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Abstract 

Agent-based modeling (ABM) is a powerful approach for studying complex systems and their 

underlying properties by explicitly modeling the actions and interactions of individual agents. 

This approach has been widely adopted in computational biology for modeling cellular systems, 

where agents are represented as cells. To simulate agents' responses to micro-environmental 

signals, various algorithms have been employed in ABM, including fuzzy-logic controllers 

(FLCs). FLCs offer a particularly appealing solution in computational biology due to their use 

of simple language in their formulation, which allows for the participation of domain experts 

in the model-building process. Furthermore, FLCs enable the creation of models using 

qualitative information, which is appropriate for the type of data commonly available in 

biological systems. 

Over the past decade, numerous software programs have been developed to address the needs 

of the agent-based modeling (ABM) community. However, these solutions often suffer from 

limitations in design, a lack of comprehensive documentation, or poor performance. To tackle 

these issues, we introduce CppyABM - a general-purpose software for ABM that aims to 

enhance current state-of-the-art techniques. CppyABM provides well-documented simulation 

tools that are available in both Python and C++, allowing users to choose the programming 

language best suited to their background and simulation needs. Additionally, CppyABM 

enables ABM development using a combination of C++ and Python, taking advantage of the 

computational performance of C++ and the data analysis and visualization tools of Python. We 

demonstrate the capabilities of CppyABM through its application to various problems in 

ecology, virology, and computational biology. Our performance comparison shows that 

CppyABM is suitable for ABM requirements with different natures, and that using C++ or a 

combination of languages provides significant performance improvements compared to using 

Python alone.  

In this thesie, we utilize CppyABM to explore the impact of magnesium (Mg2+) ions on 

osteogenesis, a crucial process in bone tissue regeneration. Mg-based materials have emerged 

as the next generation of biomaterials that degrade in the body after implantation and eliminate 

the need for secondary surgery. The degradation products of these materials, such as Mg2+ ions, 

are bioactive and have been shown to stimulate various biological processes, including 

osteogenesis. To capture the behavior of mesenchymal stem cells (MSCs) in response to Mg2+ 

ions and other important signals such as growth factors and cytokines, we employ Fuzzy-Logic 

Controllers (FLCs) as the key components of our ABM. Our FLCs are based on qualitative and 

quantitative information from over 50 scientific reports, and incorporate fuzzy rules that 

describe the behavior of MSCs under varying levels of stimulatory signals. We calibrate our 

ABM using empirical data obtained from multiple cell culture experiments. The results show 

that the optimal concentration of Mg2+ ions for osteogenesis is between 3-6 mM to maximize 

the MSC population, and between 6-8 mM to drive MSC differentiation towards the osteoblast 

lineage. Furthermore, the model provides insight into the potential causes of discrepancies in 
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empirical findings, such as varying sensitivity of cells to stimulatory signals in different 

experiments.  

In conclusion, this dissertation has made significant contributions to the field of systems biology 

from a computer science perspective. Specifically, it has introduced CppyABM as a novel 

agent-based modeling software that surpasses existing solutions in terms of functionality and 

versatility. Additionally, it has presented a holistic approach to computational biomodeling by 

combining fuzzy logic controllers and ABM to simulate complex biological systems that are 

influenced by multiple factors. Lastly, this dissertation has provided valuable insights into the 

biological role of magnesium ions in promoting osteogenesis through the use of this integrated 

approach, thus advancing our understanding of Mg-based biomaterials. 
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Zusammenfassung 

Die agentenbasierte Modellierung (ABM) ist ein leistungsfähiger Ansatz zur Untersuchung 

komplexer Systeme und der ihnen zugrundeliegenden Eigenschaften, durch die explizite 

Modellierung der Aktionen und Interaktionen einzelner Agenten. Dieser Ansatz ist in der 

Computerbiologie zur Modellierung zellulärer Systeme, bei denen die Zellen als Agenten als 

dargestellt werden, weit verbreitet. Zur Simulation der Reaktionen von Agenten auf kleinste 

Umgebungssignale wurden in ABM verschiedene Algorithmen eingesetzt, darunter auch 

Fuzzy-Logic-Controller (FLC). FLCs bieten eine besonders attraktive Lösung für die 

Computerbiologie, da sie eine einfache Sprache für ihre Formulierung verwenden, was die 

Beteiligung von Biologieexperten an der Modellerstellung ermöglicht. Darüber hinaus 

ermöglichen FLCs die Erstellung von Modellen unter Verwendung qualitativer Informationen, 

was für die Art von Daten, die in biologischen Systemen üblicherweise verfügbar sind, 

angemessen ist. 

In den letzten zehn Jahren wurden zahlreiche Softwareprogramme entwickelt, um den 

Anforderungen der agentenbasierten Modellierung (ABM) gerecht zu werden. Diese Lösungen 

leiden jedoch oft unter Einschränkungen im Design, einem Mangel an umfassender 

Dokumentation oder schlechter Leistungsfähigkeit. Um diese Probleme zu beheben, haben wir 

CppyABM eingeführt. Dies ist eine Allzweck-Software für ABM, die darauf abzielt, den Stand 

der Technik zu verbessern. CppyABM bietet gut dokumentierte Simulationswerkzeuge, die 

sowohl in Python als auch in C++ verfügbar sind, sodass die Benutzer die Programmiersprache 

wählen können, die am besten zu ihrem Hintergrund und ihren Simulationsanforderungen passt. 

Darüber hinaus ermöglicht CppyABM die Entwicklung von ABM in einer Kombination aus 

C++ und Python, wobei die Vorteile der Rechenleistung von C++ und der Datenanalyse- und 

Visualisierungswerkzeuge von Python genutzt werden. Wir demonstrieren die Fähigkeiten von 

CppyABM in der Anwendung auf verschiedene Probleme der Ökologie, Virologie und 

Computerbiologie. Unser Leistungsvergleich zeigt, dass CppyABM für ABM-Anforderungen 

unterschiedlicher Art geeignet ist und dass die Verwendung von C++ oder einer Kombination 

der Programmiersprachen im Vergleich zur alleinigen Verwendung von Python erhebliche 

Leistungsverbesserungen bietet.  

Wir verwenden dann CppyABM, um die Auswirkungen von Magnesium (Mg2+)-Ionen auf die 

Osteogenese zu untersuchen, einen entscheidenden Prozess in der Regeneration von 

Knochengewebe. Materialien auf Basis von Magnesium haben sich als die nächste Generation 

von Biomaterialien herauskristallisiert, da sie sich nach der Implantation im Körper abbauen 

und eine zweite Operation überflüssig machen. Die Abbauprodukte dieser Materialien, wie 

beispielsweise Mg2+-Ionen, sind bioaktiv und stimulieren nachweislich verschiedene 

biologische Prozesse, einschließlich der Osteogenese. Um das Verhalten von mesenchymalen 

Stammzellen (MSCs) als Reaktion auf Mg2+-Ionen und andere wichtige Signale wie 

Wachstumsfaktoren und Zytokine zu erfassen, setzen wir FLCs als Schlüsselkomponenten 

unseres ABM ein. Unsere FLCs basieren auf qualitativen und quantitativen Informationen aus 

über 50 wissenschaftlichen Artikeln und enthalten Fuzzy-Regeln, die das Verhalten von MSC 
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für unterschiedliche Mengen an stimulierenden Signalen beschreiben. Wir kalibrieren unser 

ABM anhand empirischer Daten, die wir aus mehreren publizierten Zellkulturexperimenten 

gewonnen haben. Die Ergebnisse zeigen, dass die optimale Konzentration von Mg2+-Ionen für 

die Osteogenese zwischen 3-6 mM liegt, um die MSC-Population zu maximieren, und zwischen 

6-8 mM, um die MSC-Differenzierung in Richtung der Osteoblasten-Linie zu fördern. Darüber 

hinaus gibt das Modell Aufschluss über die möglichen Ursachen für Diskrepanzen in den 

empirischen Ergebnissen, wie z. B. die unterschiedliche Empfindlichkeit der Zellen auf 

stimulierende Signale in verschiedenen Experimenten.  

Zusammenfassend lässt sich sagen, dass diese Dissertation einen bedeutenden Beitrag zum 

Gebiet der Systembiologie aus Sicht der Informatik geleistet hat. Insbesondere wurde mit 

CppyABM eine neuartige agentenbasierte Modellierungssoftware vorgestellt, die bestehende 

Lösungen in Bezug auf Funktionalität und Vielseitigkeit übertrifft. Außerdem wurde ein 

ganzheitlicher Ansatz für die computergestützte Biomodellierung vorgestellt, der Fuzzy-Logik-

Controller und ABM kombiniert, um komplexe biologische Systeme zu simulieren, die von 

mehreren Faktoren beeinflusst werden. Schließlich hat diese Dissertation durch den Einsatz 

dieses integrierten Ansatzes wertvolle Einblicke in die biologische Rolle von Magnesiumionen 

bei der Unterstützung der Osteogenese geliefert und damit unser Verständnis von Mg-basierten 

Biomaterialien verbessert. 
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Part I. Fundamentals 

I.1.  Introduction  

Biological systems, including bone tissue repair, are inherently multiscale in time and 

dimension [1]. Biological tissues have hierarchical structures linking nanometers to centimeters 

[2]. Intracellular interactions of molecules on the scale of nanometers give rise to cellular 

response on micrometers [2]. Cellular responses in return form the shape and function of an 

organ [2]. Conversely, the conditions experienced on the tissue, such as mechanical load, are 

transmitted to cell and subcellular processes to guide cellular activities [1]. Defining 

experimental setups to capture the complexity of the biological processes occurring in multiple 

dimensional and temporal scales is impractical due to the measurement and cost limitations. 

Meanwhile, computational tools are able to provide quantitative information across multiple 

scales and capture key biological features at the population level, i.e. macroscale [3], [4]. To 

this end, the information obtained from different experiments is integrated in one platform and 

used to predict the system’s response. Such platform can be utilized to investigate the 

underlying system by replicating the empirical observations or foreseeing the unseen 

experiments [5]. Computer models can assist in the investigation of the cellular mechanisms 

[6] or conducting in silico experiments to guide the design of biomaterials or drugs [7]. 

The choice of numerical techniques generally depends on the problem at hand, target 

measurements, availability of the empirical data, and the randomness in the system [8]. 

Amongst them, agent-based modeling (ABM) has gained special popularity in the simulation 

of heterogeneous systems with a focus on cellular behavior [9]–[11]. ABMs are bottom-up 

approaches where cells as agents interact with one another and with the environment, producing 

various behaviors such as cell migration, proliferation, and phenotypic change to other cells. 

The outcomes of ABM can be measured both on the single-cell scale as well as cumulatively 

at the population level. Detailed information regarding ABM is given in Section II.1.1. A crucial 

step in the modeling of cellular mechanisms is defining the algorithm that maps the cellular 

inputs to the cellular outputs [4], [12]. Different methods have been used in the literature for 

this purpose (see Section II.1.2). Amongst them, fuzzy logic controller (FLC) is an attractive 

approach for this purpose due to multiple reasons. FLC uses plain language in the formulation 

of the system, which enables model tractability as well as the contribution of the domain experts 

in model development [13]–[15]. In addition, FLC can define a system with qualitative 

information. This suits the nature of biological systems as quantitative information is scarce.  

Osteogenesis is the key process in bone repair and revolves around three major cellular 

activities [16]–[18]. First, mesenchymal stem cells (MSCs) proliferation to increase the cell 

population. Second, MSCs commitment to osteoblastic lineage to produce bone cells. Third, 

bone cells activities to assure sufficient generation bone tissue (see Figure II-3 and Section 

II.2.1). Numerous factors can regulate these processes and determine the quality of bone healing 

process [17], [18]. Growth factors are amongst the most determinant factors [17], [18]. 
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Throughout the healing, multiple cells produce growth factors to regulate themselves (paracrine 

effect) and other processes (autocrine) [16]. Inflammatory cells and, more importantly, 

macrophages are the significant contributors to this process [19]–[21]. The productions of 

macrophages such as tumor growth factor (TGF)-beta, bone morphological proteins (BMP), 

and different interleukins (IL) are the key regulators of osteogenesis [22]–[25]. More 

information regarding the regulators of osteogenesis is provided in Section II.2.2. 

Magnesium (Mg)-based biomaterials are attractive choices in the orthopedic industry due to 

their multiple advantages over conventional metallic materials such as titanium [26][27]. Mg-

based materials degrade in contact with body fluids, resulting in the resorption of the implant 

over time [26][28]. This mitigates the necessity for a second surgery for implant removal, 

saving cost and pain. Mg-based materials also offer superior physical properties compared to 

conventional metallic materials in terms of matching the physical properties of the local bone 

tissue [27]. In addition, the Mg degradation products such as Mg2+ ions are bioactive and can 

promote the tissue regeneration process [29]. More information regarding bone implants and 

Mg-based biomaterials is given in Section II.2.3.  

Mg2+ ions are repeatedly shown to modulate a wide range of physiological activities, notably 

osteogenesis [27]. The bioregulatory effect of Mg2+ ions on osteogenesis can be evaluated in 

two main aspects. A direct influence by activating multiple signaling pathways of MSC [30]. 

And, an indirect influence by modulating macrophage productions, which in return influences 

MSC activities [30]. Multiple in vitro studies have reported the stimulatory role of Mg2+ ions 

on cellular metabolism and growth, resulting in a larger cell population [20], [31]. In addition, 

Mg2+ ions are shown to stimulate several signaling pathways associated with the osteoblastic 

differentiation of MSCs [27], [30] Different cell culture experiments have reported the 

stimulatory role of Mg2+ ions on osteoblastic differentiation, especially in the early 

differentiation process [29]. These observations signify the direct role of Mg2+ ions in MSCs 

activities through the engagement in metabolic activities as well as molecular signaling. The 

bioregulatory importance of Mg2+ ions in osteogenesis is further explained in Section II.2.4. 

Although there is a general agreement over the osteoinductive properties of Mg2+ ions, several 

studies have shown their destructive effects on tissue regeneration [26], [32]. Fast degradation 

of Mg-based implants can release a high concentration of Mg2+ ions and results in a high 

alkaline condition, which can interfere with the natural process of bone repair [33]. A high 

concentration of Mg2+ ions, even in a controlled pH environment, has shown detrimental effects 

on various physiological processes such as cell viability and proliferation [34]. Furthermore, 

there are reports on the negative role of Mg2+ ions in the late stage of osteoblastic differentiation 

even in low concentrations [34]. These observations show the complex effects of Mg2+ ions on 

osteogenesis based on the applied dosage and the timing of the process. It is, therefore, 

paramount to thoroughly characterize the biological responses associated with the degradation 

products, particularly Mg2+ ions, before the clinical application of Mg as a bone implant. 

So far, only experimental studies have evaluated the biological response of Mg-based materials. 

Empirical approaches can be expensive, pose ethical problems, and prolong the required 



3 

 

investigation time [35]. Even more so considering numerous candidate alloys for Mg 

biomaterials and the scores of biological reactions involved in the healing process [26], [32]. In 

addition, the inherent problems associated with the empirical approaches, such as noisy 

measurements or heterogeneous cellular response, can cause conflicting observations [36].  

Computer models have shown significant capacity in assisting the characterization of biological 

systems [37]–[39]. They can formalize the current knowledge, objectively evaluate it against 

empirical observations, test new hypotheses, and foresee future experiments [37]–[39]. Several 

numerical approaches have been utilized in the study of biological characterization [40]–[42]. 

Amongst the simulation approaches, ABM and FLCs have been widely employed in the study 

of cellular mechanisms and biomaterials [43]–[46]. In the following, we provide several 

examples of the application of ABM and FLCs in biological systems. 

Bayrak et al. [41] developed an ABM to study the effects of growth factors on MSCs cultured 

in biomaterial scaffold [41]. They showed that growth factors such as vascular endothelial 

growth factor (VEGF) and BMP-2 are crucial for cell survival and differentiation [41]. Kuehn 

and Checa [47] used ABM to quantitatively simulate the interaction of VEGFR1 and VEGFR2, 

as two receptors of VEGF-A. These receptors and their interaction are associated with the 

process of tip selection and sprouting during angiogenesis [47]. Their results showed the 

importance of VEGF-A receptors in the process of angiogenesis [47]. Lambert et al. [48] used 

ABM in the study of kidney uretic branching with a focus on the interactions of endothelial 

cells (ECs) and MSCs. They simulated early epithelial cell growth and branching as a switch-

like mechanism regulated by growth factors [48]. They showed that cell division only occurs 

when the applied growth factors exceed a certain threshold [48]. Their findings indicate the 

crucial role of growth factors in cellular growth [48]. Ross et al. [10] used ABM to study cellular 

migration and the importance of cell-cell interaction in the population-level pattern 

development. They showed the importance of cell-cell interactions such as blind agent 

interaction (cells do not perceive surroundings) and adhesive/repulsive agent interactions (cells 

do perceive surroundings) on the pattern formation [10]. Aldridge et al [44] simulated 

intracellular pathways of human colon carcinoma cells using FLC. By association of the 

intracellular pathways with growth factors and insulin receptors, they successfully predicted 

pathways crosstalk and regulation and shed light on an unknown relationship between MK2 

and ERK pathways [44]. Wang et al [49] and Niemeyer et al [50] used FLC to model the 

generation of different tissues during bone healing proccess. They have successfully 

demonstrated the impact of various mechanical environments on the patterns of bone tissue 

regeneration [49], [50]. 

Numerous software are available in the literature for ABM with different specialties, user 

experience, and processing capabilities [51], [52]. These software have been used for the 

simulation of real-world problems in different scientific domains [53], [54]. However, they still 

have several limitations such as being overly complex, lacking proper documentation, and 

inherent limitations in the design [51], [52]. A complete overview of ABM software with their 

capabilities and limitations can be found in [51], [52], [55], [56]. In ABM, rapid prototyping 

and the computational efficiency are two crucial factors. The former enables an early 

experimentation of the proposed model without dealing with the unnecessary complexities. The 
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latter assures the possibility of a large-scale real-world simulation. The current ABM libraries 

in the literature are either too complex for prototyping or lack the scalability features. To this 

end, Python as a programming language is a viable candidate with features such as ease-of-use 

and rich data analysis and visualization tools. However, current ABM libraries that provide the 

simulation tools in Python are limited in the design and cannot address the broad of ABM 

requirements, including those of this thesis. In addition, Python is less efficient in computational 

aspects, which hinders a large-scale simulation. Contrarily, C++ is computationally efficient 

and suitable for large scale models, but is too complex for prototyping. Therefore, a new ABM 

software is required to address the limitations of the current libraries.  

I.2.  Problem statement 

The first goal of this thesis is to present a novel ABM platform to provide essential tools for the 

simulation of the target physiological processes associated with Mg biomaterials. This 

simulation platform, termed CppyABM, aims at improving on the state-of-the-art ABM 

software in multiple aspects. Notably, it aims at combining the power of C++ and Python in a 

single platform. CppyABM is an open-source project to ease model development for similar 

applications.  

The second goal of this thesis is to employ different techniques to numerically study the 

bioregulatory effects of Mg2+ ions on osteogenesis. We address this goal in two steps. In the 

first step, by using CppyABM, we develop an ABM to simulate the MSCs cellular reactions of 

migration, mitosis, differentiation, and cellular death. In this model, the bio-regulatory effect 

Mg2+ ions together with pH, TGF-b, and BMP-2 are modeled. A fuzzy-logic controller is 

developed to simulate the decision-making center of cells and map the cellular inputs to outputs. 

Three sets of in-vitro cell culture experiments were used for the model calibration. These 

experiments report MSCs proliferation, mortality, and osteoblastic differentiation in response 

to different concentrations of Mg2+ ions.  

In the second step, the previously proposed fuzzy-logic model is extended to study the process 

of osteoblastic differentiation in more detail. This study improves the previous model in three 

major aspects. Firstly, the non-linearity in the bioregulatory role of Mg2+ ions on osteogenesis 

is simulated in more detail. In addition, the regulatory effects of several inflammatory cytokines 

are included in the osteogenesis process in tandem with Mg2+ ions. Thus, the updated model 

represents the healing condition more accurately as the inflammatory cytokines are crucial 

players in the osteogenesis process. Moreover, five sets of cell culture data were used for model 

evaluation. These experiments are specifically focused on MSCs osteogenic activities and have 

reported multiple markers for early and late differentiation processes.  

The computational platform proposed in this thesis facilitates the biological characterization of 

Mg-based implants, which is instrumental in safely commercializing these implants. The 

proposed computer models in this thesis shed light on the osteogenic response to Mg2+ ions. 

Considering that osteogenesis is the principal process during bone tissue regeneration, and Mg2+ 

ions are the primary productions of Mg-based implants’ degradation, the contribution of this 
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study is significant. The findings of this study recommends the safe dosages of Mg2+ ions to 

optimize osteogenesis through the crucial cellular processes of MSC proliferation and 

osteogenic differentiation. Therefore, these findings can guide the design of future Mg-based 

implants and their degradation properties in order to optimize the outcome of bone healing 

response.  

I.3.  Organization of the thesis 

The present document is a cumulative doctoral thesis and is organized as follows. In Part II, a 

general introduction into the relevant topics is provided. This includes an introduction to agent-

based modeling, fuzzy logic controllers, and the biological processes targeted in this thesis such 

as osteogenesis process. In Part III, the publications generated in the scope of this thesis are 

presented, which are: 

• Nourisa J, Zeller‐Plumhoff B, Willumeit‐Römer R. CppyABM: An open‐source agent‐

based modeling library to integrate C++ and Python. Software: Practice and Experience. 

2022. 52(6). 1337-51. DOI: 10.1002/spe.3067. 

• Nourisa J, Zeller-Plumhoff B, Helmholz H, Luthringer-Feyerabend B, Ivannikov V, 

Willumeit-Römer R. Magnesium ions regulate mesenchymal stem cells population and 

osteogenic differentiation: A fuzzy agent-based modeling approach. Computational and 

structural biotechnology journal. 2021. 19. 4110-22. DOI: 10.1016/j.csbj.2021.07.005. 

• Nourisa J, Zeller-Plumhoff B, Willumeit-Römer R. The osteogenetic activities of 

mesenchymal stem cells in response to Mg2+ ions and inflammatory cytokines: a 

numerical approach using fuzzy logic controllers. PLoS computational biology. 2022. 

18(9). e1010482. DOI: 10.1371/journal.pcbi.1010482. 

In Part IV, the main findings of the publications are restated, and the prospective view on the 

future work is given. 

  

https://doi.org/10.1002/spe.3067
https://doi.org/10.1016/j.csbj.2021.07.005
https://doi.org/10.1371/journal.pcbi.1010482
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Part II. Theoretical Background 

In this section, the important concepts used throughout the thesis are explained in two sections. 

First, an introduction to the concept of computational bio-modeling is given, with detailed 

explanation on ABMs and FLCs. After, an introduction to the topics related to the biological 

aspects of this thesis is provided such as the process of osteogenesis, Mg-based biomaterials, 

and the important regulatory factors. 

II.1. Computational bio-modeling  

Computational bio-modeling aims at understanding how cells and organism develop, function, 

and survive by employing computer simulations of biological systems. Mechanistic modeling 

is a subcategory of this field that aims at mechanistically simulating individual processes 

involved in the system’s behavior [57], [58]. Continuum simulation and ABM are two 

approaches widely used for mechanistic modeling [57], [59]. In the continuum approach, the 

characteristics of the system are simulated as field variables, where a set of equations describe 

the aggregated behavior of the system in the course of time and space [59], [60]. For instance, 

the concentration of cells is simulated by partial differential equations, where different cellular 

activities such as cell migration, proliferation, and death are simulated by the evolution of cell 

density across the simulation domain over time [61]. Similarly, the formation of different tissue 

types, e.g. cartilage or bone tissue, are simulated by field variables, where their density changes 

depending on local cell activities. For instance, Jin et al [62] used a set of differential equations 

to describe the evolution of cell population in a scratch assay (a cell culture with an scratch in 

the middle, where the cells migrate the vacant area from surroundings). This simulation 

accounts for cell migration and proliferation by evolving the cell density in the course of time 

and dimension. They reported that logistic functions could correctly describe cell population 

growth in a scratch assay [62]. Although this approach is generally simpler to implement and 

requires lesser computation costs, the simulation of noise and heterogeneity in the system is 

impractical. ABM mitigates these issues by explicitly accounting for agents interactions. In the 

next section, ABM is explained in detail. Then, the algorithms used as decision-making center 

of ABM are elaborated with an attention to FLCs.  

II.1.1.  Agent-based modeling 

ABM is a subcategory of agent-based computing and artificial intelligence with the aim of 

understanding emergent phenomena associated with complex adaptive systems [63], [64]. In 

ABM, the agent can take on various roles according to different applications; a car in city traffic, 

a human in social system, or a cell in biological environment are different forms of agents in 

ABM [57]. ABM differs from multi-agent systems (MAS) (another category of agent-based 

computing) as MAS mainly focuses on designing complex communication systems between 

agents, while ABM set rules and simpler communication protocols [64][65]. However, the 

distinguishing line between them has become blurred in the recent decade as many studies use 
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them interchangeably [65][56]. ABM is also referred by different keywords such as individual-

based modeling or cell-based modeling, which are similar but somewhat different domains in 

agent-based computing [65].   

ABM is a bottom-up computational approach to understand the system’s behavior that emerges 

from the aggregation of individual agents’ activities [66]. In contrary to most computational 

approaches that describe macroscale behavior of a system in equilibrium, ABM aims in 

describing the system in micro level by employing simple rules for agents [67]. This, 

nonetheless, is capable of describing complex phenomena emerging in macroscale and is 

repeatedly shown to be practical for real world problems [67]–[69] One of the earliest 

implementation of ABM was in Thomas Schelling's segregation model published in 1971 [70]. 

The basic concepts of ABM were successfully implemented in this model, where the interaction 

of independent agents in a shared environment resulted in observable emergent outcomes. More 

recently, a notable use case of ABM in addressing complex problems is in the domain of 

epidemiology to simulate the spread of COVID-19. Numerous studies have employed ABM to 

simulate the spread of this virus in response to different measurements and treatment protocols 

in order to inform public decisions for societies [71], [72]. ABM has found parallel applications 

in various disciplines such as biology and medicine, physics and chemistry, security, social and 

economic modeling, and supply network and transport optimization [66]. 

Object-oriented programming (OOP) is widely used to encapsulate agents’ behavior in ABM 

[73]. In OOP, the static properties of objects are stored as object’s data, i.e. fields, while 

functions define the procedure for objects behavior. According to the object’s state, the defined 

procedure (methods) can update the object’s attributes [74]. Different approaches are employed 

for OOP, notably defining classes to specify objects  [74]. To this end, different classes can be 

defined to characterize different objects. Since agents are self-directed entities with the abilities 

to act autonomously, the use of class to describe agent is natural [75]. To this end, most of ABM 

software have adopted the concept of OOP is their design using different programming 

languages such as C++, Java, and Python [51], [52], [73]. 

ABM has been given an especial attention in systems biology [76], where agents represent cells, 

interacting with one another and with the environment. Cells in this approach receive 

mechanical and biochemical signals from their individual micro neighborhood and produce 

activities based on the defined algorithm. Cellular activities can contain various forms such as 

migration, proliferation, secretion of growth factors, and apoptosis/necrosis as different forms 

of cell death (see Figure II-1). The productions of individual cells are then aggregated in the 

system level, which can be evaluated against experiments. In ABM, uncertainty such as noise 

and randomness can be embedded in the cellular level, to give rise to heterogeneity in the system 

level  [67], [68]. 
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Figure II-1. In on-lattice ABM, cells are located inside the grids across the domain. They can migrate 

by moving to neighbor grids, differentiate to other cells by switching type, or undergo death by 

deactivation or disappearance from the domain.  

ABM is multiscale by nature as entities operate in cell level with seconds or hours as timescale, 

while the outputs are aggregated in tissue level in hours or days [62], [68]. ABM can also be 

combined with other models in different scales to further address the multiscale nature of 

biological system. For instance, the integration of ABM with reaction-diffusion models of 

growth factors can increase the time resolution of the model in capturing the dynamics of the 

proteins down to milliseconds [77][78]. Cell models can also be integrated with continuum 

models such as finite-element models to take into account the factor of mechanical signals 

originated from tissue-level load bearing [61][49]. Moreover, in order to bridge the intracellular 

and the tissue scale together, ABM can be combined with the dynamical chemical models, 

which simulate intracellular processes [79]. These models explicitly simulate signaling 

pathways and interacting molecules, which offers a higher complexity and resolution to cellular 

responses [79].  

ABMs are generally classified into two categories of on-lattice and off-lattice [80]. In the 

former, the simulation space is discretized into grids (also known as patches), where the 

movement and the interaction of agents are limited to the grids (see Figure II-1), while in the 

latter, the space is continuous with cells moving and interacting freely in the domain [81]. On-

lattice approach has also its own subcategories depending on the specialty of the simulation 

[82]; for instance, the occupancy of a grid can be limited to one agent or more; or one agent can 

occupy one or multiple grids. On-lattice approach can be even simplified into the assumption 

that agents do not move and only interact with the environment. For instance, a specific quantity 

defined on a mesh can change depending on certain features of neighbor meshes. This method 

is called cellular automata and is widely used in pattern formation and game theories such as 

the famous Conway’s game of life [4], [83].  

On-lattice approach offers lesser complexity and computational costs compared to off-lattice 

method [84], [85]. However, they have several disadvantageous. Notably, the on-lattice 

approach assumes a spherical shape for cells, while in reality, cells can take on an elongated 

shape. Thus, direct comparison of the simulation to the experiments might face challenges, 
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especially for the models with a focus on the migration process. In addition, cell adhesion and 

repulsion are challenging to model in on-lattice approaches, as they require interfacial tension 

and internal pressure [84]–[86] Therefore, the choice of the model for a specific problem is a 

trade-off between ease of use, realistic outcomes, and computational efficiency. An extensive 

review of different ABM techniques can be found in [85].  

The concept of time in ABM is simulated using discrete evolution of the system by an iterative 

approach [87]. At each iteration, the formulated equations and algorithm are executed, and the 

system is updated according to the outputs before running the next step. The choice of the time 

step heavily depends on the simulation target and the computational costs [85]. The time step 

is ideally chosen to capture the fastest biological process occurring in the system. For instance, 

to study cell proliferation, an ideal time step can be one day, while for cell migration, a fraction 

of a day is required to capture the details sufficiently [88]. Meantime, a smaller time step 

demands higher computations. Therefore, a trade-off between accuracy and computational 

feasibility determines time step [87], [88] 

A large number ABM software have been developed in the last few decades [52], [89]. These 

software can be generally divided into two subcategories; those based on domain-specific 

languages (DSLs) [55], [89], [90]; and those based on public programming languages [8], [91]. 

The former ease the model development by providing a clear, high-level, and easy-to-read 

syntax, designed for specific applications. However, they are limited in multiple aspects. For 

instance, the integration of third-party libraries and frameworks is not practical [92]. Also, they 

have the disadvantage of learning a new scripting language. Arguably, Netlogo [90] is the most 

famous ABM software using DSLs, which has been widely used in numerous real word 

problems across multiple scientific domains [93], [93]. On the contrary, ABM libraries based 

on public programming languages are open-source and can mitigate the aforementioned 

problems. These libraries offer tools and functionalities that can be used or tailored based on 

the specialty of an ABM. Amongst the successful open-source ABM libraries are Mason [94] 

and Repast [91]. The major problem with these platforms is the complexity in the programming 

language or the design of ABM as well as the lack of sufficient documentation [92]. C++ and 

Java are widely used for these libraries thanks to their modular design and efficiency. However, 

these languages are less efficient for fast prototyping and visualization purposes. Therefore, a 

general-purpose ABM library that provides open-source tools and functions with ease of use 

and efficient performance has yet to be proposed. Refer to [51], [52] for further explanation 

regarding the merits and shortcomings of different ABM software.  

II.1.2.  Decision-making center of agents and fuzzy-logic controllers  

One of the important steps in the development of ABMs in systems biology is defining an 

algorithm to correctly abstract cellular responses. The algorithm as the decision-making center 

of agents receives environmental cues as inputs and predicts cellular behavior as outputs. 

Different approaches have been used in the literature for this purpose such as simple rule 

definition, stochastic approach, artificial neural networks (NNs), and FLCs [4], [68], [95]–[98]. 

Deveaux et al [99] used simple rules in an ABM to simulate cell migration and proliferation for 
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cancer research. They reported the importance of cell movement for cancer proliferation. 

Browning et al [78] used simple rule definition and stochastic functions to describe cellular 

movement in an off-lattice ABM (cells can move freely on the simulation domain). The 

proposed model was able to realistically simulate collective cell migration and proliferation 

processes by calibrating against cell culture experiments. Jäger [98] used NNs embedded in 

ABM for the simulation of cellular migration. The proposed NNs receives environmental 

signals such as cell density and determines cell’s choice whether to move to another location. 

They trained the algorithm using reinforcement learning and reported a successful training for 

Schelling’s segregation problem.  

Amongst the viable approaches, fuzzy logic-based solutions have demonstrated great potential 

due to multiple advantages [43], [44], [100], [101]. Firstly, the language used for FLCs is simple 

and readable by non-expert people in simulation. This is especially important in 

interdisciplinary fields such as systems biology, where the model developer has generally 

limited biological knowledge. Therefore, continuous collaboration with domain experts such as 

cell culture experimentalists is paramount for the successful creation of a numerical model. 

FLCs formulate the model in form of IF-THEN statements, where IF and THEN are conditions 

and results, respectively [102]. For instance, IF the-concentration-of-magnesium is low, THEN 

proliferation-rate-of-MSC is fast. This simple language has the potential to involve domain 

experts in the model development process and facilitate the creation of a successful digital 

replica. 

In addition, FLCs enables the formulation of a system without precise mechanistic information 

[101]. In biological systems, information about the system in mostly qualitative or semi-

qualitative due to noise in measurements or variations cellular responses. For instance, although 

Mg2+ ions have been reported to stimulate osteogenesis in low concentration, the precise value 

of such concertations differ from one experiment to another. Such qualitative information can 

be used in the formation of FLC by considering a range to the effect of a particular variable 

instead of a precise value. Modeling such a system with other simulation techniques, which 

require real-valued information, would be impossible if not difficult. Thus, the inherent 

capability of FLC in leveraging qualitative knowledge further implies their significance in 

biological simulations. 

Another main advantage of FLCs is that the interactions among signaling factors are 

automatically defined during the definition of fuzzy rules [44], [101]. Since multiple signals 

affect the system’s behavior both independently and in a combined format, it is important to 

correctly define how these signals interact in determining a particular cellular outcome. The 

rest of the methods in the literature define certain assumptions regarding the quality of the 

interactions, such as linear superimposition, in order to sum of the stimulatory effects [79], 

[103], [104]. Such approaches are idealized and pose scalability issues. Meanwhile, FLCs 

natively handles this issue as the available knowledge regarding the stimulatory effects also 

defines the possible interactions. Similarly, if information about an interaction is missing, the 

formulation of FLCs clarifies this shortcoming and potentially solves it through hypothesize 
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testing. However, FLCs are less powerful in modeling unknown relationships between 

signaling factors compared to state-of-the-art methods such as neural networks [105]. 

In order to model a system using FLC, the information regarding the bioregulatory effects of 

the signaling factors on cellular functions are compiled and turned into fuzzy sentences [44], 

[87], [100]. These information describe cellular functions as a function of different intensities 

of signaling factors. During this process, the missing information can be either simplified or 

defined as unknown parameters, which needs tuning in the calibration process. Then, the 

compiled knowledge is converted into a FLC in three processes; fuzzification, fuzzy rule 

definition, and defuzzification (see Figure II-2) [102]. The fuzzification process converts 

cellular inputs and outputs into fuzzy terms/levels such as low, medium, and high. The 

definition of these terms and their associated real values depend on the biological role. If a 

signaling factor has a complex concentration-dependent effect, it requires higher number of 

linguistic terms to sufficiently describe the regulatory effect in the whole spectrum. Similarly, 

if a cellular output occurs in different intensities depending on the different input conditions, a 

higher number of terms should be defined to sufficiently address the details. The conversion of 

real-valued variables into the fuzzy format is conducted using fuzzy membership functions 

(FMFs) [106]. Different FMFs are available such as rectangular, trapezoid, and Gaussian 

functions (see Figure II-2-A) [106]. The choice of a FMF depends on the biological role of a 

variable. For instance, if the stimulatory effect is expected to reach a maximum value at a certain 

concentration, rectangular membership functions are used, while trapezoid function assumes a 

range of values (instead of a single value) could induce the maximum effect. 

Another essential step in the development of a FLC is defining fuzzy rules [102]. Fuzzy rules 

are the standardized form of the gathered information describing the system. Each fuzzy 

statement defines a particular cellular output as a function of a combination of certain inputs. 

Higher number of linguistic terms in cellular inputs and outputs requires more fuzzy statements 

to fully describe the system (Figure II-2-A). For instance, to describe the stimulatory role of 

two growth factors of G1 and G2 on the proliferation rate, the multivariate fuzzy statement can 

look like ”IF G1 is physiological and G2 is stimulatory, THEN proliferation is fast”. A complete 

set of fuzzy rules defined to describe MSC osteoblastic differentiation in response to Mg2+ ions 

and inflammatory cytokines can be found in Section III.3.  

A set of cellular inputs can simultaneously trigger multiple fuzzy statements, each with different 

activation degrees. These multiple activations can occur due to the fact that a given real quantity 

of cellular input can fall into more than one category of fuzzy terms. For instance, Mg2+ ions 

concentration of 5mM can be partly within ‘low’ and partly ‘high’ levels. Thus, two or more 

fuzzy statements can fire for a given concentration of 5mM. The activation degree of each 

statement would depend on the attribution of the given concentration to each fuzzy level. In the 

diffuzification process, one final output is calculated from the activation of multiple statements. 

) [102]. Several approaches are available for this purpose such as centroid method and weighted 

average method [107]. In centroid method, the center of the mass/surface area due to the 

activation of each fuzzy level is calculated (see Figure II-2-C). 
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Figure II-2: Model development processes in fuzzy-logic controllers. In step 1, the set of real-valued 

variables for cell inputs and outputs are converted to fuzzy variables using fuzzy membership 

functions (A&B). Once the inputs are fuzzified, the set of rules derived from literature knowledge 

is used to predict cellular reactions in step 2. The controller generally activates multiple fuzzy 

outcomes at once. In order to create an outcome, an averaging algorithm, e.g. centroid approach, is 

used to defuzzify the outcomes. The image is adopted from [108].  
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II.2.  Biological background 

In this section, the introduction regarding the biological background of this thesis is provided. 

First, an introduction to the process of osteogenesis with the involved cellular activities is 

presented. After, the important regulatory factors of osteogenesis are explained. Next, an 

introduction to bone implant materials and the importance of magnesium in this field is given. 

Finally, the bioregulatory importance of magnesium in osteogenesis is explained.   

II.2.1. Osteogenesis: MSC proliferation and osteoblastic differentiation  

Bone fracture healing is a complex process and follows a series of coordinated events such as 

bleeding, inflammation, angiogenesis, and tissue production [16]. Inflammation occurs shortly 

after a fracture, where the inflammatory cells such as macrophages migrate into the fracture 

site, remove foreign material and damaged tissue, and promote the healing process by releasing 

a multitude of cytokines and growth factors [16]. The released chemicals diffuse to the neighbor 

region and attract the cells involved in the bone healing process, notably MSCs [16]. MSCs are 

multi-potent cells that migrate to the fracture site, increase cell population via proliferation 

process, and differentiate into different cell types such as fibroblasts, chondrocytes, and 

osteoblasts [16], [109]. The differentiation of MSCs into fibroblast and chondrocytes results in 

the production of fibrocartilage, also known as soft callus, which provides an early stability in 

the fracture sites [110]. The differentiation of MSCs into osteoblasts leads to the calcification 

of the callus and the stabilization of the fracture site, which is the fundamental step in the 

healing process [110].  

Osteogenesis is a complex, multistep process that evolves around MSCs activities (see Figure 

II-3), notably the proliferation and osteoblastic differentiation, finely regulated by a multitude 

of cells and molecules. MSCs are the source of new cell production thanks to their unlimited 

self-renewal capacity [109]. MSCs can give birth to two daughter cells through cell division 

process without aging or losing their special characters as stem cells [109], [111]. Proliferation 

process can be divided into four major phases of G1 phase, S phase, G2 phase, and M phase 

[112]. In G1 phase, the cell decides whether to initiate a new division process. Once committed 

to a new cell cycle, in S and G2 phases, the cell replicates its DNA, grows, and prepares for 

mitosis (division) [112]. Finally, in M phase, the cell commits the actual division process and 

produces two daughter cells [112]. Each proliferation stage is a result of a complex network of 

cellular pathways, activated by plethora of signaling factors [112].  

A decline in the proliferation capacity of MSCs is generally followed by the initiation of the 

differentiation process [16]. The coordination between the proliferation and differentiation is 

essential for a proper tissue repair upon injury [113]. Several studies have shown that MSCs 

perceive signals for differentiation specifically in G1 phase, whether to further proliferate or 

switch to differentiation [112]. Several factors can affect cell fate decision such as physical 

cues, cell population, oxygen density, pH, and growth factors [113], [114]. Throughout the 

healing process, the cross communication between inflammatory cells and MSCs plays a 
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significant role in the fate of the healing process [115]. However, the understanding of the 

regulatory network underlying cell fate decision is still incomplete [114]. 

 

Figure II-3: Osteogenesis evolves around MSCs activities; MSCs migrate to the damage site in 

response to inflammatory conditions, increase cell population through proliferation process, 

differentiates to different cell types, notably osteoblasts in two steps of early and late processes, and 

undergo apoptosis (programmed death) or necrosis (death due to damage). Created with 

BioRender.com.     

II.2.2. Osteogenesis: regulatory factors   

Among the signaling factors, MSCs are particularly sensitive to the mechanical signals such as 

strain in their microenvironments [116], [117]. For instance, a higher magnitude of strain 

encourages the differentiation of MSCs into fibroblast and chondrocyte, resulting in 

fibrocartilage formation, while a lower strain causes osteoblastic differentiation and formation 

of bone [116], [118]. Therefore, the mechanical stability in the fracture site is crucial for 

osteogenesis. In addition, growth factors play an essential role in various MSCs activities such 

as proliferation and differentiation [112]. Inflammatory cells and, in particular, macrophages, 

are the primary producers of growth factors and cytokines in the repair process [19], [119]. 

Inflammatory cells release different profiles of proteins at different stages of healing process, 

directing the recruitment and controlled proliferation of MSCs as well as timely differentiation 

of MSCs into different cells including osteoblasts [19], [119]. In the past decade, a multitude 

of studies has specifically implied the importance of macrophage productions in directing 

osteogenic differentiation [19], [24], [119]. Macrophages are the major source of growth factors 

and cytokines throughout the healing process. Among them, TGF-b, BMP-2, IL10, IL1-b, and 

IL8 are especially significant in osteogenesis [120]. For more information regarding the bio 

regulatory factors of these growth factors on osteogenesis, refer to Sections 0 and III.3. 

Biomaterials are another category of substances that can significantly affect osteogenesis [121], 

which are further explained in the next session.       

II.2.3. Bone implant materials and magnesium 

Although bone has the capacity to restore itself after a fracture, a sufficient mechanical stability 

in the fracture site is required for the cells to survive and function properly [110]. Bone implants 

are designed to provide such mechanical stability. Physical and mechanical properties of the 

implant can significantly determine the success of a healing [122]. An excessively rigid implant 
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can result in a phenomena called stress shielding, which prevents the local cells to experience 

favorable mechanical signal, vital to their normal functioning [122], [123]. On the other hand, 

an excessively flexible implant can lead to an unstable healing site, causing cell death or 

resulting in a suboptimal healing progress [124].  

Different types of materials have been used for bone implants in orthopedic industry, such as 

metals and polymers [121]. Metallic materials such as stainless steel, cobalt chromium, and 

titanium are the commonly used for bone implants [121]. These materials generally offer 

superior performance in terms of load-bearing capacity compared to polymers [121]. However, 

they might suffer from several disadvantageous. Firstly, stress-shielding phenomena [122], 

[123]. The young modulus of these materials are significantly higher than bone tissue, which 

hinders bone regeneration and leads to one resorption around the implant [122], [123]. In 

addition, the metallic materials undergo corrosion in contact with body environment, releasing 

ions and materials, which are generally toxic for the local cells [125]. Moreover, the 

conventional metallic bone implants require a second surgery to remove the implant after the 

successful bone reunion [121]. This process poses additional financial and health burdens.     

Mg-based implant offer multiple advantageous offer conventional metallic materials [126]. Mg-

based materials degrade in contact with body solution, which mitigates the necessity for the 

second surgery (see Figure II-4) [26]. Mg-based materials also offer a superior physical 

properties compared to the conventional metallic materials, in terms of matching with the local 

bone tissue to reduce the stress-shielding phenomenon [26]. Mg alloys have a Young’s modulus 

of 41 to 45 GPa [127], while titanium allows, for instance, has a Young’s modulus of 110 to 

230 GPa [128]. Considering the Young’s modulus of human bone tissue is 10 to 40 GPa [128], 

Mg alloys can physically align better with fractured bone. Moreover, the degraded Mg products 

such as Mg2+ ions are bioactive and promote tissue regeneration process [26]. Mg is an abundant 

metal in the body, which is also stored in skeleton and acts as a natural agonist of calcium [121]. 

Mg in the form of ion (Mg2+ ions) is crucial for bone metabolism [129]. In addition, Mg2+ ions 

are involved in different cellular pathway activation including osteogenesis, which is elaborated 

in Section II.2.4. 
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Figure II-4: Mg implant degrade shortly after implantation, producing a broad range of ions and 

materials, interfering with different biological reactions. The image was reproduced from [26]. 

Despite the several advantages offered by Mg-based materials, their usage in the orthopedic 

industry faces multiple challenges [26], [126], [130]. Firstly, a rapid degradation of Mg 

products could produce toxicity and instability in the fracture site, potentially leading to implant 

failure. An ideal implant should degrade with a pace proportional to the pace of the host tissue’s 

renewal. In this way, the loss in the mechanical stability of the implant is compensated by the 

newly generated bone. In order to improve the degradation properties of Mg, different materials 

such as calcium, zinc, gadolinium, and silver are mixed with Mg in the form of alloys [26], 

[126], [130]. Although this process improves the early degradation properties of Mg, the 

degraded products of the alloy can be potentially harmful for the healing process [26], [126], 

[130]. This is in addition to the challenges in the manufacturing techniques of Mg alloys [26], 

[126], [130]. Thus, a thorough characterization of the degradation process as well as the 

biological reaction are prerequisites for the clinical application of Mg alloys. 

II.2.4. Magnesium as a bio-regulatory factor 

Mg as a natural substance of the body is essential for synthesis of proteins and is an important 

cofactor of a broad range of enzymes and transporters [131]. Intracellular Mg is a requirement 

of adenosine triphosphate (ATP) production, which is the universal currency of energy [131]. 

Mg also forms a complex with ATP to compose a biologically functional form, which regulate 

essential pathways in cellular functioning [132]. Mg deficiency is associated with hypertension, 

atherosclerosis, vasospasm, sudden cardiac death, stroke, and inflammatory conditions [131], 

[132]. 

The influence of Mg2+ ions on osteogenic activities can be evaluated in two aspects of direct 

and indirect (Figure II-5) [30]. Mg2+ ions have shown to directly interfere with MSCs 

intracellular signaling pathways and influence their phenotype change [31]. Wang et al has 

reported the association of Mg2+ ions with MAPK/ERK and Wnt/ β-catenin signaling pathways 

[31]. These pathways are involved in osteoblastic differentiation of MSCs [31]. Ni et al have 

shown MgCl2 activates p38/Osx/Runx2 and thereby promotes MSCs osteogenic differentiation 

in a mouse model [133]. Several studies have reported the stimulatory effect of Mg2+ ions on 

MSCs activities both in terms of phenotypic change [29], [34] and molecular response [27], 

[134]. Mg2+ ions has shown to affect cell population, mortality, and differentiation process on 

both concentration-dependent and phase-dependent fashion [29], [34], [135], [136]. While low 

concentration of Mg2+ ions is generally associated with an increased cell proliferation and faster 

differentiation process, its high concentration results in a decreased in proliferation and 

differentiation as well as an increase in mortality rate [29], [34], [135], [136]. In addition, Mg2+ 

ions in low concentration has shown to upregulate early osteoblastic differentiation, while it 

inhibits late differentiation phase [136]. Cell culture experiments have also shown that the 

application of Mg2+ ions alters the protein secretion of MSCs [27], [134]. For instance, proteins 

of S100A10 and BASP1 are differentially expressed for MSCs treated with low dosage of Mg2+ 

ions [134]. 
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Figure II-5: Mg2+ ions regulate MSCs activities in both direct and indirect way. The indirect 

way includes the stimulation of macrophage productions, e.g. interleukins such as IL10 and 

IL8, which in return affect MSCs response. The image is taken from [108]. 

Empirical data have also shown the significance of Mg2+ ions in regulating the inflammatory 

response, e.g. macrophage polarization and cytokine release, and thereby indirectly affecting 

osteogenesis [20], [137], [138]. Deficiency and surplus of Mg2+ ions can both significantly 

affect the profile of macrophage cytokine release [30]. The pro-inflammatory cytokines of 

TNF-a, IL6, and IL8 as well as the anti-inflammatory cytokines of IL10 and IL4 have been 

shown to be regulated by Mg2+ ions a dose-dependent way [30]. For instance, Mg2+ ions 

deficiency and surplus upregulate and downregulate the TNF-a level, respectively [30], [139]. 

The regulatory effects of Mg2+ ions on macrophages is partly due to metabolism change, as 

Mg2+ ions directly influence the role of ATP in cellular metabolism [30]. Mg2+ ions is also a 

signaling protein that involves in multiple intracellular pathways such as non-canonical 

pathway of NF-kB and MAPK pathway [30], [139]. The mentioned inflammatory cytokines 

are determinant factors in MSCs osteogenic activities. The indirect effect of Mg2+ ions on 

osteogenesis through macrophage is reported to even overweight the direct impact of Mg2+ ions 

on MSCs [30].  
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Part III. Publications 

III.1. CppyABM: an open‐source agent‐based modeling library to integrate 

C++ and Python 

Agent-based modeling (ABM) is a popular method for examining the complex behavior that 

arises from the interactions between multiple autonomous agents. Both Python and C++ are 

widely used for ABM due to their unique characteristics. C++ offers exceptional performance, 

while Python provides ease-of-use and extensive libraries for data science, visualization, and 

machine learning. To bring together these benefits, we present CppyABM, a framework that 

offers uniform ABM semantics and development styles in both C++ and Python, as well as the 

tools to bind functions and types from C++ to Python. With CppyABM, users can choose either 

language depending on their expertise and the nature of the model, or combine them to take 

advantage of both. We demonstrate the capabilities of CppyABM through examples in 

computational biology, ecology, and virology, implemented using different combinations of 

C++ and Python, and compare the performance of these implementations. Our results indicate 

that models entirely or partially implemented in C++ outperform those that are purely 

implemented in Python. 

Nourisa J, Zeller‐Plumhoff B, Willumeit‐Römer R. CppyABM: An open‐source agent‐based 

modeling library to integrate C++ and Python. Software: Practice and Experience. 2022. 52(6). 

1337-51. DOI: 10.1002/spe.3067. 
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III.2. Magnesium ions regulate mesenchymal stem cells population and 

osteogenic differentiation: A fuzzy agent-based modeling approach 

Several empirical studies have investigated the role of mesenchymal stem cells (MSCs) in 

bone regeneration and the impact of magnesium (Mg) ions on MSC growth and osteogenesis. 

In this research, we utilize an agent-based model to understand the spatial and temporal 

dynamics of the MSC population and osteogenic differentiation in response to Mg2+ ions. A 

fuzzy-logic controller is designed to control the actions of the cells by predicting cellular 

behaviors including proliferation, differentiation, migration, and mortality in response to 

bioregulatory factors such as Mg2+, pH, BMP2, and TGF-β1. The model is validated using 

empirical data obtained from three sets of cell culture experiments. The model accurately 

reflects the observed data, including cell count, viability, DNA content, and markers of 

differentiation such as alkaline phosphate (ALP) and osteocalcin (OC). The results show that 

the optimal concentration of Mg2+ ions for MSC growth is between 3-6 mM, and that the 

concentration affects the differentiation markers, with ALP increasing and OC decreasing in 

response to the ions. The model also highlights the differences in cell behavior based on the 

culture conditions, such as the sensitivity to Mg2+ ions. The proposed model offers valuable 

insights for the study of bone regeneration around Mg-based implants, where the release of 

ions from the degradation of the implant interacts with local cells and impacts the 

regeneration process. 

Nourisa J, Zeller-Plumhoff B, Helmholz H, Luthringer-Feyerabend B, Ivannikov V, Willumeit-

Römer R. Magnesium ions regulate mesenchymal stem cells population and osteogenic 

differentiation: A fuzzy agent-based modeling approach. Computational and structural 

biotechnology journal. 2021. 19. 4110-22. DOI: 10.1016/j.csbj.2021.07.005. 
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.  

III.3. The osteogenetic activities of mesenchymal stem cells in response to 

Mg2+ ions and inflammatory cytokines: a numerical approach using 

fuzzy logic controllers 

The present study aimed to investigate the effect of Magnesium (Mg2+) ions on the osteoblastic 

differentiation of mesenchymal stem cells (MSCs) in the presence of inflammation. To achieve 

this, we proposed a numerical model that utilized a fuzzy logic controller to predict the early 

and late differentiation rates of MSCs based on the concentrations of Mg2+ ions and various 

inflammatory cytokines such as TNF-α, IL-10, IL-1β, and IL-8. The model was calibrated using 

five sets of empirical data obtained from published cell culture experiments. The results showed 

that the proposed model accurately reflected the concentration- and phase-dependent effect of 

Mg2+ ions on MSC differentiation, with low concentrations of Mg2+ ions promoting early 

differentiation and higher concentrations inhibiting late differentiation. The model suggested a 

concentration of 6–8 mM as being most effective in promoting early differentiation. 

Additionally, the model highlighted differences in the behavior of cells from different 

experiments and successfully reproduced the non-linearities in the concentration-dependent 

role of the inflammatory cytokines. In conclusion, the proposed model provides valuable 

insights into the study of the osteogenic properties of Mg-based implants in the presence of 

inflammation. 

Nourisa J, Zeller-Plumhoff B, Willumeit-Römer R. The osteogenetic activities of mesenchymal 

stem cells in response to Mg2+ ions and inflammatory cytokines: a numerical approach using 

fuzzy logic controllers. PLoS computational biology. 2022. 18(9). e1010482. DOI: 

10.1371/journal.pcbi.1010482. 
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Part IV. Summary and outlook 

The contribution of this dissertation to the field of computational biomodeling are twofold. 

First, the methodological advancement. We developed CppyABM, an open-source general-

purpose ABM library, to improve on the state-of-the-art techniques in multiple aspects. 

CppyABM combines merits of two languages of C++ and Python in one platform. The 

computational efficiency of C++ offers scalability, while Python provides rapid prototyping 

with rich data analysis and visualization tools. In addition, CppyABM provides many built-in 

functions to ease the model development and reduce the possible implementation mistakes and 

memory mismanagement (see Section III.1).  

In addition, the content of this dissertation contributes to the methodological advancement in 

the simulation of cellular responses to signaling factors. Firstly, the proposed parameter analysis 

can shed light on the fundamental differences amongst experiments and guide the integration 

of heterogeneous data from different sources. In Sections III.2III.3, we have showed the 

importance of this matter in the biological characterization of Mg degradation products, where 

MSCs cultured in different experiments showed diverse sensitivity to Mg2+ ions. In addition, a 

novel iteration-based calibration approach based on approximate Bayesian calculation (ABC) 

was proposed in III.2. We showed that this iterative approach has superior performance 

compared to the single-round ABC widely used in the literature. 

Furthermore, the content of this dissertation provides several advancements in the biological 

characterization of Mg-based materials. Firstly, we compiled the sparse knowledge regarding 

the regulation of multiple processes involved in osteogenesis such as MSC proliferation, 

osteoblastic differentiation, and mortality from over 50 different empirical reports in one 

platform (see III.2 and III.3). This contains not only the regulatory role of Mg2+ ions, but also 

several other regulatory factors which are associated with the Mg degradation products such as 

pH change, important growth factors and cytokines. Using this information and the 

implemented calibration process, the model could successfully reproduce empirical data of the 

eight sets of in vitro cell cultures, in terms of cell population, cell mortality, and osteoblastic 

differentiation (see III.2 and III.3). In addition, the simulation results, in agreement with the 

empirical data, have suggested optimal concentration of Mg2+ ions for osteogenesis. We showed 

that Mg2+ ions within the concentration of 3-6 mM results in the highest MSC population, and 

within 6-8 mM is the most effective in stimulating osteoblastic differentiation process (see III.2 

and III.3). 

Future steps in characterizing bone tissue response to Mg degradation products include the 

following. Firstly, the interaction of MSC and macrophage, as a crucial process in bone 

regeneration, is double-sided; macrophage influences MSC and vice versa. Mg products 

influence both cell types and the quality of their interactions (see section II.2.4). So far, we have 

solely studied the bio-regulatory effect of macrophage on MSC and the role of Mg2+ ions in this 

process. Next step should be the extension of this model by including the regulatory effects of 
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MSC on macrophage, as an attempt to present a more realistic biological model. Second, we 

have so far solely studied the biological role of Mg2+ ions, while Mg-based bone implant 

releases several other materials into the micro surroundings such as alloy materials, e.g. 

Gladinium and silver. A more comprehensive study of Mg alloys is essential for the successful 

use of Mg-based implants. Thirdly, we have so far studied the phenotypic cellular response to 

Mg2+ ions such as proliferation and differentiation. However, phenotypic response can be 

heterogeneous across different cell culture experiments. This implies the importance of 

understanding the intracellular pathways associated with Mg2+ ions to shed light on the 

underlying regulatory mechanism. To this end, further studies by a focus on intracellular 

processes such as different OMICs analyses is crucial in the study of Mg-based implants. In 

these approaches, high throughput measurements, including thousands of genes and proteins, 

can be analyzed using different techniques such as target gene detection, enrichment analysis, 

and gene regulatory network analysis.     
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