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ABSTRACT
The goal of this bachelor’s thesis is to give a clear view on in silico modeling of
pathogenic viruses that can influence immune system. This work is made of literary
research of in silico modeling with focus on immune system, research of mechanisms
that influence pathogens with immune system, preparation of data for making and
validating model with key equations that will describe dynamic behavior of immune
cells, development of model describing interactions between virus and immune system
and lastly validating the results.
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ABSTRAKT
Cieľom tejto bakalárskej práce je poskytnúť prehľadný pohľad počítačového modelova-
nia patogénnych vírusov ktoré môžu ovplyvniť imunitný systém. Práca sa bude zakladať
z vypracovania literárneho rešeršu in silico modelovánia so zameraním na imunitný sys-
tém, rešerš o mechanizmoch pôsobenia patogénov na imunitný systém, prípravenia dát
pre vytvorenie a validáciu modelu s kľúčovými rovnicami ktoré popíšu dynamické cho-
vanie imunitných buniek, vytvorenie modelu zachycujúce interakcie medzi vírusom a
imunitným systémom a validáciu výsledkov.
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Počítačové modelovanie, imunitný systém, imunitná odpoveď, patogénny vírus
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ROZŠÍŘENÝ ABSTRAKT

Vírusy sú jednými z najstarších foriem života na zemi. Ľudstvo trpelo virálnymi
infekciami od začiatku svojej histórie. Vírusy a ich patogény sú infekčné častice
obsahujúce buď DNA alebo RNA vo svojom genóme. Ochorenia spôsobené týmito
virálnymi patogénmi sú rôzne a môžu sa líšiť v závislosti od virálnej familae alebo
od imunitného systému infikovaného jedinca.

In silico modelovanie a bioinformatika sú vedecké oblasti, ktoré v modernej
dobe výrazne pokročili, čím umožnili vývoj nových, lepších a efektívnejších experi-
mentálnych a analalytických nástrojov, schopných poskytovať svojim používateľom
veľmi bohaté a rozvinuté informácie. Cieľom týchto modelov nie je nahradiť ex-
perimentálny výskum, ale namiesto toho slúžiť ako komplementárny doplnok s
využitím pri parametrizácii, kalibrácii a validácii in silico modelov.

Virálne patogény sa môžu líšiť svojimi efektmi, od miernych a obmedzujú-
cich až po akútne, fatálne ochorenia. Naše moderné pochopenie virálnych rodín
zahŕňa mnohé vírusy, ktoré môžu ovplyvniť tak ľudí, ako aj zvieratá, ako naprík-
lad Filoviridae, Arenaviridae, Bunyaviridae, Paramyxoviridae, Coronaviridae, Or-
thomyxoviridae a mnoho iných. Moderné pochopenie nám umožnilo tiež iden-
tifikovať tieto vírusy ako pôvodcov mnohých historicky dôležitých pandémií ako
napr. španielska chrípka (kmeň influenzy A), ktorá je zodpovedná za smrť viac
než 50 milíonov ľudí, alebo aktuálnejšie, Covid-19 pandémia.

In silico modelovanie je teda práve možnou cestou k lepšiemu porozumeniu
mechanizmov virálnych ochorení a predikcii ich chovania. Cieľom tejto práce je
poskytnúť čitateľovi teoretický podklad k dynamickému modelovaniu virálneho
ochorenia vo forme Mpox (v minulosti tiež zvaného Monkey Pox, teda Opičie ki-
ahne) so zameraním na podstatné biologické mechanizmy, zber potrebných údajov,
spracovanie príslušných dát, rozvoj hybridného modelu využívajúceho mriežkový
agentom založený prístup a následnú validáciu jeho výstupov.

Prvá kapitola tejto práce je zameraná na teoretické poznatky spojené s in
silico modelovaním. Popisuje využitie týchto modelov, ich moderný rozvoj, štruk-
túru, funkcie a rozdelenia. Modely sú rozdelené podľa ich funkcie na teleolog-
ické, pragmatické a kondicionálne. V ďalších častiach je detailnejšie opísaná ich
reprezentácia a typológia. Prvým opísaným modelom je agentom založené mod-
elovanie, ktoré využíva reprezentáciu buniek ako "agentov", okupujúcich určitý



bod na matici s dvoma populáciami, jedna zdravá a druhá infikovaná. Bunky
sú schopné pohybu, reprodukcie alebo aj úmrtia. Presnejší popis, vrátane prís-
lušných vzorcov, sa nachádza v podkapitole 1.2.1 V ďalšom bode sú podrobnejšie
opísané modely využívajúce obyčajné diferenciálne rovnice, ktoré sa využívajú v
systémoch opisujúcich zmeny v kvantite alebo koncentrácii rozličných parametrov,
v závislosti od času a ich využitie v deterministickom modelovaní. Posledný bod
druhej podkapitoly ďalej popisuje stochastické modely, reprezentované stochastick-
ými diferenciálnymi rovnicami, ktoré môžu mať využitie pri opise delenia buniek,
smrti, infekčných procesov, aktivácie imunitného systému a virálneho delenia, vrá-
tane presnejšieho popisu prípadov ako je pučenie alebo praskanie ako forma vi-
ralnej reprodukcie. Poslednou podkapitolou je prehľad v oblasti imunitného sys-
tému, popisujúci detekciu virálnej infekcie a dôležitú funkciu vrodenej imunitnej
odpovede na túto externú hrozbu. Popisuje mechanizmus detekcie virálnych častíc,
vrátane PRRs (Pattern recognition receptors, teda receptory rozoznávajúce vzory),
produkciu interferónov, chemokínov a cytokínov.

Druhá kapitola tejto práce je zameraná na interakciu patogénov s ľudským
telom. Prvá podkapitola opisuje samostatné virálne častice a uvádza mnohé
virálne rodiny ako pôvodcov historicky významných pandemií, ako azijská chrípka,
španielska chrípka alebo hongkongská chrípka. Ďalšou časťou tejto podkapitoly
je hlbší pohľad na patogenézu a detekciu so zameraním na vrodenú imunitnú
odpoveď. Popisuje s tým spojenú signalizáciu, úlohu interferónov v antivirálnej
odpovedi, cytokínovú búrku a ďalšie mechanizmy vrodenej odpovede, ako je pen-
etrácia fyzikálnych bariér, vyhýbanie sa rozpoznaniu od PRR alebo potlačenie imu-
nitnej odpovede spojené s inaktiváciou transkripčných faktorov bunky. Podkapi-
tola 2.4 je venovaná adaptívnej imunitnej odpovedi. Podrobnejšie sa venuje T a B
lymfocytom a ich mechanizmom účinku. Záver tejto kapitoly tvorí opis vakciná-
cie a imunoterapeutických stratégií, ktoré predstavujú moderné metódy umožňujú
nové terapeutické postupy, ako je využitie intravenóznych imunoglobulínov, an-
tivirálnych farmaceutík ako brincidofovir alebo tecovirimat, využitie monoklonál-
nych protilátok alebo terapeutické využitie NK buniek.

Tretia kapitola je zameraná na príslušné zber relevantných dát, ktoré poukazujú
na podobnosť expresie s inými vírusovými ochoreniami v tejto rodine, ako sú pravé
kiahne (Variola, česky neštovice) alebo kravské kiahne. Štúdia ďalej poukazovala
na podobnosť medzi analyzovanými proteínmi spojenými s týmito ochoreniami.



Študovaný genóm je z Mpox prípadov z mája 2022 v Lisabone a poukázal na
výrazné podobnosti v rodine Orthopoxvírusov pri javoch, ako sú imunitná odpoveď
pri aktivácii T-lymfocytov, produkcia cytokínov, signalizácia atď. Ďalej sa venujem
zberu relevantných dát na testovanie modelu vo forme experimentálnych výsledkov
spojených s Mpox ochorením. Posledným bodom sú rovnice charakteristické pre
mnohé funkcie v programovacom softvéri CompuCell3D, ktorý bol využitý pri
vývoji modelu a popísaný v poslednej kapitole.

Posledná kapitola opisuje hybridný model CPM implementovaný v softvéri
CompuCell3D, ktorý používa Hamiltonove funkcie na zachytenie biofyzikálnych
interakcii. CPM ďalej používa Monte Carlo kroky (MCS), pri ktorých sú náhodné
zmeny a interakcie medzi bunkami modelované na základe zmeny energie H, po-
mocou Boltzmannovej pravdepodobnosti akceptácie, ktorá je podrobnejšie opísaná
v bode 4.1.

Model implementovaný v tejto práci simuluje virálnu infekciu v epiteliálnych
tkanivách, kde zachytáva interakcie medzi zdravými bunkami, infikovanými bunkami,
imunitnými bunkami ako NK bunky a T bunky, vírusom a cytokínmi. Časť mod-
elu, napísaná v skripte Python, obsahuje Steppables, ktoré opisujú interakcie medzi
bunkami. Patria sem Steppables, zodpovedné za iniciálnu infekciu, internalizáciu
a šírenie infekcie, delenie vírusu a bunečnú smrť, sekréciu cytokínov, imunitnú
odpoveď, diferenciáciu a chemotaxiu.

Význam vrodenej imunitnej odpovede, interakcia hostiteľských buniek počas
vírusovej záťaže, ako aj mechanizmy adaptívnej imunitnej odpovede, interakcie
a spôsoby imunitného úniku sú kľúčovými faktormi pri konštrukcii dynamických
modelov, napriek tomu, že príslušné modely nemusia svojou vnútornou štruktúrov
skutočne odrážať vnútorné mechanizmy účinku daných interakcií.

Popisované veličiny zahŕňali cytokín, veľkosť vírusového poľa, počet T buniek a
počty neinfikovaných a infikovaných buniek. Na základe sledovania ich dynamiky
a porovnania s klinickými údajmi sme ohodnotili presnosť výstupov modelu.

Verím, že táto práca prinesie čitateľovi nielen cenné poznatky v oblasti vírusových
interakcii, ale poslúži aj ako odrazový mostík pre vývoj sofistikovanejších mode-
lov a poskytovanie lepšieho posúdenia cielených terapeutických zásahov, ako sú
napríklad očkovanie, antivírusové lieky alebo monoklonálne protilátky.



BABINEC, Marek. In silico model of a pathogenic virus affecting the immune system.
Bachelor’s Thesis. Brno: Brno University of Technology, Faculty of Electrical Engi-
neering and Communication, Department of Biomedical Engineering, 2025. Advised
by Ing. Jana Musilová, Ph.D.



Author’s Declaration

Author: Marek Babinec

Author’s ID: 253277

Paper type: Bachelor’s Thesis

Academic year: 2024/25

Topic: In silico model of a pathogenic virus af-
fecting the immune system

I declare that I have written this paper independently, under the guidance of the advisor
and using exclusively the technical references and other sources of information cited in
the paper and listed in the comprehensive bibliography at the end of the paper.

As the author, I furthermore declare that, with respect to the creation of this pa-
per, I have not infringed any copyright or violated anyone’s personal and/or ownership
rights. In this context, I am fully aware of the consequences of breaking Regula-
tion S 11 of the Copyright Act No. 121/2000 Coll. of the Czech Republic, as amended,
and of any breach of rights related to intellectual property or introduced within amend-
ments to relevant Acts such as the Intellectual Property Act or the Criminal Code, Act
No. 40/2009 Coll. of the Czech Republic, Section 2, Head VI, Part 4.

Brno . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
author’s signature∗

∗The author signs only in the printed version.



ACKNOWLEDGEMENT

I would like to thank my advisor Dr. Ing. Jana Musilová for her patience, professional
conduct and excellent suggestions. I would also like to thank my family for their
continuous support during this journey.



Contents

Introduction 12

1 In silico models and immune system 13
1.1 In silico modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.1.1 Structure of models . . . . . . . . . . . . . . . . . . . . . . . 14
1.1.2 Functions of dynamic models . . . . . . . . . . . . . . . . . 15
1.1.3 Representations of models . . . . . . . . . . . . . . . . . . . 15

1.2 Types of models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
1.2.1 Agent-based model . . . . . . . . . . . . . . . . . . . . . . . 16
1.2.2 Ordinary differential equations models . . . . . . . . . . . . 18
1.2.3 Stochastic models . . . . . . . . . . . . . . . . . . . . . . . . 18

1.3 Immune system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.3.1 Detection of viral infections . . . . . . . . . . . . . . . . . . 20

2 Pathogen interactions with immune system 22
2.1 Viral pathogens . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.2 Pathogenesis and detection . . . . . . . . . . . . . . . . . . . . . . . 23
2.3 Innate immune response . . . . . . . . . . . . . . . . . . . . . . . . 23

2.3.1 Innate immune signaling . . . . . . . . . . . . . . . . . . . . 23
2.3.2 Roles of Interferons in Antiviral Responses . . . . . . . . . . 24
2.3.3 Cytokine storm . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.3.4 Other mechanisms . . . . . . . . . . . . . . . . . . . . . . . 25

2.4 Adaptive immune response . . . . . . . . . . . . . . . . . . . . . . . 28
2.4.1 Presentation of antigens . . . . . . . . . . . . . . . . . . . . 29
2.4.2 T cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
2.4.3 B cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

2.5 Immune evasion and vaccination . . . . . . . . . . . . . . . . . . . . 32
2.6 Immunotherapeutic strategies . . . . . . . . . . . . . . . . . . . . . 33

2.6.1 Intravenous immunoglobulin . . . . . . . . . . . . . . . . . . 33
2.6.2 Antiviral drugs . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.6.3 Monoclonal antibodies . . . . . . . . . . . . . . . . . . . . . 34
2.6.4 Therapeutic use of NK cells . . . . . . . . . . . . . . . . . . 35



3 Data collection and preparation 36
3.1 Suitable data collection and preprocessing . . . . . . . . . . . . . . 36
3.2 Key equations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4 Modeling and Simulation of Pathogenic Virus Interactions with
the Immune System 40
4.1 Modeling in CPM . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
4.2 Development of the model . . . . . . . . . . . . . . . . . . . . . . . 41
4.3 Simulating the results . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.3.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4.3.2 Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
4.3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

Conclusion 55

Bibliography 56



Introduction
From time immemorial, humanity has been plagued by viral infections. Viruses
and their pathogens are infectious particles that can contain either DNA or RNA
as their genome. The diseases caused by these viral pathogens can vary, depending
on both the viral pathogen family and the immune system of the individual.[1, 2, 3]

In silico modeling and bioinformatics in general have advanced significantly, al-
lowing for development of experimental and analytical tools that generate information-
rich signal. The intention of these models is not to replace experimental research,
but instead complement it, using experimental data for parameterization, calibra-
tion and validation of in silico models.[4]

Viral pathogens can range in their effects from mild and self-limiting to acute
fatal diseases. There are many viral families that can infect both humans and
animals such as Filoviridae, Arenaviridae, Bunyaviridae, Paramyxoviridae, Coro-
naviridae, Orthomyxoviridae and others. They have been identified as causes of
many pandemics such as, for example „Spanish flu“, strain of influenza A responsi-
ble for the death of over 50 million people or the more recent Covid-19 pandemic.[5]

Thus, in silico modeling may give us both better ability to understand ech-
anisms of viral pathogens and predict their behaviour. The focus of this work
is to be a thorough foundation to dynamic modeling of Mpox with emphasis on
comprehensive overview of underlying biological phenomena, data collection, pre-
processing of the data, development of hybrid model with on-lattice agent-based
approach and validation of its outputs, providing the reader an extensive under-
standing of in-silico modeling and human immune system and its mechanisms of
interaction between pathogens and immune system.
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1 In silico models and immune system
Models are important part of modern scientific field, their use is widespread in the
scientific community and as such this chapter will focus on their basic structures,
functions and possible representations with most common types of models such as
Agent-based models, Ordinary differential equations models and stochastic models
with the last chapter giving insight in viral detection

1.1 In silico modeling
Advances in bioinformatics and systems biology have allowed for modeling and
simulation of diseases, sub-cellular and cellular processes. This field rapidly ad-
vances due to the development of experimental and analytical tools capable of
generating information-rich, high-throughput biological signal.[4]

Most interactions between the components of these systems are described math-
ematically by dynamic systems theory, describing complex biological systems with
nonlinear spatio-temporal behavior. [4]

Dynamic models, especially those used in systems biology, have a purpose in
computational simulation experiments. These models can range in both com-
plexity and defined use and, as such, need to be supported by relevant computer
structures based on formal representations of relevant information[6].

Modern use of models requires a high amount of computational ability due to
the large amount of data forming the basis of dynamic models. Without it, this
"data iceberg" [7] is impossible to analyze.[6]

The intention of these systems is not to replace experimental research, but
complement it, using experimental data for parameterization, calibration, and
validation of in silico models. [4]

As mentioned above, models are used to give us an understanding of patholog-
ical interactions between a virus and its host cell. It is important to note that this
is not the exclusive use of models as their implementation in medicine is varied,
containing examples such as in silico models of cancer, immunological diseases,
lung diseases and other infectious diseases that are not necessarily of viral origin,
complementing conventional research with in vitro models, animal models and
clinical trials.[4]

13



1.1.1 Structure of models

Dynamic models are mathematical descriptions of biological processes and, conse-
quently, are used to answer relevant biological questions. These questions are then
able to explain the biological mechanisms in relevant biological phenomena.[6]

Consequently, dynamic models are formal representations of knowledge relevant
to the function of the model. The resulting analysis of this knowledge is a set of
categories or relations between them, forming "conceptual framework", also called
the "conceptual model" or the "domain model".[6]

Conceptual frameworks are used to identify key components, boundaries and
interactions in a biological system. They compose a simplification of cellular dy-
namics and environmental interactions which will provide the necessary under-
standing of the underlying systems. Frameworks depend on their design for exam-
ple its dimensionality (e.g. 2D or 3D), geometry or parametrization. They outline
relationships quantitatively and qualitatively, using mathematical tools like differ-
ential equations to translate these relationships into dynamic simulations, giving
out predictions and insights, incorporating variability to analyze changes to the
system (f.e. interaction with environment).[8, 9, 10]

An in silico model of pathogenic virus will need to be structured in a way that
will contain the necessary framework, in this case it will need to have elements
of viral components such as genomic structures of viral RNA or DNA, viral
proteins and their interaction with host proteins and the life cycle of the virus
in question, including entry, replication and assembly. Choosing the appropriate
dataset is thus crucial in its future data integration and validation. [11]

Another important element in the construction of in silico model would be
the component of the human host immune system. It would need to account
for both innate immune response to viral load during an infection and to the
adoptive immune response in case of either subsequent infection or in the case
of immunization (for example by vaccination), giving us better understanding in
immune pathology. Further elements would need to account for viral evasion
mechanisms (described in more detail in 2.3.4 and 2.5).[12]

“Models can fulfil many functions as we have seen; but they generally perform
these functions not by being built, but by being used. Models are not passive in-
struments, they must be put to work, used, or manipulated.” [13]

14



1.1.2 Functions of dynamic models

Dynamic models have many functional aspects, namely teleological function,
conditional function and pragmatical function. All of them can be divided
into intrinsic and extrinsic aspects.

Teleological functions answer questions about the biological system under
investigation. These questions are asked under assumptions, intentions of using
the model in experiments called "model use intentions" (e.g. prediction of
behaviour) explaining the extrinsic aspect of teleological function. Their intrinsic
aspect is based on the "intended use" of the model reflecting the the model
use intentions, using constraints reflecting assumptions (e.g. restrictions, ratios
between values, conservation values).

Pragmatical function of dynamic models is used to complement teleological
function of the "experimental settings", leading to observation and verification
of the predicted behaviour of the dynamic model in question and "result calcu-
lations", transforming the final observation of the behaviour being predicted,
describing the extrinsic aspects. Intrinsic aspects of pragmatical function are
"setup", representing procedure applied to the instantiated model and "Post-
processing" of raw data from the simulation experiments generating the desired
outcome.

Conditional functions address questions with the assumption of boundary
conditions determining the environment of the system (e.g. temperature, nutri-
tion, pH) reflected by kinetic data and a specific initial state of the observed
biological system, constituting its extrinsic aspects. Intrinsic aspects are "model
instantiation", that is, concrete values of all parameters and "initial values"
for all state variables.[6]

1.1.3 Representations of models

The model focusing on immune response of the organism can be made with many
different representations i.e. primary lymphatic organs (red bone marrow and thy-
mus gland), secondary lymphatic organs (lymph nodes found throughout the body)
filtering lymph in body where naive B and T-cells (that is to mean cells previously
unexposed to antigens) and peripheral tissue dependent on pathogen (for example
affecting skin and mucous membranes). Primary organs can be taken as source of
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lymphocytes with a randomly generated receptor (specifically its complementarity-
determining factor CDR). Thymus is represented by immature thymocytes which
later enter the lymphatic system. Red bone marrow has immunocompetent B
lymphocytes. Secondary organs and tissue can be mapped on a three-dimensional
Cartesian lattice.[14, 15, 16]

1.2 Types of models
As mentioned above, models are used to represent many different biological systems
or processes mathematically or computationally. While building a model, there
are many different approaches, taking into account its structure, resulting output
and internal mechanisms.

1.2.1 Agent-based model

In the agent-based modeling framework, each cell is an agent occupying a position
on a discrete lattice. We consider two cell populations, uninfected and infected
where the infection of a cell then corresponds to an agent passing from the former
to the latter population. Cells are also able to move, reproduce or die. As such,
we represent this in a one dimensional real line R. [17]

Rules governing cell dynamics in the stochastic models are generally similar.
Uninfected cells may proliferate or die according to the pressure value, move and
become infected upon contact with other infected cells. Infected cells can on the
other hand, move and die with constant probability. Different expressions for the
probabilities of movement need to be considered.[17]

Pressure-dependent proliferation of uninfected cells is dependent on the pro-
liferation probability. We can assume that it decreases as the pressure increases
and stops at certain value of homeostatic pressure P > 0 (Pressure higher than
P results in the death of the cell). If we once again assume a smooth decreasing
function 𝐺 : [0, +∞) → R such as that 𝐺(𝑃 ) = 0 we let an uninfected cell that
occupies position 𝑥𝑗 at time 𝑡𝑛 reproduce with probability. 𝜏𝐺(𝜌𝑛

𝑗 )+, die with prob-
ability 𝜏𝐺(𝜌𝑛

𝑗 )−, and remain quiescent with probability 1 − 𝜏𝐺(𝜌𝑛
𝑗 )+ − 𝜏𝐺(𝜌𝑛

𝑗 )− =
1 − 𝜏 |𝐺(𝜌𝑛

𝑗 )| assuming 𝑧+ := max{𝑧, 0} and 𝑧− := max{−𝑧, 0}. During reproduc-
tion, a new cell is placed at the same lattice site which is guaranteed by P. Thusly,
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the following is a logistic growth f.e. [17]

𝐺(𝜌) = 𝑝
(︁
1 − 𝜌

𝑃

)︁
where p>0 is the maximal duplication rate. The carrying capacity of the system

is 𝐾 := Π−1(𝑃 ).
Death of infected cells is not modeled directly but we work under the assump-

tion that after a certain time after infection by the virus cellular metabolism is
impacted and cell undergoes lysis and dies. The assumption in this is that every
time this happens with probability 𝜏𝑞, where q>0 is a constant death rate. [17]

Infection, as in the virus itself, is rarely modeled explicitly, but can instead
assume that its dynamics are faster than cellular dynamic and approximate them
by a quasi-steady rate. We assume that infection occurs upon contact between
infected and uninfected cells with probability proportional to the density of infected
cells. Uninfected cell then occupies position 𝑥𝑗 at time 𝑡𝑛 and becomes infected
with probability 𝜏𝛽𝑖𝑛

𝑗 /𝐾 where K is the carrying capacity and 𝛽 > 0 is a constant
death rate. [17, 18]

Cell movement needs to be considered from two angles. Firstly, we need to state
that the uninfected cell occupies position 𝑥𝑗 at time 𝑡𝑛 moves to the lattice point
𝑥𝑗±1 with probability 𝐹 𝑛

𝑗→𝑗±1 and remains at its initial position with probability
1−𝐹 𝑛

𝑗→𝑗−1 −𝐹 𝑛
𝑗→𝑗+1. The same applies to the infected cells with with probabilities

𝐹 𝑛
𝑗→𝑗±1 . [17]

The simplest model of movement assumes no influence of the cell density and
no preferential direction of motion 𝐹 𝑛

𝑗→𝑗±1 := 𝜃𝑢

2 , 𝐹 𝑛
𝑗→𝑗±1 := 𝜃𝑖

2

with 𝜃𝑢, 𝜃𝑖 ∈ [0, 1] standing in as unbiased random walk.
Keep in mind that cellular proliferation is limited by a carrying capacity, thus

it is reasonable to account for reduction of motility in a crowded environs and for
cells to move following the pressure gradient. The probability of movement can
thus depend on the difference between the initial position of the cell and the target
point as such:

𝐹 𝑛
𝑗→𝑗±1 := 𝜃𝑢

(𝜌𝑛
𝑗 −𝜌𝑛

𝑗±1)+

2𝑃
, 𝐹 𝑛

𝑗→𝑗±1 := 𝜃𝑖
(𝜌𝑛

𝑗 −𝜌𝑛
𝑗±1)+

2𝑃

where 𝑧+ := max{𝑧, 0} ,P is the homeostatic pressure and 𝜃𝑢, 𝜃𝑖 ∈ [0, 1] the
same as in the equation above. [17]
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1.2.2 Ordinary differential equations models

Ordinary differential equations (ODEs) are a system of equations used to describe
changes of quantity or concentration of different species with respect to time. They
are considered the corner stone of deterministic models.

In a deterministic mathematical model accounting for the basic reproduction
number R0 and the type reproduction number R are calculated. The simplest
model would be a model for intra-host viral invastion and reproduction with no
immune response consisting of three ODEs representing the dynamics of the target
cells T, actively infected target cells I, and virions V [20]

𝑑𝑇

𝑑𝑡
= 𝜆

(︂
1 − 𝑇

𝐾

)︂

𝑑𝐼

𝑑𝑡
= 𝛽𝑉 𝑇 − 𝛿𝐼𝐼,

𝑑𝑉

𝑑𝑡
= 𝜋𝐼 − 𝑐𝑉 − 𝛽𝑉 𝑇.

Where parameter 𝜆 is the production rate of new target cells with decreased
production as their density increases. The amount of decrease depends on the
parameter 𝐾. For the case 𝐾 → ∞, the differential equation for 𝑇 simplifies to

𝑑𝑇

𝑑𝑡
= 𝜆 − 𝛿𝑇 𝑇 − 𝛽𝑉 𝑇.

Parameters 𝛿𝑇 , 𝛿𝐼 , and 𝑐 are the death rates of target cells, infected target
cells, and virus particles, respectively. Generally, 𝛿𝑇 ≤ 𝛿𝐼 ≤ 𝑐. Parameter 𝛽 is
the infection rate per healthy target cell upon interaction with the virus. The
parameter 𝜋 = 𝑁𝛿𝐼 is the production rate of new virus particles per infected cell.
The value 𝑁 is referred to as the “burst size,” the number of new virus particles
produced during the lifetime of an infected cell. We assume 𝑁 is an integer and
𝑁 ≥ 2. All of the parameter values are positive.[20, 21, 22]

1.2.3 Stochastic models

Stochastic models are systems of stochastic differential equations (SDEs) and
continuous-time Markov chain (CTMC) models that account for the variability
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in cellular reproduction and death, the infection process, the immune system ac-
tivation and viral reproduction. Usually in viruses, two different release strategies
are considered: budding and bursting. Bursting assumes there is a coupling of
the release of free virions and burst of infected cells where 𝜋 = 𝑁𝛿𝐼 which means
that that number of virions will not increase until the lysis of the infected cells
and release of virions which exhausts the cell resources. In growth, the death of
infected cells and the release of virions are assumed to be independent of each
other, as virus particles are produced and released continuously throughout the
life of the infected cells.[20]

During bursting the possible state changes in the stochastic processes are
described in the table below. Let 𝑋⃗(𝑡) = (𝐼, 𝑉, 𝑇 )tr be a continuous vector, Δ𝑋⃗ =
𝑋⃗(𝑡 + Δ𝑡) − 𝑋⃗(𝑡), and 𝑡 ∈ [0, ∞).

Table 1.1: Possible state changes during Δ𝑡: bursting case.
i State change Probability 𝑃𝑖Δ𝑡 Description
1 (1, −1, −1) 𝛽𝑉 𝑇Δ𝑡 Viral entry into a T cell
2 (−1, 0, 0) 𝛾(𝐼)𝐼𝑇Δ𝑡 Natural death or killing by CTLs of an infected T cell
3 (−1, 𝑁 , 0) 𝛿𝐼𝐼Δ𝑡 Bursting of an infected T cell and release of virions
4 (0, −1, 0) (𝑐 + 𝛾(𝑉 )𝑇 )𝑉 Δ𝑡 Natural death or removal of a virion

5 (0, 0, 1) (𝜆 + 𝛾(𝑇 )𝐼𝑇 )
(︂

1 − 𝑇

𝐾

)︂
Δ𝑡 Production or clonal amplification of a T cell

6 (0, 0, −1) 𝛿𝑇 𝑇Δ𝑡 Death of a T cell

7 (0, 0, 0) 1 −
6∑︁

𝑖=1
𝑃𝑖Δ𝑡 No change

The Itô SDE model for the bursting case then has the form of:⎧⎨⎩ 𝑋⃗(𝑡) = 𝑓(𝐼, 𝑉, 𝑇 ) 𝑑𝑡 + 𝐻(𝐼, 𝑉, 𝑇 ) 𝑑𝑊⃗ (𝑡),
𝑋⃗(0) = (𝐼(0), 𝑉 (0), 𝑇 (0))tr.

The following table below describes the stochastic changes during budding:
The Itô SDE model for the budding case then has the form of:⎧⎨⎩ 𝑋⃗(𝑡) = 𝑓(𝐼, 𝑉, 𝑇 ) 𝑑𝑡 + 𝐺(𝐼, 𝑉, 𝑇 ) 𝑑𝑊⃗ (𝑡),

𝑋⃗(0) = (𝐼(0), 𝑉 (0), 𝑇 (0))tr.

Both of these equations have been discussed in greater detail in previous
studies.[20, 21, 22, 23]
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Table 1.2: Possible state changes during Δ𝑡: budding case.
i State change Probability 𝑃𝑖Δ𝑡 Description
1 (1, −1, −1) 𝛽𝑉 𝑇Δ𝑡 Viral entry into a T cell
2 (−1, 0, 0) (𝛿𝐼 + 𝛾(𝐼)𝑇 )𝐼Δ𝑡 Natural death or killing by CTLs of an infected T cell
3 (−1, 𝑁 , 0) 𝜋𝐼Δ𝑡 Bursting of an infected T cell and release of virions
4 (0, −1, 0) (𝑐 + 𝛾(𝑉 )𝑇 )𝑉 Δ𝑡 Natural death or removal of a virion

5 (0, 0, 1) (𝜆 + 𝛾(𝑇 )𝐼𝑇 )
(︂

1 − 𝑇

𝐾

)︂
Δ𝑡 Production or clonal amplification of a T cell

6 (0, 0, −1) 𝛿𝑇 𝑇Δ𝑡 Death of a T cell

7 (0, 0, 0) 1 −
6∑︁

𝑖=1
𝑃𝑖Δ𝑡 No change

1.3 Immune system
Immune system is a fairly complex mechanism facilitated by many elements. Pre-
liminary defenses to viral infection are manifold, such as physical barriers (e.g.
mucosa, skin, mucous membranes, tears, earwax, mucus or stomach acid) .After
viral infection, components of innate immunity start their first line of defense,
including physical barriers, phagocytic cells, interferons (IFNs), IFN-stimulated
genes and cytokines by eliminating viral particles in organisms. In the case of
exposure to pathogen in the past, subsequent infections will be more specific,
constituting adaptive immunity with stronger, more rapid and specific response.
[24, 25, 26]

1.3.1 Detection of viral infections

Innate immunity is a critical first line of defense against viral invasion. Human
immune system consists of distinct physical and chemical barriers such as mucosal
surfaces, skin and others, secretions of which protect the organism from viral inva-
sions during viral entry into the host. Viruses can also be sensed by PRRs (pattern
recognition receptors) after entry, causing activation of innate immune signaling
pathways which control the production of interferons (IFN), chemokines (produced
at site of infection may recruit additional immune cells, including neutrophils,
monocytes and Natural Killer cells [26, 27] and pro-inflammatory cytokines(they
cause local and systemic inflammation). Type I and III IFNs produced by various
types of cells stimulate the expression of hundreds of genes, collectively known as
IFN-stimulated genes (ISGs), which prime cells into an antiviral state. [26, 28]
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Acute viral infection is characterized by sudden or rapid onset of disease that
can be fatal. Viral clearance during acute infection correlates with rapid induction
of innate immunity, especially ISGs and subsequent induction of adaptive immune
responses. [29]

Viruses are ever-evolving and can emerge or re-emerge into more novel or newer,
unknown virulent strains. Viruses can develop specific mechanisms of immune
escape or develop multiple tactics that can subvert innate immune surveillance and
escape detection by innate immune sensors, leading to suppression of PRRs and
downstream signaling cascades to establish a successful infection, for example, non-
structural proteins of influenza and members of Flaviridae viruses that can potently
inhibit type I IFN signaling [26, 30, 31]. SARS-CoV-2 deregulates type I IFN
responses through multiple mechanisms[32]. Enteroviruses brilliantly exploit their
viral proteinase (3Cpro and 2Apro) to cleave PRRs (RIG-I, MDA5) and immune
adaptor molecules (MAVS and TRIF), and thereby dampen the production of type
I and III IFNs [33, 34, 35].
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2 Pathogen interactions with immune sys-
tem

Pathogen interactions are critical in understanding infection and its underlying
causes and even more instrumental in the development, construction and under-
standing the models of such interactions. The following chapter will be focused
on detection, innate and adaptive immune response, different strategies employed
by virus to counter them and lastly therapeutic strategies in use against viral
infections.

2.1 Viral pathogens
Viral pathogens are infectious particles containing either DNA or RNA in their
genome. Their effects are varied from mild and self-limiting to acute fatal disease.
Many viral families such as Filoviridae, Arenaviridae, Bunyaviridae, Paramyx-
oviridae, Coronaviridae, Orthomyxoviridae, Flaviviridae, Togaviridae, Hepeviri-
dae, and so forth, infect humans and/or animals. Emerging or re-emerging viral
pathogens often cause catastrophic pandemics such as „Spanish flu“ which took
over 50 million lives or „Asian flu“ and „Hong Kong flu“ which killed about three
million people in 1957 and 1968 respectively.[5]

In the year 2002 and 2003, a novel severe acute respiratory syndrome coron-
avirus (SARS-CoV) infected over 8,000 people, causing 774 deaths in 27 countries.
The total cumulative number of deaths from SARS-CoV-2 was more than 7 mil-
lion in December 2024. A new virulent Influenza A Virus (IAV) H1N1 strain
(H1N1pdm09) emerged in 2009 that killed ∼151,700–575,400 people worldwide
[38, 36, 37].

A new avian IAV strain (H7N9), “Bird flu,” and the Middle East respiratory
syndrome (MERS)-CoV in 2013 also emerged [39]. Some viruses re-emerged after
a number of years, such as the reemergence of the Ebola virus (EBOV) in 2014
[40], resurgences of the Zika virus (ZIKV) in 2015 and 2016 and others[41].
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2.2 Pathogenesis and detection
As viruses are obligated intracellular parasitic infectious particles they need specific
host cells or tissue to replicate. Viruses are highly specific and complex, the
outcomes of the diseases are determined by multiple factors. [42]. These factors
can influence the rate at which they replicate efficiently in their respective hosts
and cause disease [42]. The probability of the host being susceptible to disease
is dependent on virulence and response of the host. This response can be varied,
including immune cell activation or deactivation, inflammatory responses, IFN
up-regulation, and IFN reversion to the baseline.[43]

2.3 Innate immune response
Human immune system has many mechanisms in case of unspecific immunity (in
the absence of adaptive immunity). These mechanisms do not depend on specific
antigenic recognition and compose innate immunity. These can be constituted by
antimicrobial peptides released at epithelial surfaces, toll-like receptors on epithe-
lial cells, leukocytes recognizing a range of microbial molecular patterns, cytokines
released from leukocytes constitute many regulatory functions in both innate im-
munity and adaptive immunity, small peptides called chemokines modulate viral
response during viral infection and regulate movement and activation of immune
cells. Natural killer cells recognize and bind virus infected host cells and tumor
cells and induce cell lysis. [44]

Unlike adaptive immunity, innate immune response is immediate and helps
contain the viral load before the adaptive immune system can react.[44]

2.3.1 Innate immune signaling

Pathogen associate molecular patterns (PAMPs) are patters responsible for in-
nate immune signaling, these specific components can be made up of viral ssRNA,
dsRNA, DNA, transcription products and other viral components. Pattern recog-
nition receptors (PRRs) are able to sense these PAMPs which leads to activation
of downstream molecules that include mitochondrial antiviral signaling protein
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(MAVS), simulator of IFN genes (STING) or MYD88, other transcription factors
for example IRF3/5/7, NF-kB, AP1 etc. can be also activated. [43, 26, 45, 46]

This activation of PRR-mediated signaling pathways results in secretion of
numerous antiviral molecules including IFN I/III, pro-inflammatory cytokines and
chemokines[45, 46].

IFNs bind to their respective receptors and activate Janus tyrosine kinase-signal
transducer and activator of transcription (JAK-STAT) pathway which leads to the
production of multiple downstream antiviral Interferon-stimulated genes (ISGs) for
example MX1, ISH15, IFITM3 or viperin. These ISG then establish an antiviral
state that lead to disruption of virus infection in host organism. [43, 45, 46]

2.3.2 Roles of Interferons in Antiviral Responses

Interferons (IFNs), a family of cytokines, are important parts of innate immunity
responsible for rapid and efficient viral clearance [47]. They are present or could
be expressed in almost all nucleated cells during antiviral infection. [43]

IFN activity is part of essential immunity response in viral infection. IFNs
induce up-regulation of antiviral effectors named ISGs through JAK-STAT signal
pathway. [47]

IFN I/III bind to their respective receptors on infected cells and their neighbor-
ing cells, activating JAK-STAT pathways and nuclear translocation of STAT1/STAT2/IRF9
(ISGF3) resulting in induction of several ISGs, for example Mx proteins, protein
kinase PKR, IFN-inducible dsRNA-dependent protein kinase (PKR), ISG15, 2’-
5’-oligoadenylatesynthetases(OAS),ribonuclease L (RNaseL) or others to establish
an antiviral statee [26, 28].

IFNs exert immunomodulatory functions that are able to affect cell migration,
CD4+ T cell stimulation or CD8+ T cell clonal expansion, cross-presentation
or B cell activation and enhance antiviral humoral responses. Thus they have
an important role in eliminating or mitigating virus invasion before an effective
adaptive immunity is initiated. [28]

2.3.3 Cytokine storm

Acute viral infection rarely optimally activates innate immunity, instead causing
over-activation. This can induce hyperproduction of IFNs, proinflammatory and
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anti-inflammatory cytokines and chemokines (e.g. C-C motif chemokine ligand 2
or C-X-C motif chemokine ligand 10 abbreviated as CCL2 and CXCL10), including
excessive secretion of TNF-𝛼, interleukins (IL) such as IL-1, IL-6,IL-8, IL-10 and
others. Overactivation of innate immunity is called cytokine storms which can
result in single or multiple organ damage and in more serious cases, even death.[49,
48]

Cytokine storms caused by viral infections, such as COVID-19, influenza virus,
coronavirus, Ebola virus, dengue virus, Mpox virus and so forth are an important
factors that can lead to death in many patients. [48, 49, 50, 51]

In Mpox, wide array of evidence points to cytokine storm and inflammatory
processes caused by purinergic system, leading to many physiological and patho-
logical responses of the cell. These cellular pathways are characterized by signalling
molecules such as adenosine triphosphate (ATP), adenosine diphosphate (ADP),
adenosine monophosphate (AMP), and the nucleoside adenosine (Ado). Their
levels are controlled by enzymes, namely ectonucleotidases. Purinergic signalling
modulators alleviate and diminish the effects of cytokine storm, improving patient
prognoses.[50]

2.3.4 Other mechanisms

Viruses use many mechanisms to evade or suppress innate immune system. These
mechanisms are called viral innate immune escape strategies, namely breach-
ing physical barriers, inhibiting the activation of PRRs and their downstream sig-
naling cascades (e.g. concealing their PAMPs), interaction with transcriptional
factors, targeting and cleaving adaptor proteins involved in innate immune signal-
ing or interference of IFN signaling, degradation of Janus Kinase-Signal Transducer
and Activator of Transcription (JAK/STAT) components etc.[43]

Penetrating physical barries, for example, skin, mucosal lining in respira-
tory system, genitals, or gastrointestinal tracts are breached by viruses by mul-
tiple mechanisms. Specific mechanisms can differ based on the virus e.g. ZIKV,
DENV or WNV are able to breach the skin thanks to numerous permissive cells
for flavivirus infection [52] or HIV and SIV which are capable of flexibly exploit-
ing multiple mechanisms to transit defferent epithelial barriers and gain acces to
target cells and establish a systemic infection[53].
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Evading the recognition from PRRs and supressing them by viruses can
be accomplished by several methods, which vary considerably. Examples of these
can be viral tactics such as sequestering viral genome, interaction with PRRs,
targeting/cleaving adapter proteins and so on. An in vitro study determined the
effect of HCV proteins (NS3, NS3/4A, NS4B or NS5A) on the Toll-like receptor
(TLR) signaling pathways, where cells expressing these proteins were found to
inhibit the activation of TLR2, TLR4, TLR7 and TLR9 signaling pathways[?].
Viral proteins are also able to interact specifically with PRRs, such as p7 of HCV
associates with DNA sensor IFI6-16 [54]. The human papillomavirus (HPV) E6
oncoprotein targets USP15 and TRIM25 to supress RIG-I-mediated innate immune
signaling[55]. HBV conceals its genome into the viral capsid to escape away from
cGAS sensing [56]. Viruses are also able to modify viral RNAs and viral RNA-
bidning proteins to escape away from sensing by RIG-I, MDA5[57]. Viral dsRNA
genome is highly susceptible to recognition by MDA5 which leads to both positive-
sense RNA viruses (their genome works directly as mRNA in host cell) and some
DNA viruses also being susceptible, as they both produce dsRNA intermediates
during their cell cycle. Some viruses conceal their dsRNA by encoding dsRNA
binding proteins or even sequester viral RNA. Negative-sense RNA viruses (their
genome works as a complement to mRNA in host cell) do not produce dsRNA
intermediates which minimizes detection by PRRs.[58]

Inactivation of transcriptional factors is another mechanism by which vi-
ral infection can bypass innate immunity. Transcriptional factors are inactive at
basic level of activity, however after viral infection, many factor such as IRF3/5/7,
NF-𝜅B, AP1 and many others translocate into the nucleus and then induce robust
expression of IFNs[26, 27, 28]. Varied conserved viral proteins, though predomi-
nantly non-structural (NS) proteins, are widely documented to exert potent antag-
onistic effects of IFN responses by multiple mechanisms. Viruses are able to inhibit
IFN induction by inducing degradation of transcription factors, block their down-
stream signaling of PRRs leading to inhibition of their activation, sequestration of
transcription factors and impediment of their nuclear translocation or inhibition of
their binding to promoters of downstream antiviral genes and so forth. For exam-
ple IAB NS1 protein, widely documented as a potent antagonist of IFN-signaling,
inhibits activation and nuclear translocation of IRF3 and NF-𝜅B [63]. Human
cytomegalovirus (HCMV) is well-known for developing lon-term latent infections.
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The immune escape strategy of HCMV is crucial for developing such infections.
UL44 protein of HCMV decelerates antiviral responses by inhibiting the binding
of IRF3 and NF-𝜅B to the promoters of downstream antiviral genes [59].

Interferon-stimulated gene (ISG) response is vital in viral clearance. De-
lay of ISG production allows the viral infection to improve viral replication and
spread in host tissues. There are multiple approaches to inhibit ISG response [60].
Pathogenic viruses, such as influenza and coronaviruses induce repressive histone
modification, down-regulating global expression of ISG subsets [61]. Interferon-
induced trans-membrane proteins (IFITMs) are important in their antiviral role
against wide array of viruses, during viral invasion at the entry stage in particu-
lar, HCMV can exploit IFITM proteins to promote morphogenesis of the virion
assembly compartment [62].

Regulation of transcription and translation of key elements of antiviral
innate immunity (e.g. PRRs, IFNs, STATs. ISGs and others) are crucial in an-
tiviral response. Multiple studies have shown that viruses are able to deregulate
the transcription and translation of these key elements such as Orthomyxoviri-
dae, Reoviridae, Caliciviridae, Coronaviridae, Picornaviridae. They exploit mul-
tiple tactics to induce host protein synthesis inhibition, preventing the infected
cells from synthesizing new proteins such as IFN-stimulated IRFs and STATs [55].
MPox F3L protein upregulates the transcription of key PRR genes, such as RIGI,
MDA5, IRF5, IRF7, IRF9, ISG15, IFNA14, eliciting a broad antiviral response
and also leading to increased expression of the FOS and c-Jun N-terminal Kinase
(JNK) genes while decreasing the expression of TNFR2[63]. HIV-1 Vpu protein
suppresses NF-𝜅B-elicited antiviral immune responses at the transcriptional level
[64]. Epstein-Barr virus BRLF1 inhibits the transcription of IRF3 and IRF7 [65].
IAV causes rapid degradation of eukaryotic translation initiation factor 4B which
is essential for translation initiation apparatus and thus contributing to viral repli-
cation by suppressing IFITM3 protein expression [66].

Suppressing IFN induced JAK-STAT signaling and its downstream sig-
naling through varied intricate mechanisms. These mechanisms can be retention
of suppression of STATs in the cytoplasm, degradation of IFNs receptors, inhibi-
tion of STAT activation activation, degradation of STATs through the proteasome
and so forth. Flaviviruses and their NS4B protein inhibit IFN signaling-induced
JAK-STAT signaling in a multitude of ways while NS5 protein dysregulates Heat-
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shock protein 90 (HSP90) to inhibit JAK/STAT signaling [67, 68]. West Nile
virus (WNV) produces NS2A, NS2B, NS3,NS4A and NS4B proteins capable of
blocking STAT1 and STAT2 activation [49]. Enterovirus 71 and its 2A proteinase
degrades IFNAR1 [69]. HCV and Flaviviruses subvert cellular mechanisms for
nuclear STAT2 deagradation by up-regulation of PDZ and LIM domain protein
2 (PDLIM2) [70]. Another mechanisms of suppresion may be cleaving STAT2
by Nsp5 proteins e.g. porcine deltacoronavirus or coronavirus[71]. Open reading
frame 6 protein (orf6) subverts Nucleoporin 98 (Nup98) and blocks STAT nuclear
import during viral infection of SARS-CoV-2[72].

MPXV employs several strategies to suppress IFN-induced JAK-STAT sig-
naling pathways, namely by inhibiting IFN-𝛾 production by impairing Natural
killer (NK) cell function, encoding the F3 protein which is a homologue of vac-
cinia virus E3 protein essential for the IFN-resistance MPXV exhibits, binding
dsRNA and sequestering it away from PRRs and thus blocking their activation.
F3 protein inhibits phosporylation of protein kinase R (PKR) and eukaryotic trans-
lation initiation factor 2 (eIF2𝛼) by a dsRNA-dependent manner, thus blocking
translation and reducing IFN production. MPXV is capable of encoding secreted
IFN-𝛼/𝛽-binding proteins (IFN-𝛼/𝛽BP) and ihibits type I IFN-induced immune
response.[73]

2.4 Adaptive immune response
he immune system is a complex network of organs, tissues, and specialized cells
that work together to protect the human body against disease and maintain overall
health. This is done by distinguishing between host body and foreign particles,
such as viruses, bacteria, fungi or other pathogens. Most of the cells that make up
human immune system are present in the bloodstream, containing innate immune
cells (e.g. neutrophils, eosinophils, monocytes, basophils or NK cells) and adaptive
immune cells (T and B lymphocytes). Disorders or other deficiencies can lead to
many diseases, such as B-cell lymphoma or other cancers. The innate immune
response has no immunologic memory and, therefore, it is unable to recognize or
“memorize” the same pathogen should the body be exposed to it in the future.
Adaptive immunity, on the other hand, is antigen-dependent and antigen-specific
and, therefore, involves a delay between exposure to the antigen and maximal
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response. The hallmark of adaptive immunity is the capacity for memory which
enables the host to mount a more rapid and efficient immune response upon sub-
sequent exposure to the antigen. Innate and adaptive immunity are not mutually
exclusive mechanisms of host defense, but rather are complementary, with defects
in either system resulting in host vulnerability or inappropriate responses. The
following section will focus on adaptive immune response, specifically presentation
of antigens, lymphocytes such as T and B cells and other constituents of adaptive
immune response.[81, 82, 83, 84]

2.4.1 Presentation of antigens

MPXV-specific antibodies include immunoglobulin G (IgG) and IgM and serve as
the foundation for monkeypox diagnosis. Both IgG and IgM levels are elevated in
older patients, while in younger patients only IgG levels were shown to elevated
to the same level, although the basis for this is not completely understood, some
studies have shown that it could be due to exposure to other orthopoxviruses
and/or smallpox vaccination[74]. IgG antibodies are used to detect exposure,
especially prolonged, after the onset of the rash typical in MPXV infection while
IgM is used in more recent infection.[75]. Presence of both of these antibodies may
thus be an indicator of individuals who have been exposed to natural infection of
orthopoxviruses or vaccinated. It is unclear whether these antibodies are related
to the severity of the disease and prognosis.[73]

2.4.2 T cells

T cells are hematopoietic stem cells in bone marrow that migrate and mature in
thymus. T cells are unique in their ability to express antigen-binding receptors on
their membrane called T-cell receptors (TCR). TCR type is unique for each cell,
just as each cell is capable of rapidly proliferating and differentiating under specific
conditions. Necessary addition to their function is mobilization and activation
of antigen-presenting cells (APC) such as dendritic cells, macrophages, B cells,
fibroblasts and epithelial cells to recognize a specific antigen.[82, 84]

The surface of APCs express a group of proteins known as major histocom-
patibility complex (MHC) classified as either class I (also called human leukocyte
antigen (HLA) A, B and C) found on all nucleated cells, or class II (HLA DP,DQ
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and DR) found on certain cells of immune system such as macrophages, dendritic
cells and B cells.[84]

Class I MHC molecules present intracellular (endogenous) protein to T cells
while class II MHC present extracellular (exogenous) proteins. The MHC protein
shows fragments of antigens when a cell is infected with a viral particles or has
phagocytosed foreign proteins or organisms.[83]

T cells posses a wide array of unique TCRs, able to bind to specific foreign
peptides. Fortunately, T cells that would react to antigens commonly found in hu-
man body are mostly eliminated in the developmental stage of the immune system.
Activation of T cells during an encounter with an APC that has digested an anti-
gen and is displaying appropriate antigen fragments bound to its MHC molecules.
The circulation of T cells throughout the body is secured by lymphatic system
and blood stream with their accumulation (together with APCs) in lymph nodes.
MHC-antigen complex activates TCRs and T cells secrete cytokines influencing
immune response.[83, 84, 85]

T cells are differentiated into either cytotoxic T cells (CD8+ cells) or T-helper
(Th) cells (CD4+ cells). CD8+ T cells are mostly involved in the destruction
of cells infected by foreign agents (i.e. viruses) and the killing of carcinogenic/tu-
morous cells if they express appropriate antigens. Their activation is done by the
interaction of their TCR with peptide bound to MHC class I molecules. Clonal
expansion of cytotoxic T cells produces effector cells releasing substances inducing
apoptosis of target cells. After clearing of the infection, most effector cells die and
are cleared by phagocytosis while minority remains as memory cells allowing for
quick differentiation in case of future interaction with the same antigen.[83, 84, 85]

CD4+ Th cells are important in establishing and maximizing the immune re-
sponse while having no cytotoxic or phagocytic activity by themselves. Thus, they
are unable to directly kill infected cells or clear pathogens. Their ability lies in
directing other cells to perform these tasks and regulate the the development of
the type of immune response. Th cells are activated through TCR recognition of
antigen bound to class II MHC molecules and upon activation, Th cells release
cytokines influencing the activity of many cell types, including the APCs. There
are many types of responses Th cells facilitate, most numerous being Th1, Th2
and Th17.[83, 85]

Th1 response is characterized by the production of IFN-𝛾 which activated bac-
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tericidal activities of macrophages and enhances anti-viral immunity as well as
immunity to other intracellular pathogens. Th1-derived cytokines take part in dif-
ferentiation of B cells making antibodies that are able to enhance the recognition
and ingestion of pathogens by phagocytes. Like CD8+ T cells, most cells die and
are cleared by phagocytosis while minority remains as memory cells allowing.[83,
84, 85]

MPXV is capable of evading antiviral CD8+ and CD4+ T cell responses
through preventing T cell receptor-mediated T cell activation by alternative anti-
gen presentation. [73]

2.4.3 B cells

B cells arise from hematopoietic stem cells in the bone marrow and, following
maturation, leave the marrow expressing a unique antigen-binding receptor on
their membrane. Unlike T cells, B cells can recognize antigens directly, without
the need for APCs, through unique antibodies expressed on their cell surface. The
main function of B cells is the production of antibodies against foreign antigens
which require their further differentiation.[83, 85]

B cells are also able to act as APCs. Upon activation by foreign antigens (if
they have the appropriate receptor) B cells start proliferating and differentiating
into antibody-secreting plasma cells or memory B cells. [84]

Memory B cells are called upon in case of infection which the host body has
persevered against in the past, provided the appropriate memory B cells have been
created. This allows for an express production of antibodies and quick elimination
of an antigen upon re-exposure. [84]

Plasma cells have shorter life spans compared to memory B cells, often un-
dergoing apoptosis after infection. They are capable of producing large amounts
of antibodies in circulation and/or tissues. Their major role can be found in the
humoral or antibody-mediated immune response unlike T-cells, whose purpose is
in cell-mediated immune response.[83, 85]
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2.5 Immune evasion and vaccination
Antibody-dependent enhancement is a phenomenon of virus infection found
in different viruses (such as SARS-CoV-2, Dengue virus, Zika virus and Ebola virus
) where prior sub-neutralizing antibodies or non-neutralizing antibodies enable
virus entry and replication[76, 77, 78], which can lead to more severe diseases due
to antibodies elicited by vaccination, thus triggering antibody-dependent enhance-
ment. In SARS-CoV-2, vaccine-elicited high-titer IgG antibodies have indicated
inducement of antibody-dependent enhancement by binding to Fc receptors (FcRs)
on the surface of immune cells and exacerbating severity of the disease[77, 79].
In cases of MPXV, no reported cases of antibody-dependent enhancement have
been found, although higher exposure to smallpox vaccine or natural superinfec-
tion with orthopoxviruses may enhance infectivity or alter tissue tropism and host
range of the MPXV. Nevertheless, further understanding of antibody-dependent
enhancement in monkeypox therapy may be beneficial in the use of next-generation
vaccines, antiviral immunoglobulins and vaccine-induced antibodies.[73]

Vaccination in Mpox has mostly been provided by smallpox vaccination, as
it has 85% cross-protection against MPXV infection[80]. The resurgence of Mpox
may be due to discontinuation of smallpox vaccination since its eradication in
1980. There are currently two vaccines available to prevent smallpox in the USA
ACAM2000 (a purified clone isolated from the Dryvax vaccine) and JYNNEOS
(modified vaccinia Ankara; Bavarian Nordic). JYNNEOS,also called IMVANEX
in European union,is a third-generation vaccine available for use in individuals
with immunodeficencies such as atopic dermatitis or acquired immunodeficiency
syndrome (AIDS). The vaccine, after exposure, provides less protection than when
given before the exposure.[73]
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2.6 Immunotherapeutic strategies
Other than vaccination, there are numerous immunotherapeutic strategies in use
against viral infections, including intravenous immunoglobulin (IVIG),antiviral
drugs, immunomodulator agents, monoclonal antibodies, and NK cell-based therapy.[73]

2.6.1 Intravenous immunoglobulin

Intravenous immunoglobulin (IVIG) contains the pooled polyclonal immunoglob-
ulins that have been purified from the plasma of thousands of healthy donors.
It is employed in the treatment of wide array of immune-related, rheumatologi-
cal, dermatological and neurological disorders. IVIG improves immune response
by decreasing macrophage activity, reducing endogenous antibody production, in-
hibiting auto-reactive T cells and balancing cytokine profile. It has been used
for treating smallpox and thus may be considered for treatment of MPXV infec-
tion. IVIG is also recommended for Mpox patients with severe complications or
with patients suffering from T-cell immunodeficiency as a prophylactic measure
for patients whom vaccination is contraindicated. Vaccina immune globulin has
shown efficacy against complications following variola virus immunization. Thus,
it can be concluded that IVIG plays an important role in choosing an optimal
immunotherapeutic strategy.[73]

2.6.2 Antiviral drugs

Antiviral drugs are another important part of immunotherapeutic strategies that
may be employed. Patients with severe disease or immunodeficiency, pregnant
individuals, children under the age of 8 or other at risk groups may be an indication
for this strategy. Brincidofovir and tecovirimat are antiviral drugs considered for
treatment of smallpox, and, by association, of Mpox. Tecovirimat was the first
FDA-approved drug available for the treatment of smallpox. It has specific efficacy
against several orthopoxviruses including monkeypox. Tecovirimat inhibits viral
p37 protein (highly conserved protein) involved in viral replication process and is
safe and well tolerated in human testing with very few side effects. As of 2022,
both FDA and EMA have licensed the use of Tecovirimat for the treatment of
Mpox in 2022.[73]
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2.6.3 Monoclonal antibodies

Monoclonal antibodies (mAbs) are laboratory produced molecules used to tar-
get specific antigens, such as proteins found on cancer cells, pathogens, or immune
system components. They are widely used in treating cancers, autoimmune dis-
eases, infectious diseases, and more.[86]

Since the 1890s antiserum has been used as a treatment method, first used as
sheep antiserum against diphteria toxin to a dying girl (who later recovered and
survived) and later in 1907 using sera from individuals recovering from rubeola
(measles) to prevent infection. These instances later allowed for development of
better methods involving human immunoglobulin. [87]

MAbs can inhibit viral infection by several different mechanisms in parallel with
the viruses. They are able to directly block virus attachment to target cells by
interfering with virus-receptor interactions, such as nAns against the CD4-binding
site on HIV-1-gp120 or the receptor binding domain of SARS-CoV. [86]

The mechanisms of viral neutralization are facilitated by antibodies blocking
receptor engagement by binding to spikes on an enveloped virus, antibody blocking
virus entry by binding to a viral cellular receptor on cell surface, post-binding/pre-
fusion neutralization occurring inside endosome or post-binding/pre-fusion neu-
tralization occurring at the cell membrane. [86]

Antiviral mAbs are currently under clinical development with many strides
made in recent times allowing for advancement in both effectivity, specificity and
costs. Major advantage of antiviral mAbs therapies is their long half-life, reaching
often as much as 3 weeks, which allows for long-lasting in vivo protection of the
patient. A single dose may be ideal for the prophylaxis or treatment of acute
cytopathic respiratory virus infections, such as SARS-Cov, H5N1 avian influenza
and even smallpox although no mAbs treatment has been approved of for the use
against Mpox at the time of this publication.[86, 88]
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2.6.4 Therapeutic use of NK cells

NK cells are innate lymphoid cells (ILCs) involved in the control of tumors and
viral infections. They are able to produce cytokines and directly start lysis of target
cells. Activation of NK cells is secured by integration of signals received by cytokine
receptors and activation and inhibitory receptors recognizing ligands expressed by
virus-infected cells. Control of viral infections is fairly well understood,integration,
signaling and mediation of NK cells is not as advanced. Interactions between
viruses and NK cells are important in optimizing of immunotherapeutic strategies.
[89]

NK cells and ILCs in general are diverse group of cells. While some ILCs
resemble CD4+ T helper cells, NK cells exert cytotoxic function similar to CD8+
cytotoxic T cells. They are crucial in innate immune response against foreign
pathogens and cancers. Individuals with selective NK cell defects exhibit recurrent
virus infections, like in herpesviruses or murine cytomegalovirus (MCMV). [89]

During replication of a virus, some proteins are expressed on the cell surface
of the membrane of the infected cell which allows for antibodies to bind to these
viral proteins. NK cells release proteins such as perforin and proteases granzymes,
causing lysis of the infected cell.[90, 91]

NK cells and other adjacent cells such as macrophages, neutrophils and eosinophils
are able to mediate a mechanism called Antibody-dependent cellular cytotoxicity
(ADCC), a mechanism of cell-mediated immune defense whereby an effector cell
kills a target cell. Typical ADCC involves activation of NK cells by antibodies,
followed by NK cells expressing Fc𝛾 receptors which recognize and bind to the an-
tibody (i.e. IgG) bound to the surface of a pathogen-infected target cell. The most
numerous of these Fc receptors on the surface of an NK cell is CD16 or Fc𝛾RIII.
Upon binding to the Fc region of the antibody, the NK cell releases cytotoxic fac-
tors causing the death of the target cell. ADCC are used in treatment of cancer
and immune control in cases of viral infections thanks to the above mentioned IgG
antibodies binding to virus-related antigens over prokaryotic cells. [90, 91, 92]

Some clinical studies have explored the viability of using ex vivo expanded
allogeneic NK cells in patients suffering from acute pneumonia caused by COVID-
19. Other therapeutic strategies have been explored the possibility of using NK
cells in treatment of HIV-1.[93, 94]
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3 Data collection and preparation
This chapter gives an overview of suitable clinical data points, some of its chal-
lenges with documenting its more recent mutations, similarities and differences in
genus Orthopoxvirae in its gene expression while giving suitable data for testing
the model and key Hamiltonian equations implemented in the model.

3.1 Suitable data collection and preprocessing
During the start of this work, I have intended to construct data for immunolog-
ical model of Mpox. Mpox is, however, not as well documented as other, more
prominent viruses. Studies comparing genomes of both monkeypox virus strains
Zaire-96-I-16 (MPV-ZAI), representing the Central African clade, and Congo-8
(MPV-CNG), representing West African clade, have shown considerable similar-
ities with the Variola virus (VAR) and Cowpox virus. The coding sequence of
MPV-ZAI DNA, limited by the utmost left and utmost right Open-reading frames
(ORFs), is 195 118 bp long, whereas those of variola virus strains India-1967 (VAR-
IND) and Garcia-1966 (VAR-GAR) are 184 151 and 185 846 bp, respectively. The
differences in length can be mainly attributed to duplication of four left terminal
ORFs on the right side of the genome as a part of terminal inverted repeat (TIR)
while VAR genomes display short gene-free TIRs and lack these repetitions.[98, 99]

VAR-IND, Mpox and Cowpox virus are highly similar in terms of genome-wide
sequence identity,VAR-IND[100] having 96,6% DNA identity with MPV-ZAI (ref-
erence sequence 𝑁𝐶003310.1 [98]), 96,2% with MPV-CNG (sequence MT903340.1),
96.8% with the recent Mpox case from Belgium (sequence ITM001), and 95,7%
with the recent Mpox case from portugal (sequence PT0001). All West African
Mpox, Central African Mpox, Cowpox and Variola virus genome sequences ana-
lyzed were found to possess a sequence identity of above 95%. Mpox proteins were
also found to possess a high conservation in the Cowpox/Mpox/Variola clades,
with an average protein sequence identity of 97,9%.[99]

All of Orthopoxviruses mentioned above have been shown to indicated an in-
nate antiviral response, for example upregulation of genes Interleukin 6 Family
Cytokine, Interleukin-4 Receptor Subunit Alpha and others, or downregulation of
genes influencing mRNAs.
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Nevertheless, investigation of pathway activation shows that the three viruses
(Mpox, Cowpox and Vaccinia viruses) of genus Orthopoxvirus induce analogous
activation of immune response such as T-cell activation, cytokine production,
TNF-𝛼 signaling, highly conserved JAK/STAT activation and NK-𝜅B signaling
cascades.[99]

As such,the experimental data gathered in this chapter is from Mpox or from
genus Orthopoxvirae.

Cytokine concentration, taken from multiplex cytokine assay of serum conce-
tration, was taken from [114]

Table 3.1: Selected pro-inflammatory cytokine concentrations (pg/mL) by disease
severity

Cytokine Normal Range Mild Moderate Severe Serious
IL-1𝛽 0.02–0.70 134.77 649.17 1002.01 144.82
IL-6 0.02–9.00 314.09 795.90 23.12 200.82
IL-8 0.08–116.00 13934.80 11242.30 10232.60 7944.93
TNF-𝛼 0.10–98.00 16.03 35.62 17.41 22.15

Samples for viral load and viral clearence were collected from 77 study partic-
ipants. 75 participants were men with the median age of 35 years. The median
time from symptom onset to viral clearance was 25 days in the skin lesions, 16
days in the oropharynx, 16 days in the rectum, and 1 day in blood. The median
viral load in skin lesions was 7,3 log10 copies/ml at baseline, compared to 4,6 log10

copies/ml in oropharyngeal samples, 5,0 log10 copies/mL in rectal samples and 4,0
log10 copies/ml in blood samples.[119]

Immune cells, their mass, density and distribution were collected from [117],
constructed by integrated data from multiplexed imaging and methylome-based
deconvolution. The reference immune system was of a 73kg male with 1.8 × 1012

immune cells weighing over 1.2 kg. From Dataset S01, sheet celltypedensities
was selected which contained rows with values like tissue, celltype, density (in
cells/mm3 or cells/g). The rows containing name "T cell" were filtered and selected
which resulted in several different values of densities of each groups containing
epithelial tissue below.
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Table 3.2: Observed T cell densities in human epithelial tissues

Tissue T Cell Density (cells/g)
Colon 6.65 × 106

Lungs 10.26 × 106

Skin 8.03 × 106

Kidneys 1.5 × 106

Liver 4.4 × 106

3.2 Key equations
To model the effect of a pathogenic virus, such as Mpox, on immune system, we
could implement various methods with key equations in subsections below. These
hamiltonian equations were taken from the CompuCell3D Manual and Tutorial,
the modeling software described in more detail in chapter 4. The manuals can be
found on the official CompuCell3D website.

Volume and surface plugins inform CompuCell that the Hamiltonian will have
two additional terms associated with volume and surface conservation. That is
when spin flip is attempted, whereas one cell will increase its volume and another
cell will decrease. Thus overall energy of the system may or will change. Volume
and surface constraints essentially ensure that cells maintain the volume and area
close to the target volume and target surface area.

Equation 1: Energy term for volume constraint

𝐸 = 𝜆volume(𝑉cell − 𝑉target)2

Equation 2: Energy term for surface constraint

𝐸 = 𝜆(𝑆 − 𝑆target)2

Chemotaxis plugin, as its name suggests, is used to simulate chemotaxis of
cells. For every spin flip this plugin calculates, change of energy associated with
pixel move. By default we define a chemotaxis using the following formula:

Δ𝐸 = 𝜆 (𝑐(𝑥neighbor) − 𝑐(𝑥))
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where:
• 𝑐(𝑥) denotes the chemical concentration at the spin-flip **source** pixel,
• 𝑐(𝑥neighbor) denotes the chemical concentration at the spin-flip **destina-

tion** (neighbor) pixel,
• 𝜆 is the coupling coefficient.

Contact energy, together with the volume constraint, is one of the most com-
monly used energy terms in the GGH (Glazier–Graner–Hogeweg) Hamiltonian. It
models how cells "stick" to each other through differential adhesion.

The explicit formula for the contact (adhesion) energy is:

𝐸adhesion = 1
2

∑︁
𝑖,𝑗

neighbors

𝐽(𝜏(𝜎(𝑖)), 𝜏(𝜎(𝑗))) ·
(︁
1 − 𝛿𝜎(𝑖),𝜎(𝑗)

)︁

where:
• 𝑖 and 𝑗 label neighboring lattice sites,
• 𝜎(𝑖) is the cell ID at site 𝑖,
• 𝜏(𝜎(𝑖)) is the type of the cell at site 𝑖,
• 𝐽(𝜏1, 𝜏2) is the contact energy coefficient between cell types 𝜏1 and 𝜏2,
• 𝛿𝜎(𝑖),𝜎(𝑗) is the Kronecker delta, which is 1 if the two sites belong to the same

cell, and 0 otherwise.

The total effective energy 𝐻 of the system is given by the sum of various energy
contributions:

𝐻 = 𝐸contact + 𝐸volume + 𝐸surface + 𝐸chemotaxis

Each term represents a specific biophysical constraint or interaction:
• 𝐸contact: Energy from cell-cell or cell-medium adhesion (contact energy),
• 𝐸volume: Penalty for deviation from a target volume,
• 𝐸surface: Penalty for deviation from a target surface area,
• 𝐸chemotaxis: Energy contribution from chemotactic gradients
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4 Modeling and Simulation of Pathogenic
Virus Interactions with the Immune Sys-
tem

The difficulties of modeling are many; the following chapter will be focused on
modeling and challenges using Cellular Potts model in CompuCell3D software,
the development and functions of this model and lastly validation and discussion
of the outputs.

4.1 Modeling in CPM
The hybrid Cellular Potts Model (CPM) implemented in the CompuCell3D
software framework is a lattice-based, energy-minimization model used to simulate
the behavior of cells and tissues. It is particularly well-suited for modeling pro-
cesses such as morphogenesis, tumor growth, immune interactions, wound healing,
and infection spread.

At its core, CPM represents cells as domains of connected lattice sites (pixels
or voxels) on a grid. Each lattice site is assigned a cell ID 𝜎, and each cell has an
associated cell type 𝜏(𝜎).

The evolution of the system is governed by a Hamiltonian (effective energy
function) that captures biophysical constraints and interactions. The total energy
of the system is explained in chapter 3.2.

CompuCell3D is a hybrid model, as it combines the discrete CPM framework
with Partial Differential Equations (PDEs) for modeling chemical diffusion,
such as cytokines, nutrients, or viruses, Cellular behaviors, such as growth, di-
vision, apoptosis, and differentiation, implemented as biological plugins or Python
steppables, multi-scale modeling, enabling coupling of subcellular, cellular, and
tissue-level processes.

Time evolves through Monte Carlo Steps (MCS), where random spin-copy
(pixel-copy) attempts are made. Each proposed change in cell identity 𝜎 at a
site is accepted or rejected based on the change in total energy Δ𝐻 using a Boltz-
mann acceptance probability:
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𝑃 =

⎧⎪⎨⎪⎩1, Δ𝐻 ≤ 0
𝑒−Δ𝐻/𝑇 , Δ𝐻 > 0

where 𝑇 is a fluctuation parameter (effective temperature).

Compared to other types of models like ODE or SDE models, CPM-based
modeling allows for both spatial modeling and stochasticity at the same time
while allowing for explicit cell behaviour and shape.

The hybrid CPM in CompuCell3D is widely used to simulate tissue develop-
ment and patterning, tumor progression and invasion, immune cell dynamics, viral
infections (e.g., COVID-19, Mpox), angiogenesis and wound healing

4.2 Development of the model
This CompuCell3D-based simulation models Mpox virus infection in epithelial
tissue, capturing key interactions between infected cells, uninfected cells, immune
cells (NK and T cells), virus and cytokines. As mentioned in the subchapter above
it uses hybrid Cellular Potts model approach that combines discrete cell behaviour
with continuum chemical diffusion.

The core components of the model are made up of the cell types defined in xml
script as:

• Uninfected epithelial cells
• Infected epithelial cells
• NK cells
• T Cells
• Medium
Note that "medium" in CompuCell is defined as the "non-cell" space and is an

important part of the lattice structure and its interaction with other cell types.
This domain may describe background or extracellular space.
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The biological interactions are defined based on modules and Steppables writ-
ten in Python script and are as follows:

1. Initial Infection: A cluster of central epithelial cells is infected at the start
to simulate localized exposure.

2. Virus Internalization: Uninfected cells become infected if exposed to suf-
ficient extracellular virus concentration (MOI threshold). The probability of
infection is stochastic.

3. Viral Replication and Cell Death: Infected cells:
• Undergo a latent period before secreting virus.
• Release virus at a constant rate.
• Die after a defined lifespan (deleted from the simulation).

4. Cytokine Secretion: Infected cells, NK cells, and T cells secrete cytokines
that diffuse and decay in the tissue.

5. Immune Recruitment: At periodic intervals, NK cells and T cells are
introduced at random, unoccupied locations. The rate of recruitment differs
as infection progresses.

6. Chemotaxis: NK cells and T cells migrate along cytokine gradients using
chemotactic biases.

7. Immune Killing: Macrophages and T cells may eliminate neighboring in-
fected cells with a defined probability.

8. Epithelial Proliferation: Uninfected epithelial cells can divide stochasti-
cally at a low rate, simulating basal tissue renewal.

9. Data Logging: Key metrics, including population counts and field totals,
are recorded periodically and exported to CSV for analysis.
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Two chemical fields are defined and solved using finite-element PDE solvers:
• Virus: Produced by infected cells; diffuses slowly and decays over time.
• Cytokine: Produced by infected and immune cells; promotes immune chemo-

taxis.
The total energy 𝐻 of the system is the sum of multiple biophysical constraints

as described above.
• Contact Energy: Models adhesion between cell types .
• Volume Constraint: Maintains a target cell volume for each cell type.
• Surface Constraint: Simulates realistic surface area, reflecting membrane

tension.
• Chemotaxis: Applies directed migration forces on immune cells toward

cytokine gradients.
Time evolves in Monte Carlo Steps (MCS), during which cells attempt pixel-

copy updates to minimize the total system energy. The stochastic dynamics cap-
ture both thermal fluctuations and biological variability.

The current model is based on a 100x100 lattice with each voxel representing a
cell with the size of 10𝜇m, while accounting for the time frame of 1 MCS equaling
1 minute of real time.
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The following estimations are under the assumption that the model is based
on a 100x100 lattice where each cell in a lattice represent a real-life cell and with
cell size of 10 𝜇m and where one Monte Carlo simulation is 1 minute.

Table 4.1: Mpox Model Parameters

Parameter Description Value
Virus-Related Parameters

Viral replication rate Virus production rate by infected cells
after latent period

69,44 (estimate
based on [105])

Viral diffusion rate Diffusion coefficient of virus field 0.6 - 1.2 [106]
Virus decay rate Decay coefficient of virus field 0.00144 [107]
Infectious dose (MOI) Virus concentration threshold for infec-

tion
>0.1 [108]

Host Cell Parameters
Cell infection proba-
bility

Probability of infection per exposure 0.005

Latent period Time before virus production begins 480-600 [109]
Infected cell lifespan Time until cell death post-infection 4320 [110]

Immune Cell Parameters
Recruitment interval Interval for adding immune cells 720[111]
Killing rate Probability of killing infected cell on

contact
0.3-0.6[112]

Cytokine/Chemokine Dynamics
Diffusion coefficient Cytokine diffusion 0.006-0.03[113]
Decay rate Cytokine decay 0.012-0.035 [113]
Production rate Secretion by infected/immune cells 0.01-1 [113]

Tissue/Simulation Parameters
Tissue dimensions Size of simulated tissue 100x100 pixels
Voxel size Spatial resolution (as per XML)
Time step size Duration of 1 MCS 1 MCS = 1

minute
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4.3 Simulating the results
The simulation was run with CompuCell3D software. The total amount of MCS
being 28800 steps, where 1 MCS equaled 1 minute, making the "real-time" run of
the simulation account for 20 days. The CPM tracked the corresponding interac-
tions between different cell types on a tissue, cytokine and viral level.

Fig. 4.1: The start of the simulation with initial infection in the middle of the grid
colored in green, uninfected cells in blue

Fig. 4.2: Graphical representation of the cytokine field during simulation
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Fig. 4.3: Graphical representation of the viral field during simulation

Fig. 4.4: The simulation itself with blue corresponding to uninfected cells, green
as infected, red as NK cells and yellow as T-cells.
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4.3.1 Results

The following outputs of the simulation were mapped and described below.

Fig. 4.5: Cumulative cytokine field
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Fig. 4.6: Cumulative virus field

Fig. 4.7: Representation of T cell count
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Fig. 4.8: Number of uninfected cells

Fig. 4.9: Number of infected cells in time
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4.3.2 Validation

To assess the biological plausibility of the virus dynamics simulated in this model,
validation based on the data in chapter 3.1[99] which showed significant upregu-
lation of cytokine-producing genes. The simulation output was saved as a csv file
where each row is a variable, and columns were converted from Monte Carlo Steps
(MCS) to hours at a rate of 1 MCS being 1 minute. Pathway analysis containing
pathways consistent with cytokine production were assessed based on Normal-
ized Enrichment Score (NES) and adjusted p-value. Upregulation was shown with
pathways like IL6 JAK STAT3 SIGNALING and is consistent with rise of the total
cytokine field in figure 4.5. Majority of pathways were upregulated and significant
when compared to CytokineTotal, with 69 showing upregulation out of 100.

In terms of gene level analysis simulation trends of VirusTotal were assesed
based on adjusted p-value with the 100 most significant compared based on Log
Fold change (LogFC), simulation output was shown to be consistent with experi-
mental data, with 76 genes showing positive LogFC.

Validation of the temporal viral load profiles was also done against empirical
data reported in literature[119]. Specifically, comparing the simulated total virus
concentration at the time corresponding to symptom onset—mapped to day 12
of the simulation, under the assumption of one MCS representing one minute of
real time—with baseline viral load measurements from clinical data described in
3.1. The simulation data was normalized using a scale factor of 105 to convert
to arbitrary concentration units compatible with log-transformed clinical values
(a.u./𝜇L). This scale factor was chosen as it reflects the approximate median-to-
peak range of viral loads reported in mucosal samples of Mpox patients, overlap-
ping with empirical data in a meaningful way, preserving relative dynamics of the
model while also enabling semi-quantitative validation of the model.

At symptom onset (day 12 of simulation), the simulated viral load reached ap-
proximately log10 4.8 a.u./𝜇L. This value closely aligns with reported median viral
loads in oropharyngeal swabs (4.6 log10 copies/mL) and rectal samples (5.0 log10

copies/mL) from Mpox-infected individuals. Root mean square error (RMSE)
analysis confirmed this alignment, yielding RMSE values of 0.20 for both com-
partments. The simulated load was moderately higher than blood levels (4.0 log10

copies/mL, RMSE = 0.80) and lower than skin lesion loads (7.3 log10 copies/mL,
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RMSE = 2.50), reflecting the expected compartmentalization of viral shedding.
The simulated tissue represents a 100 × 100 grid with each lattice site cor-

responding to a cell of size 10 𝜇𝑚. Assuming a single-layer epithelial sheet, the
physical volume is:

100 × 100 × 10 𝜇𝑚 = 0.0001 𝑚𝑚3

Assuming soft tissue density of 1.06 𝑔/𝑐𝑚3 (0.00106 𝑔/𝑚𝑚3), the corresponding
tissue mass is:

Mass = 0.0001 𝑚𝑚3 × 0.00106 𝑔

𝑚𝑚3 = 1.06 × 10−7 𝑔

At its peak, the simulation contained 13 T cells. The corresponding T cell
density is therefore:

Density = 13 cells
1.06 × 10−7 𝑔

≈ 1.23 × 108 cells/g

Which is shown to be higher than clinical data gathered from 3.1.[117] with
values ranging from 1.5 ≈ 10.26 × 106.

To compare simulation output to experimental serum cytokine levels, the total
cytokine value from the simulation was converted to a concentration in pg/mL
using the following assumptions and formula; the model outputs the total cytokine
amount (in picograms, pg) across the grid as CytokineTotal, simulation domain
is a 100 × 100 grid of voxels with each voxel representing a volume of 10 𝜇L which
gives us the total tissue volume of:

𝑉total = 100 × 100 × 10 𝜇L = 100,000 𝜇L = 100 mL

This concentration estimate assumes a uniform distribution of cytokines within
the simulated tissue allowing us for direct comparison to experimental data.
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Fig. 4.10: Simulated total virus load over time, normalized by 105 and plotted on
a log10 scale. The red dashed line at day 12 denotes the onset of symptoms in the
simulation, corresponding to the clinical symptom onset.

Fig. 4.11: Combined graph overlay of simulated cytokine concentration with the
serum levels of cytokine
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4.3.3 Discussion

The results of this simulation were validated with clinical and experimental data
that evaluated the viability and biological plausibility of the modeled virus and
immune dynamics. Certain key metrics, such as cytokine expression, viral load
kinetics were found to be closely aligned with empirical findings. The Cytokine was
also shown to be rapidly rising with slower growth as disease progresses, mirrored
by the model output and being typical for certain clades of Mpox, leading to
cytokine storms that can range from debilitating to even life-threatening. [118,
119, 120]

Certain amount of viral defense genes, same as inhibition of certain cytokine
pathways, appear to be suppressed, possibly duo to Mpox immune evasion de-
scribed in chapter 2.6.

Another assessment of viral load dynamics was done by RMSE analysis which
showed significant similarities to samples taken from oropharyngeal swabs and
rectal samples, with bigger differences in skin lesions and blood levels. These
findings support the biological realism of the model’s virus production and diffusion
mechanisms, particularly in mucosal and systemic compartments during the early
symptomatic phase of infection. Higher values of consistent with skin lesions could
have been due to the health of the participants, as over 50% of the them were HIV
positive.[118, 119, 120]

The simulated cytokine concentration in infected tissue, as shown in Figure 4.11
demonstrates a steady and pronounced increase over the 20 day period and reach-
ing values above 20,000 pg/ml. Comparing this result to clinically observed serum
cytokine levels (represented by the horizontal dashed lines indicating IL-6, IL-1𝛽

and IL-8) it becomes evident that the modeled tissue concentration significantly
exceeds systemic values in serum, especially after the 5th day of the simulation.
This is to be expected as many studies have indicated that infected tissue con-
centration is higher than systemic concentration. Localized cytokine production
is an indicator of innate immune response, as immune cells secrete these signaling
molecules in close proximity to the site of viral infection.[120]

To interpret simulation outputs in a biophysical context, tissue volume and
mass were estimated based on lattice of 100 × 100 cells with each representing a
10𝜇𝑚 epithelial cell. This yielded a density of approximately 1.23 × 108 cells/g.
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This is higher than empirical T cell densities shown in [117] which ranged in ep-
ithelial cells from 1.5 ≈ 10.26 × 106, with lowest being in kidneys and highest in
lung tissue, which is a magnitude lower than the simulated output. This over-
representation of T cells in our model was expected, as the data was taken from
healthy individuals with no infection, these differences may nevertheless possibly
be due to the limited spatial scale or because of the simplified recruitment rules in
the current implementation of the model. Another possible reason is the volume
and surface constraint of the model, causing "popping" of the cells during interac-
tion with infected cells, causing their deletion in the grid which was showcased in
their fast decline after reaching their peak value. Nevertheless , T-cell values show
a fast incline at the beginning of the infection with peaking around the 5th day
which is consistent with certain viruses from the Orthopoxvirus family, leading to
fast immune response. [121]

Together, these results indicate that the model reproduces key aspects of the
host-pathogen interaction during Mpox infection, including cytokine signaling, vi-
ral kinetics and gene expression responses. However, it also reveals areas for refine-
ment, in particular representing immune cell infiltration and heterogeneity across
tissue. Future iteration of the model may benefit from incorporating more com-
plex spatial and immunological dynamics to better match the full range of clinical
observations.
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Conclusion
This work focused on the pathology of viral infections, with an emphasis on Mpox
(Monkeypox). An essential part of the work was theoretical knowledge and clinical
data collection,necessary for the development and validation of a model, designed
to enhance our understanding of interactions between the virus and the immune
system.

Comprehensive understanding of the dynamics of immune system and its in-
teraction with viral pathogens are thus vital. The first part of this thesis focused
on giving a clear outlook on the basic structure of models, their possible functions
and their representation. The second part was centered on both mechanisms of
pathogenesis and methods of detection with a detailed description of the innate
immune response, giving us an outlook into the first line of human immune de-
fense, its constituents and mechanism of interaction, adaptive immune response
with its ability to recognize antigens and capacity for cellular memory, allowing
the host a more rapid and efficient immune response upon secondary exposure.
Focus was also given to methods of immune evasion and immune escape strategies
giving us insight on both infection and mechanisms of possible immunotherapeutic
strategies employed during the aforementioned infection.

The importance of innate immune response, interaction of host cells during
viral load, interactions and mechanisms of adaptive immune response and method
of immune evasion are all important factors in the construction of such a in silico
dynamic model, although many mechanisms oftentimes need to be adjusted to
reflect relevant data. The development of the model and its successive outputs
have shown to be a fairly accurate characterization of the interaction between
cells, the immune system, and viral particles in a wide time frame.

My hope is that this endeavor will give its reader valuable insights for not
only the necessary understanding in viral interaction but could also be used as a
stepping stone in the development of more sophisticated models and giving better
assessment of targeted therapeutic interventions e.g. vaccination, antiviral drugs
or monoclonal antibodies.
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