently started to unravel [16]. Methods like pyrosequencing assays of bacte-
rial 16S rRNA genes have been used to identify and characterize the microorganisms
present on the skin, and investigate their contribution to the skin in health and
disease [17]. The study of the skin microbiome has led to discovering that microbes
present on the skin affect the functions of human immunity [18]. Further, crosstalk
between cellular and microbial elements in the skin regulate the local and systemic
immune responses and ensure an efficient host defense [19]. The dysregulation
of this finely-tuned interaction between microbial communities and the immune
system contributes to the pathogenesis of chronic inflammatory skin diseases like
psoriasis [20]. Blue light has an antimicrobial effect, which is known to be involved
in the therapeutic effect of blue light as treatment of acne [21]. Given the recent
discoveries on the role of the microbiome in chronic inflammatory skin diseases
[20], it would be exciting to study the effect of blue light on the skin microbiome
in health and disease, particularly in dermatological conditions like psoriasis and
atopic dermatitis.
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Modeling the Effect of Blue Light Irradiation on Inflammatory Skin Dis-
eases

The skin, the largest organ of the human body, protects it from harmful microorgan-
isms and substances and limits its water loss. In case of an internal or external threat,
an inflammatory response is triggered in the skin for protective and regenerative pur-
poses. However, the interplay between genetic susceptibility, environmental factors,
and an impaired immune response can result in chronic inflammatory dermatologi-
cal conditions like psoriasis and atopic dermatitis. These diseases are characterized
by strong inflammation and the deregulation of proliferation and differentiation in
the structural skin cells known as keratinocytes. Clinical investigations show that
blue light irradiation decreases the symptoms of these dermatological conditions.
Nevertheless, the exact underlying mechanism of blue light phototherapy leading to
the management of these conditions is yet to be fully elucidated. Despite the good
efficacy of blue light in treating psoriasis and atopic dermatitis, there is currently no
systematic definition of the settings comprised in an effective treatment protocol to
achieve a strong therapeutic effect in lesions of these conditions. Computational
methodologies like deconvolution of gene expression data and numerical modeling
are powerful tools that enable the systematic study of diseases and the underlying
mechanisms of therapeutic approaches like phototherapy. In this thesis, in silico
methodologies that integrate the experimental and clinical observations are used to
investigate blue light as treatment of chronic inflammatory skin conditions. Here,
the focus is on the intrinsic and extrinsic factors that may determine the outcome of
this therapeutic approach in patients with psoriasis and atopic dermatitis.

First, the current understanding of the molecular and cellular mechanisms of blue
light irradiation on mammalian cells is revised (Chapter 2). The conflicting theories
on the molecular photoreceptors of blue light, the released signaling molecules, and
the induced downstream processes that drive the therapeutic effects of blue light are
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thoroughly described. From this analysis, it is evident that open questions remain
on the therapeutic applications of blue light, particularly for chronic inflammatory
skin conditions, e.g. the settings of the most optimal treatment protocol.

Next, the differences in the cellular composition of the skin of patients with psori-
asis and atopic dermatitis are analyzed based on the deconvolution of expression
data from skin biopsies (Chapter 3). It is here shown that changes in the relative
abundance of skin-related cell types can be used to distinguish between mild and
severe cases of psoriasis and atopic dermatitis, and trace the effect of treatment in a
given patient or group of patients.

The understanding of the skin’s composition (Chapter 3) and the underlying mech-
anisms of blue light as treatment of chronic inflammatory skin conditions (Chapter
2) is used in the development of a mechanistic model for blue light phototherapy of
psoriasis, i.e. BLISS (Chapter 4). BLISS is employed to investigate the underlying
mechanism of the therapeutic approach and the systematic analysis of a wide range
of treatment protocols in the average patient (Chapter 4) and the complete patient
population (Chapter 5) commonly used in clinical studies. The simulations on the
average patient indicate that treatment regimes with a duration equal to or higher
than twelve weeks and a fluence between 90 - 500 Jcm−2 yield a disease severity
reduction higher than fifty percent (Chapter 4). BLISS also suggests that the treat-
ment efficacy can be increased for all patients, including those with low treatment
response by implementing a therapeutic protocol with daily treatment, a higher
fluence, and increased length of treatment compared to the currently used settings
(Chapter 5).

The impact of the irradiation settings on the response of keratinocytes is also ex-
plored at a cellular level using the concepts of paradoxical signaling and network
motifs (Chapter 6). Here, a simple mathematical model is defined. This model
captures the essence of irradiation as an exogenous stimulus on the keratinocytes
and suggests that the fluence determines the cell viability.

Overall, this thesis provides a computational framework for the systematic study of
blue light as treatment of chronic inflammatory skin diseases.
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