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Abbreviations 

AhR  Aryl hydrocarbon receptor 

AO  Adverse outcome 

AOP  Adverse outcome pathway 

ASL   Apical surface liquid 

BM  Biomarker 

BN  Bayesian network 

BoC  Bronchus-on-a-Chip 

COPD   Chronic obstructive pulmonary disease 

CSE  Cigarette smoke extract 

DAG   Directed acyclic graph 

DBN   Dynamic Bayesian network 

EGF  Epidermal growth factor  

GBN  Gaussian Bayesian network 

GCH  Goblet cell hyperplasia 

IL   Interleukin  

IVIVE   In vitro  to in vivo extrapolation 

KE  Key event 

LOOCV   Leave-one-out cross validation 

MIE   Molecular initiating event  
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MPPD   Multiple -Path Particle Dosimetry  

NAMs   New approach/alternative methodologies 

NHBE   Normal human bronchial epithelial cell  

OoC  Organ-on-a-Chip 

qAOP  Quantitative adverse outcome pathway 

VUS  Volume under surface 
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Preface 

This thesis is the culmination of my research on airway chronic inflammation  associated 

with  cigarette smoking. My work aims to develop risk assessment methods utilizing  in 
vitro  to in vivo extrapolation (IVIVE)  approaches, instead of relying on animal testing.  

Chapter 1 presents a proof of concept for quantitative  risk assessment using the 

quantitative adverse outcome pathway (qAOP) based on Bayesian network modeling. 

Chapter 2 explores the mechanism of cigarette smoke-induced goblet cell hyperplasia 

(GCH) , focusing on interleukin (IL) -13 receptor sensitivity in vitro . This approach helps 

mimic the presence of immune cells without co-culture. Chapter 3 describes the 

development of an Organ-on-a-Chip with tubular -structured airway epithelial cells, 

called Bronchus-on-a-Chip (BoC) , to reproduce stenosis in vitro . The BoC maintained 

high throughput, which is critical for toxicological risk assessment. Chapter 4 introduces 

a revised Multiple -Path Particle Dosimetry  (MPPD)  model. The dosimetry of tobacco 

aerosol in the airway was estimated after a sensitivity analysis. 

Every model introduced in this thesis contribute s to the IVIVE risk assessment by 

enhancing the understanding of each mechanism in airway chronic inflammatory diseases. 

Furthermore, I believe that integrating these models will lead to an accurate qAOP model 

for airway chronic inflammatory disease associated with cigarette smoking without  the 

need for animal testing. 
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General Introduction  

1. Airway chronic inflamma tion 

Airway diseases are a significant  global health issue. Chronic obstructive pulmonary 

disease (COPD) was the fourth  leading cause of death in 2021 (World Health 

Organization, 2024b) , and asthma affected an estimated 262 million people in 2019 

(World Health Organization, 2024a) . A characteristic of airway diseases is their  negative 

impact on breathing, which not only reduces quality of life but can also be fatal. These 

severe diseases, COPD and asthma, are caused by airway chronic inflammation . In these 

diseases, inflammation occurs in multiple areas of the airway, leading to various 

symptoms (Aghasafari et al., 2019; Raby et al., 2023; Sutherland & Martin, 2003; Welte 

& Groneberg, 2006). The human airway is composed of two parts: the upper respiratory 

tract, includ ing the nose, pharynx, and larynx, and the lower respiratory tract,  including  

the trachea, bronchi, bronchioles, alveolar ducts, and alveoli (Mete & Akbudak, 2018; 

Patwa & Shah, 2015). A representative symptom of airway chronic inflammation  is airway 

stenosis, which is particularly evident in  the bronchi (Esterly & Heard, 1965; Jeffery, 

2004). 

The airways, including the bronchi , are constantly exposed to the external environment 

through breathing. Lung epithelial cells serve as the first line of defense against 

atmospheric components, such as air pollutants and pathogens. A typical defense 

mechanism is mucociliary clearance, which extends from the trachea to just before the 

alveoli. The epithelia in this region  include ciliated cells and mucus-producing cells 

(Chakraborty  et al., 2022). Goblet cells, a type of mucus-producing cell, produce fluids 

containing gel-forming mucins,  MUC5AC  and MUC5B , that capture airborne materials. 

Ciliated cells, which have cilia on the apical side of the epithelium , elevate airborne 

materials out of the body (Curran & Cohn, 2010; Davis & Wypych, 2021) . An 

inflammat ory response, such as the interleukin (IL) -4/ 13 axis, can perturb the 

mucociliary clearance. Irritated e pithelial cells release cytokines that stimulate immune 

cells. Activated immune cells release IL-13 to promote mucin production , thereby 

protecting the airway surface from irritants (Gabryelska et al., 2019; Gour & Wills -Karp, 

2015; Hong et al., 2020). However, when inflammation becomes chronic, this response 

becomes excessive, compromising normal organ function.  In the bronchi,  continuous 
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species-specific differences, such as variations in breathing patterns and anatomical 

structures (Harkema et al., 2006; Wu et al., 2024; Zwicker et al., 2018). Furthermore, the 

growing emphasis on animal welfare has driven the development of new approach 

methodologies (NAMs)  (Krewski  et al., 2010). 

In vitro  to in vivo extrapolation (IVIVE) is an approach  that integrates in vitro  data to 

estimate in vivo responses (Bell  et al., 2018). This process measures cell-level or tissue-

specific responses to a chemical in vitro . In vivo responses, such as disease development, 

cannot be estimated solely based on a single type of in vitro  response. To estimate in vivo 

responses, IVIVE integrates various in vitro  data using computational models. 

Recently, the toxicological community,  including regulators, has acknowledged the 

effectiveness of the adverse outcome pathway (AOP), which is a simplified pathway from 

a molecular initiat ing event (MIE) to adverse outcomes (AO)  (Ankley  et al., 2009; 

Tollefsen et al., 2014). AOP allows for focusing on major pathways that significantly  

contribute to the progression of adverse outcomes or diseases. While AOP can help in 

decision-making, such as the selection of assays that are fit -for-purpose, there was a need 

for a tool specifically designed for the quantitative  risk assessment of chemicals and 

products. In response to this need, quantitative AOP s (qAOP s) have been developed 

(Paini  et al., 2022). However, the chronic inflammation associated with cigarette smoking 

is still more complex than what existing qAOP models can directly account for. Th is 

complexity arises because a single puff of cigarette smoke hardly becomes toxic 

immediately. Similar to the toxicity of chemicals such as heavy metals and pesticides 

(Mwilola  et al., 2020; Thompson et al., 2017), their risk assessments must consider the 

accumulation of exposure. Therefore, especially for cigarette smoking, a qAOP model for 

airway inflammatory disease needs to include cumulative biological responses to repeated 

exposure as well as rapid biological responses. 

 

4. In vitro models for  airway chronic disease  

Advanced in vitro  models of the airway are employed for data collection instead of animal 

testing. A recent advancement in airway in vitro  models is the three-dimensional (3D) 

culture model for the airway epithelium . In the 3D culture, airway epithelial cells are 

grown in an insert that maintains an air-liquid  interface (Fig. 3.1a). When airway 

epithelial  basal cells are cultured using this method, they differentiate i nto a 
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pseudostratified structure composed of basal, epithelial, and goblet cells, which resembles 

the structure of the bronchial epithelium  (Hiemstra  et al., 2018; Prytherch et al., 2011). 

Additionally , 3D-cultured airway epithelial cells are suitable for long-term culture, which 

can reproduce chronic conditions (Casalino-Matsuda et al., 2006; Kistemaker et al., 2015). 

These characteristics, human similarity and long-life,  are advantageous for assessing 

airway chronic inflammation in vitro . 

To further advance, Huh et al. (2010)  reported the first Organ -on-a-Chip (OoC) , which 

mimics lung surface stretching on a small chip. As demonstrated in this example, OoC 

reproduces the organ tissue environment by combin ing biological cell culture methods 

with  chip engineering. One controversial point of OoC for the airway is its throughput 

capacity. While specialized devices allow for high organ similarity, most OoCs do not 

meet the requirements for high-throughput data collection (Gao et al., 2024; Lagowala et 
al., 2021; Park & Young, 2021). Toxicological assessments require high-throughput OoC s 

because these analyses are often conducted based on dose-response relationships.  

Although there has been a notable advance in in vitro  testing methods, not all phenomena 

in airway chronic inflammation  are fully reproduced. Airway inflammation involves 

various types of cells. As stated in Section 1, not only airway tissue cells but also immune 

cells contribute to the pathogenesis. Therefore, co-culture with  the specific immune cells 

responsible for the targeted disease is an essential factor to accurately reproduce the 

complex disease mechanisms. However, co-culture of  different types of cells still require s 

significant effort  for optimiz ation. In vitro  cultures require different nutrients and 

durations for response depending on the cell types. For example, the culture medium for 

specific cell types may result in unexpected phenotypic alterations in the co-cultured cells 

(Arigony  et al., 2013; Kimura et al., 2023; Ochiai et al., 2018). To utiliz e advanced in 
vitro  culture systems, such as OoC, for IVIVE  risk assessments, efforts to optimiz e culture 

methods should be further intensified . 

 

5. Aerosol dynamics model in the human airway 

For IVIVE , the chemical dose at the target tissue must be known to estimate the in vivo 
response. Besides the fact that the airway directly contacts aerosol without passing 

through other organs, the dynamics of aerosol inside the airway itself are complex because 

the aerosol travels from the mouth to the deep lungs through airway tubules branched at 
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different angles. There is a publicly available aerosol simulator called the Multiple -Path 

Particle Dosimetry (MPPD) model to estimate the deposition amount of single solid 

particles in the human airway (Anjilvel & Asgharian, 1995; Asgharian et al., 2001). 

However, tobacco product aerosol contains multiple constituents, including solid 

particles, volatile gases, and semi-volatile droplets. Thus, the original MPPD model  falls 

short in predicting tobacco product aerosol dosimetry. Furthermore, aerosol deposition 

is influenced by smoking behavior because dilution and mixing of aerosol with inhaled 

and residual air in the airway alter the dynamics of aerosol. To estimate the dynamics of 

tobacco product aerosol, a specific simulator that considers its complexity is required. 

 

6. The purpose of this thesis 

Airway chronic inflammation is linked to severe diseases; however, its risk assessment 

method is not fully established. Especially for the risk assessment of cigarette smoking, 

more effort is needed due to its complex mechanism. To advance in this area without 

animal testing, by adapting the IVIVE approach to disease risk, the following  in vitro  and 

in silico subjects are set:  

1. Demonstration of the qAOP model of chronic disease using Bayesian network 

modeling with a hypothetical dataset. 

2. Elucidating the relationship between cigarette smoke exposure and the sensitivity of 

airway epithelial cells to IL -13, aiming to include the inflammatory aspect in an in 
vitro  model without co -culture. 

3. Development of a high-throughput OoC for the bronchus, termed Bronchus-on-a-

Chip (BoC) , to mimic  stenosis as a disease state response.  

4. Revising the MPPD model by including formulae for detailed geometry, air mixing in 

the oral and deep lung, and transportation on the lung surface to optimize the aerosol 

dynamics of cigarette smoke. 

 

7. The goal of this thesis and expected outcome 

The goal of this thesis is to propose IVIVE methods for the toxicological risk assessments 

of airway chronic inflammatory  diseases targeting cigarette smoking. 
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Graphical Abstract. Integration of IVIVE approach for risk assessment of cigarette smoking.  

The deposition of cigarette smoke could be simulated using the revised Multiple -Path Particle Dosimetry ( MPPD ) model. Data 

reflecting the calculated concentration of cigarette smoke will be acquired in the Bronchus-on-a-Chip (BoC) . The levels of goblet cell 

hyperplasia and stenosis in the BoC will be measured with the addition of interleukin ( IL )-13 to mimic the presence of immune cells. 

Finally, the risk of adverse outcomes (AOs) could be estimated using the quantitative Adverse Outcome Pathway (qAOP) model by 

inputting the  acquired data. 
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Chapter 1 
Proof of concept for quantitative adverse outcome pathway 

modeling of chronic toxicity in repeated exposure 

Abstract 

The adverse outcome pathway (AOP) is a useful tool to understand the mode of action 

of a chemical. However, in order to use it for the purpose of risk assessment, an AOP 

needs to be quantified using in vitro  or in vivo data. The majority of quantitative AOPs 

(qAOP s) developed so far have been for single exposures to progressively higher doses. 

Limited attempts have been made to include time in the modeling. Here, as a proof-of-

concept, a hypothetical AOP was developed and quantified using a virtual dataset for six 

repeated exposures within a Bayesian Network (BN) analysis framework. The virtual data 

were generated using realistic assumptions. The effects of each exposure were analyzed 

separately using a static BN model and in combination using a dynamic BN (DBN) model. 

This work shows that the DBN model can be used to calculate the probability of adverse 

outcomes when other upstream key events (KEs) were observed earlier. These 

probabilities can help in the identification of early indicators of AO. In addition, a data -

driven AOP pruning technique was developed using a lasso-based subset selection, and 

it showed that the structure of AOP is itself dyn amic and changes over time. This proof-

of-concept study revealed the possibility of expanding the applicability of the AOP 

framework to incorporate biological dynamism in toxicity appearance due to repeated 

insult.  
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4. Discussion  

The goal of the AOP framework is to provide a principled approach to better understand 

the pathway to adverse outcomes by synergistically integrating information from different 

layers of biological organization and advancing a more informed testing strategy (Ankley 

et al., 2009). Owing to its flexibility and its ability to ingest information, not just from in 
vivo animal models but also from in vitro new approach methodologies, the AOP 

framework has emerged as a powerful tool for chemical testing and risk assessment. Cost-

effective in vitro methods enable toxicologists to collect information from different layers 

of biological organizations that can then be integrated into a cohesive AOP framework 

and used as a roadmap for adverse outcomes. Over the years, the number of expert-

derived AOP submissions has grown (https://aopwiki.org/). There are several AOPs that 

deal with  chronic toxicity as the AO, however, AOPs that deal with repeated exposure 

and donor-dependent onset of chronic events are still sparse. One reason for this humble 

showing could be the difficulty in AOP represent ing the dynamism of biological pathway 

perturbation during repeated exposure to stimuli. Regardless, the dearth of repeated 

exposure-related AOPs that deal with acute-phase and chronic-phase KEs differently and 

account for donor-dependent onset of chronic events, needs to be addressed. 

Additionally , the generation of data alone is not sufficient. Data arising from molecular 

to phenotypic levels need to be integrated and interpreted unambiguously to truly  render 

an AOP useful. Moreover, the associations between different layers of biological 

organization need to be quantified and made clear. How these associations evolve over 

different exposure repetitions needs to be quantified. Only a principled quantitative 

approach can achieve this.  

To demonstrate the utility of a chronic qAOP framework by taking repeated exposure 

into consideration, a hypothetical AOP with acute -phase responses (KEs and BMs), 

chronic-phase KEs, and AO was used. As mentioned, BMs are involved in this 

hypothetical AOP because some secondary measures outside the AOP could be also 

obtained in real experimental situations, and they could be informative of AOP 

perturbation. Separation of acute-phase KEs and chronic-phase KEs/AO enabled the 

consideration of the dynamism of biological perturbation. A virtual dataset was generated 

to quantify this AOP. In generating this dataset, it was assumed that the chronic KEs were 

initiated only after repeated insults , whereas the acute KEs were readily activated. In this 

study, a six-time repeated exposure study was assumed as a proof of concept, although 
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various scenarios that can potentially decrease the likelihood of AO can be explored. 

Furthermore, and most importantly, qAOPs can be used for data-poor chemicals as a 

read-across by considering qAOPs of structural analogs. 

For the practical implementation of NAMs, including qAOP models, within the 

regulatory framework, several key points need to be addressed. It is crucial to promote 

the evolution of science through knowledge sharing by reusing both input and output data 

across different studies. Therefore, the use of a common reporting template is essential 

(Carnesecchi et al., 2023). Additionally, the modeling approach should always be 

evaluated in terms of its domains of applicability, potential bias, and level of certainty or 

uncertainty (Brozek et al., 2021). When focusing on qAOP modeling, transparency in the 

modeling approach, dataset, and their quality and reliability is of utmost importance for 

decision-making (Paini et al., 2022) . To this end, guidelines and workflows have already 

been proposed, and researchers are encouraged to follow them when using qAOP models, 

including the models developed in this study. By adhering to these practices, greater 

consistency and reliability can be ensured in the application of qAOP models in regulatory 

decision-making processes. 
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5. Short summary 

Although several reports have attempted to model chronic toxicity (Conolly  et al., 2017; 

Elias et al., 2019), they mostly rely on a simple sequence from MIE through AO, in which 

cumulative effects are not modeled. Here, I demonstrated that BN and DBN formalisms 

could enable the incorporat ion of cumulative effects as well as repeated perturbations of 

biological pathways. This means that the AOP structure itself could become dynamic, as 

KEs can be annotated as acute or chronic phases. I  believe the proof-of-concept study was 

able to explore the possibility that the AOP framework could be expanded for more 

flexible toxicity consideration s. However, it should be acknowledged that this model was 

developed with a virtual setup (i.e., a hypothetical AOP with a virtual dataset) . To develop 

a practical qAOP, inputting actual data  is essential. The concept of the AOP framework 

could be a future application for the risk assessment of chronic diseases if relevant in vitro 
NAMs and AOPs are available.  
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Figures and tables 
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Table 1.1. Assumption of donor dependent appearance of chronic toxicity. 

Donor  Appearance of chronic toxicity Severity 

1 Exposure rep 4 Severe 

2 Exposure rep 3 Severe 

3 Exposure rep 4 Moderate 

4 Exposure rep 3 Moderate 

5 Exposure rep 4 Weak 

6 Exposure rep 3 Weak 

7 No No 

8 No No 
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Fig. 1.1. A directed acyclic graph of hypothetical AOP. 

Directed acyclic graph was used for Bayesian statistics-based approaches. BM1 through BM4 are ligands of the receptor (KE1). KE1 

induces receptor signaling cascades of BM5 through BM8, which results in the downstream responses including chronic-phase KEs. MIEs, 

acute-phase KEs, and acute-phase BMs are represented in white. Chronic-phase KEs and AO are shown in solid black circles. MIE: 

Molecular Initiating Event, KE: Key Event, BM : Biomarker, AO: Adverse Outcome. 
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Fig. 1.3. R2 values for dose-response and response-response models. 

A Linear mixed model (LMM) was used for both dose -response (Eq. (5)) and response-

response modeling (Eq. (6a)). The conditional R 2 values (Shinichi & Holger, 2013)  were 

reported for both dose-response (a) and response-response modeling (b). For dose-response, 

each exposure repetition was analyzed separately. For response-response modeling, all 

exposure repetitions were pooled together. (c) Heatmap of R2 values of biomarker pairs. (d) 

Same as (b) and (c), except polynomial regression (Eq. (6b)) was used and R2 coefficient was 

calculated using the standard formula. These analyses and visualizations were performed 

using R statistical software version 4.0.4.  
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(Blom  et al., 2016; Ronaghan et al., 2022). IL -13 is stable and can be used to refresh 

culture medium more easily than immune cells. Co-exposure of 3D NHBE cells to IL -13 

and a test sample could be a useful first step of testing and screening for airway chronic 

inflammation. Co -exposure of a test sample and IL-13 not only expands the dynamic 

range of mucus production, but also mimics the interaction of epithelial cells and immune 

cells in airway chronic inflammation.  
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Chapter 3 

High -throughput Bronchus -on-a-Chip system for modeling 

the human bronchus 

Abstract 

Chronic bronchitis induces goblet cell hyperplasia and metaplasia, obstructing airflow. 

Traditional animal testing is often replaced by in vitro  three-dimensional cultures of 

human epithelial cells to assess chronic cell responses. However, these cells are cultured 

horizontally, differing from the tubular structure of the human airway and failing to 

accurately reproduce airway stenosis. To address this, I  developed the Bronchus-on-a-

Chip (BoC) system. The BoC uses a novel microfluidic design in a standard laboratory 

plate, embedding 62 chips in one plate. Human bronchial epithelial cells were cultured 

against a collagen extracellular matrix for up to 35 days. Characterization included barrier 

integrity assays, microscopy, and histological examination. Cells were successfully 

cultured in a tubular structure, with the apical side air -lifted. Epithelial cells differentiated 

into basal, ciliated, and secretory cells, mimicking human bronchial epithelium. Upon 

exposure to inducers of goblet cell hyperplasia and metaplasia, the BoC system showed 

mucus hyperproduction, replicating chronic epithelial responses. This BoC system 

enhances in vitro  testing for bronchial inflammation, providing a more human -relevant 

and high-throughput method.  
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1. Introduction  

A critical defense mechanism to airborne materials is the barrier function, which is 

achieved by tight and gap junctions in the epithelium, physically preventing airborne 

materials from invading the subepithelial compartment. In addition, the tracheal and 

bronchial epithelia play crucial roles in mucociliary clearance. The tracheobronchial 

epithelium comprised of basal, ciliated, and secretory cells. Ciliated cells express hair-like 

structures (cilia) on their surface, and secretory cells (including goblet and club cells) 

secrete mucus. Mucus captures inhaled airborne materials, which are cleared out of the 

respiratory tract by the beating cilia of ciliated cells (Crystal  et al., 2008). However, once 

these defense mechanisms are impaired, inhaled materials can reach cellular 

compartments and trigger various cellular responses, including inflammation.  

Airway inflammation is a protective response of the body to airborne materials, such as 

toxins, pollutants, irritants, and allergens, and is normally a temporal biological event. 

However, when inflammation becomes severe and chronic, it can disrupt normal organ 

function, leading to conditions such as chronic obstructive pulmonary disease and asthma 

(Aghasafari et al., 2019; Larsen & Holt , 2000).  

The mechanisms underlying airway chronic inflammation are complex, and its symptoms 

often manifest at multiple sites within the airway  (Bousquet et al., 2000; Holz et al., 2000). 

In the bronchial region, chronic inflammation in the airways often leads to bronchitis, 

during which bronchial tissues exhibit abnormal cell populations and impaired 

mucociliary clearance function. These results are due to inflammation-induced 

hyperplasia and metaplasia of goblet cells, leading to hyperproduction of mucus and 

thickening of epithelial cell layers. As a result, patients with chronic bronchitis often 

experience difficulty breathing due to airflow obstruction caused by mucus 

hyperproduction and airway remodeling (Fahy & Dickey, 2010; Jeffery, 2001; Rogers, 

2002). 

Two culture methods are commonly used for in vitro toxicological assessment and analysis 

of disease mechanisms in the human bronchi. The first is the two-dimensional culture 

system, which is a simple and low-cost culture method, in which airway epithelial cells are 

cultured in flasks or plates as monolayers. This system is mainly used for acute cell 

response analyses, such as cytotoxicity and cytokine production, and is useful for 

screening purposes in toxicological and pharmacological evaluations. However, this can 
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lead to misinterpretation because the cells lack polarization and functionality, and thus 

do not effectively represent airway cells in vivo. 

Conversely, a three-dimensional (3D) culture system is a more sophisticated approach 

that mimics the tracheobronchial epithelium more accurately (Fig. 3.1a). Such 3D 

cultures contain functional epithelium with pseudostratified columnar and multitype cells, 

including basal cells at the bottom of the layer, ciliated cells, and goblet cells containing 

mucus(Hiemstra et al., 2018; Prytherch et al., 2011). In addition, 3D -cultured airway 

epithelial cells are suitable for long-term culture, which enables the induction of chronic 

states. For example, increased epidermal growth factor (EGF) levels and continuous 

treatment with interleukin (IL) -13 can lead to goblet cell hyperplasia and metaplasia in 

3D human bronchial epithelial cells (HBECs)  (Casalino-Matsuda et al., 2006; Kistemaker 

et al., 2015). The result of 3D  HBECs show promise for mimicking chronic bronchial 

responses. However, considering the actual human bronchial structure, such cultures 

have room for improvement. 

Most of the current structure of 3 D HBECs is a horizontal plane, which differs from the 

physiological tubular structure of human bronchi. Considering the effect of surrounding 

cell populations on cell growth, the tubular structure of HBEC cultures would be more 

representative of the human bronchial system. In addition, considering airborne material 

exposure through human inhalation, modeling a tubular structure would be more 

biologically relevant because inhaled substances are normally exposed to airway epithelial 

cells in the tubular lumen. Furthermore, stenosis and airflow obstruction of chronic 

bronchitis are not reproduced in a planar culturing method but can be reproduced in a 

tubular structure. Development of a culture method that mimics such a physiological 

environment could be beneficial for developing more predictive test methods.  

Recently, physiologically relevant in vitro  culture methods have been progressively 

developed, and they are anticipated to serve as an alternative for animal testing. Organ-

on-a-Chip (OoC) technology has emerged and mimics the physiological environment in 

thumb-size, or smaller, microfluidic chips(Kimura  et al., 2018; Wu et al., 2020). They can 

be broadly classified into high-throughput and high -function models. High -throughput 

OoCs typically use systems that are compatible with standard labware, such as multi -

channel pipettes and robotics. They allow for conducting experiments with many 

replicates and conditions(Azizgolshani et al., 2021). However, to achieve high-

throughput capability, these chips may sacrifice some functionality, such as organ 
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AF-100-15) for 7 days by adding 1 or 5 ng/mL EGF to the differentiation medium in the 

perfusion channels. EGF was re-added with every medium change. On day 28, the 

cultures were exposed to 0.5, 1, or 5 ng/mL IL-13 (PeproTech, 200-013) for 7 days in a 

similar manner (Fig. 3.5a). Both exposures were performed during air-liquid interface 

culture, and no medium or HBSS was present in the central chamber. 
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3. Results 

3.1. The OrganoPlate Air enables tubular cell cultures 

The OrganoPlate Air is a novel microfluidic device consisting of 62 chips patterned 

underneath a standard 384-well titer plate, enabling perfusion and nutrient diffusion 

through a central chamber filled with an ECM ( Fig. 3.1b and c). It enables both 

submerged and air-liquid interface cell cultures with access to the culture medium or air 

on the apical surface, respectively. In this study, the OrganoPlate Air was used to culture 

HBECs in a tubular fashion against a collagen ECM.  

After cell seeding, the cells formed a confluent monolayer within the cavity against the 

ECM by day 3 (Fig. 3.2a and b). The cell layer remained confluent throughout the culture 

period (magnified images in Fig. 3.2b). On day 10, the culture was transitioned to an air-

liquid interface setup, allowing direct exposure of the cells to air for the remaining 

duration of the culture. This resulted in a shadow being cast on the area against the ECM, 

thereby limiting visibi lity visual inspection and imaging ( Fig. 3.2b, day 12). To mitigate 

this issue, HBSS was added to the central chamber immediately prior to observation to 

improve visibility. HBSS was subsequently removed to re-establish the air-liquid interface, 

and culturing was continued with cells directly exposed to air. To assess the confluency 

and tubular structure of the HBEC culture, Sytoxgreen nuclear fluorescent stain was used 

for visualization. Processing of the acquired images with a color-coding gradient for the 

z-location within the chip, confluency ac ross the entire area against the ECM could be 

qualified ( Fig. 3.2c). The complete area against the ECM was covered with cells, creating 

a confluent and stable tubular structure of bronchial epithelium. The bottom and top of 

the tubular structure remain open, allowing for unobstructed airflow through the chip.  

 

3.2. Bronchial epithelium cultured in the OrganoPlate Air differentiates and 

forms a polarized tubular structure 

For the differentiation of HBECs into a polarized and ciliated epithelium, the medium 

was switched from expansion medium to differentiation medium, which was applied to 

the basal side of cells. Subsequently, the apical side was cultured in an air-liquid in terface 

environment. On days 14, 22, and 36 of culture, cilia were visually categorized as follows: 

no cilia (0), small patches (1), large patches (2), or large areas (3) (Fig. 3.3a). An evident 
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abnormal basal cell proliferation (Curran & Cohn, 2010) . Activation of the EGFR 

signaling pathway is also related to mucus production in airway epithelial cells via the 

specificity protein -1 (Sp1) axis (Perrais et al., 2002). In addition, IL -13 is a well-known 

inducer of goblet cell metaplasia and hyperplasia both in vitro  and in vivo (Atherton  et 
al., 2003; Eenjes et al., 2018; Wills-Karp et al., 1998). As a result of 2-week exposure to 

EGF and IL-13, I  observed an expected increase in MUC5AC-positive cell numbers and 

a decrease in basal cell numbers. This suggests that basal cells turned into mucus-

producing cells, resulting in increased mucus production. These results demonstrate the 

utility of BoC in chronic exposure studies and for inducing disease states.  

Traditionally, 3D HBEC s are used for exposure studies of airborne materials, and thus 

various exposure apparatuses are available for these culture methods (Chandrala et al., 
2019; Ding et al., 2020; Thorne & Adamson, 2013). However, most of them expose 

aerosols from top to bottom in a vertical manner. Consequently, the dynamics of aerosols 

cannot be fully reproduced with horizontally cultured cells. This approach can result in 

uneven aerosol deposition within a single sample (Oldham  et al., 2020). In the human 

bronchi, aerosols travel from the mouth or nose to deep lungs through airway tubules. 

Previous studies showed shear stress alters cell characteristics such as protein expression, 

barrier function, and nano particle delivery  (Gupta  et al., 2021; Sidhaye et al., 2008). 

Here, I  achieved airway epithelial cell cultures with a tubular structure that closely mimics 

human airways. This opens up the possibility of reproducing exposure scenarios that are 

more relevant to humans. The air flow could provide shear stress to the HBECs in BoC, 

expecting manifestation of air-flow-associated functional characteristics such as 

coordinated cilia movement (Sone et al., 2021). For this purpose, I am developing an 

aerosol exposure apparatus for horizontal 3D HBEC s which is capable of reproducing 

human-relevant airflow and exposure scenario. For instance, aerosol exposure apparatus 

for horizontal 3D HBEC s can adopt to BoC when I develop an attachment for BoC which 

allows to flow air and aerosol inside the BoC tubule, from the top to bottom. 

I  recognize that the BoC still has room for improvement. Handling BoCs can be 

technically challenging, and I sometimes experienced that the ECM sporadically failed to 

construct a robust culture interface. This could be due to secreted MMPs from HBECs 

(Ito  et al., 2018), therefore, MMP inhibitor (GM6001) was used to prevent biological 

degradation of ECM. However, MMPs play a critical role in inflammation and the 

pathogenesis of lung diseases (Atkinson & Senior, 2003; Houghton, 2015) . ECM stability 

should be therefore improved without MMP inhibitors. In addition, one donor of HBEC 
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was tested for this proof -of-concept study. As reported previously, response to stimuli 

could vary depending on the donor characteristics (Mori et al., 2022; Muratani  et al., 
2023). Therefore, using multiple donors for toxicological and pharmacological testing 

with this BoC is warranted. Visualization of the BoC is also challenging issue because 

unlike 3D planer HBEC, cells in the BoC is aligned almost vertically. Laser-scanning 

confocal microscopy could be one of the options to capture the fluorescent images of the 

BoC, because of its high spatial resolution which enables depth-wise imaging. Assessment 

of the cilia function is also a challenging issue, because the visibility of beating cilia is very 

limited. Although the difficulty for time -course experiment due to such a limited visibility 

should be overcome, fluorescence imaging could be rather easier, therefore assessment 

method of ciliary function should be replaced with fluorescent beads-based method 

(Khelloufi  et al., 2018). In addition, assessing ciliary function with high -speed camera 

and a specific software (e.g., SAVA system (Sisson et al., 2003)) could be an alternative 

way, would thus be further investigated. In addition, an appropriate exposure apparatus 

compatible with the microfluidic device should be developed for controlled airway 

exposure inside the BoC. 
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5. Short summary 

The novel microfluidic system BoC enabled a high-throughput OoC with an air -lifted 

tubular cell layer. The BoC contained three types of differentiated cells (basal, ciliated, 

and secretory cells), and thus has similar cell properties as human bronchi. In addition, 

EGF and IL-13, which are known inducers of airway epithelial remodeling in vitro  and in 
vivo, induced a chronic response of mucus hypersecretion. These results show that this 

model can reproduce disease-state tissue characteristics through chronic exposure to 

known inducers and can be used as a high-function and high -throughput OoC assessment 

platform. As a next step, other toxicological (acute) assessments will be conducted with 

the BoC via medium exposure. Furthermore, because aerosols can pass through the BoC 

tube, a direct aerosol exposure assessment will be conducted with the development of an 

exposure device. 
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Fig. 3.1. The microfluidic air exposure system OrganoPlate Air.  

(a) A schematic image of a three-dimensional culture system. The cell layers consist of 

basal, ciliated, and goblet cells on the membrane in the insert. The apical side is exposed 

to air. (b) A photograph of the bottom of the OrganoPlate Air, showing microfluidic chips 

based on a standard 384-well titer plate format. (c) A schematic overview of the chip 

layout in the OrganoPlate Air, comprising six wells connected by microfluidic channels. 

Perfusion channel inlets are in A1 and A3, perfusion channel outlets are in B1 and B3, 

the Gel Inlet is in A2, and the central chamber is in B2. Extracellular matrix (ECM; blue) 

is loaded into the chip through the gel inlet, and the surface tension of the loaded ECM 

at the edges prevents flowing of the ECM into the center hole, leaving the central cylinder 

in the central chamber empty. The cells can be seeded in this cylindrical lumen, forming 

a tubular structure. During culture, medium (red) can be added to the perfusion channels 

and to the central chamber for submerged culture (pink). The air -liqui d interface can be 

initiated by removing medium from the central chamber. The perfusion channels supply 

the culture with medium, via nutrient diffusion through the ECM in the central chamber.  
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Chapter 4 

A revision of the multiple -path particle dosimetry model 

focusing on tobacco product aerosol dynamics 

ABSTRACT  

To assess the health impact of inhaled aerosols, it is necessary to understand aerosol 

dynamics and the associated dosimetry in the human respiratory tract. Although several 

studies have measured or simulated the dosimetry of aerosol constituents, the respiratory 

tract focus areas have been limited. In particular, the aerosols generated from tobacco 

products are complex composites and simulating their dynamics in the respiratory tract 

is challenging. To assess the dosimetry of the aerosol constituents of tobacco products, I 

developed a revised version of the Multiple-Path Particle Dosimetry (MPPD) model, 

which employs 1) new geometry based on CT-scanned human respiratory tract data, 2) 

convective mixing in the oral cavity and deep lung, and 3) constituent partitioning 

between the tissue and air, and clearance. Sensitivity analysis was conducted using 

aerosols composed of four major constituents of electronic cigarette (EC) aerosols to 

investigate the parameters that have a significant impact on the results. In addition, the 

revised model was run with four and ten constituents in ECs and conventional cigarettes 

(CCs), respectively. Sensitivity analysis revealed that the new modeling and the 

physicochemical properties of constituents had a considerable impact on the simulated 

aerosol concentration and dosimetry. The simulations could be carried out within 3 

minutes even when 10 constituents of CC aerosols were analyzed simultaneously. The 

revised model based on MPPD is an efficient and easy-to-use tool for understanding the 

aerosol dynamics of CC and EC constituents and their effect on the human body. 
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1. Introduction  

Understanding the dynamics of aerosols in the human airway is essential for investigating 

their influence on the body because the biological impact of inhaled substances at the 

cellular level depends on their local concentrations in the airway (Hashizume et al., 2023). 

In particular, aerosols of tobacco products such as conventional cigarettes (CCs), 

electronic cigarettes (ECs), and heated tobacco products are composed of a wide variety 

of constituents with different properties (Cunningham  et al., 2020; Hashizume et al., 

2023), and it is difficult to understand their behavior in respiratory systems. For example, 

nicotine, which is a representative constituent in CCs and ECs, can easily evaporate from 

droplets (David  et al., 2020). Previous studies have reported methods for measuring the 

deposition and uptake amount of the constituents in tobacco product aerosols. Wall et al. 
(2022)  used positron emission tomography imaging methods to visualize and analyze 

inhaled isotope-labeled nicotine, and Ishikawa et al. (2016)  estimated the inhaled 

amounts of aerosols by analyzing the exhaled aerosols. These methods can be used for 

broad measures of the amount of aerosol deposition and uptake, such as total, organ-

specific, or lung lobe-specific dosimetry; however, other approaches are necessary for 

analyzing local concentrations of aerosols. Computational modeling is a common 

approach for simulating the deposition and uptake amount in animal and human airways 

(Oakes et al., 2017; Rostami, 2009; Tena et al., 2017; Tena et al., 2020). These days, 

simulated dosimetry is practically employed for toxicological assessment. For example, 

the Organisation for Economic Co-operation and Development (OECD) showed a case 

study in which human equivalent concentration was estimated by calculation based on 

computational fluid dynamics (CFD) modeling ( Organisation for Economic Co-

operation and Development, 2022). In the tobacco product research area, there are some 

CFD models that can be used to simulate the deposition amounts of aerosols and 

individual chemical constituents by solving equations for continuous aerosol flow in the 

airways (Asgari et al., 2021; Feng et al., 2016). Although CFD models enable the 

visualization of aerosol dynamics, a large amount of computational power would be 

required when considering the fate of multiple constituents throughout the entire airway. 

Therefore, the CFD approach is often used for site-specific modeling. Possible solutions 

for whole-airway modeling are semi-empirical models (International Commission on 

Radiological Protection 1994), as well as deterministic mathematical models. In particular, 

the Multiple -Path Particle Dosimetry (MPPD) m odel, which employs a multiple-path 

deterministic mathematical approach, is widely used as a particle dosimetry model 
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analysis were consistent with the well-known thermodynamic properties of aerosols. 

Finally, deposition simulation  was performed with an increased number of chemical 

constituents that are typically found in CCs to investigate the applicability of the model 

for more complex aerosols. 
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ECs, as well as products with many constituents, such as CCs and heated tobacco products 

(Cunningham et al., 2020; Uchiyama et al., 2018). 

The limitations of the model are that the calculation of deposition and uptake fraction are 

based only on theoretical aerosol dynamics. Because actual measurement of the 

deposition and uptake amount of chemicals in the respiratory tract is extremely difficult 

owing to the dynamic nature of chemical absorption and metabolism, combination with a 

physiologically based pharmacokinetics (PBPK) model would provide deeper insight into 

the model validity. For example, the pharmacokinetics of plasma nicotine profiles could 

be found in the literature (Yuki  et al., 2017), thus the combination of PBPK model and 

the model output would be more realistic. In addition, the MPPD simulation method is 

only for the airway generation to generation. This method enables low computational load 

and whole-airway modeling, while this model cannot calculate heterogeneous aerosol 

deposition within the oral cavity or one airway generation as reported by Kuga, et al. 

(2018; 2020; 2021) and Asgari et al. (2021). I need to choose an optimal modeling method 

fitting for the purpose. The MPPD model is chosen when a whole or deep airway aerosol 

simulation is needed. Feng et al. (2016) and Kannan et al. (2020)  reported that lung 

geometries are found to be different in each individual and the difference critically affects 

the dynamics of aerosols in the airway. A model was developed with a geometry from one 

individual; therefore, the use of multiple geometries in the model would strengthen model 

reliability. I  believe that the model revised in this study is useful for the calculation of 

human equivalent concentration, which plays a key role for in vitro  to in vivo extrapolation 

in toxicological assessments without animal studies. However, aerosol chemistry of 

tobacco products is complex, thus estimating the deposition fraction of all the 

constituents in an aerosol is not realistic. Therefore, the human equivalent concentration 

of an aerosol should be calculated with the representative constituents such as nicotine. 

Together with the difficulty underlying complete validation of the model, adaptation of 

an uncertainty factor is warranted when the model is applied in the toxicological 

assessment. 

  



123 

 

5. Short summary 

The MPPD model  was revised in which a new geometry of the lung was adopted, and two 

aerosol dynamics were introduced: mixing in the oral cavity and deep lung, and 

constituent partitioning between the tissue surface and air. The revised MPPD enabled 

to calculate the deposition fraction of each chemical constituent of interest in each region 

and branching generation of the respiratory tract by inputting the physicochemical 

properties and aerosol properties. The model also accounts for tobacco product use 

behaviors. The model was run under various conditions of assumed EC and CC aerosol 

chemical constituents and user behavior, and the simulations were generally consistent 

with the global understanding of aerosol physics. Moreover, the calculations in this model 

could be performed rapidly, even when accounting for multiple chemical constituents. 

Although limitations are that the modeling was based only on theoretical calculations 

without validation by actual data and the geometry is constructed from only one donor, I  

believe that the model will be useful for investigating the actual exposure concentrations 

of chemical constituents in tobacco product aerosols, and it could be applied in 

toxicological studies with an uncertainty factor. 
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Figures and tables 
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Fig. 4.1. A new mixing model of the oral cavity.  

(a) Puff inhalation into the oral cavity, (b) mouth hold, (c), (d) dilution air is inhaled and 

mixed with the puff in the oral cavity, thus, the puff reaches the trachea at a different 

concentration.
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Fig. 4.3. Comparison of the average vapor concentration in the puff entering the lower 

respiratory tract simulated by the two mixing models.  

Normalized dilution volume , dilution volume versus oral cavity volume; normalized 

average volume, vapor concentration at the trachea entrance versus vapor concentration 

at the end of the mouth hold. 
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Fig. 4.4. Vapor uptake fraction in the alveolar region with and without convective mixing.  

No mixing , result of calculation for vapor uptake fraction without consideration of mixing 

in the alveolar region; With mixing , result of calculation for vapor uptake fraction with 

equations expressing mixing in the alveolar region. 
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Fig. 4.6. Effect of clearance rate on the deposition fraction in the alveolar region for each 

constituent.  

Deposition and uptake fraction s of nicotine , PG, and glycerin are estimated for the total 

airway with different clearance rate. PG, propylene glycol. 
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Fig. 4.7. EC deposition and uptake fraction in (a) each airway region and (b) each airway 

generation.  

Deposition and uptake fractions of nicotine, PG, and glycerin of EC are estimated for 

each airway region and the total airway. EC, electronic cigarette; PG, propylene glycol; 

TB, tracheobronchial; URT, upper respiratory tract.  
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Fig. 4.8. CC deposition and uptake fraction in (a) each airway region and (b) each airway 

generation.  

Deposition and uptake fractions of constituents of CC are estimated for each airway 

region and the total airway. Pyridine and styrene were excluded from the deposition 

fraction results in each airway generation because they are solely deposited in the URT 

region. CC, conventional cigarette; PG, propylene glycol; TB, tracheobronchial; URT, 

upper respiratory tract.  
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cigarette smoke will be acquired reflecting the calculated concentration, 3) the levels of 

GCH and stenosis in BoC will be measured with the addition of  IL -13 to mimic  the 

presence of immune cells, 4) finally , AO risk might  be estimated using the qAOP model 

by inputting  the data (Graphical Abstract) . As a limitation , the combined model will only 

use in vitro  data and in silico estimations. Because models do not fully reflect all 

phenomena in the human body, validation is essential. After integrating these approaches, 

comparing the qAOP results to real-world data, such as epidemiological data, must be 

employed to determine the accuracy of the entire model. 

In this thesis, I propose contribution s to the IVIVE method for  risk assessment of cigarette 

smoke-associated airway chronic inflammation  by combining in vitro  and in silico 
modeling. I believe the models can be employed to estimate chronic disease risk without 

animal testing, which contribute s to reasonable decision-making for consumers, 

manufacturers, and regulators. 
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Supplementary Material 1.2. Donor means and standard deviations. 
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Supplementary Tables 1.1. Fitted parameter values for Bayesian Network modeling 

Exposure Repetition 1 

Node Fit.param 

AO -0.008 

Dose 1.695 

KE1 0.05+0.68*KER1-0.041*KER2+0.061*KER3+0.126*KER4  

KE2 -0.016 

KE3 0.009+0.69*KER8 

KE4 -0.019 

KE5 -0.017 

KE6 -0.003 

KE7 -0.022 

KE8 -0.003 

KER1 0.045+0.426*MIE1 -0.414*MIE2  

KER2 0.008+0.878*MIE1 -0.04*MIE2  

KER3 0.05+0.012*MIE1 -0.713*MIE2  

KER4 0.057-0.044*MIE1 -0.784*MIE2  

KER5 -0.003 

KER6 0.066+0.724*KER5 

KER7 0.039+0.758*KER6 

KER8 0.104+0.699*KER7 

MIE1  -0.015+0.118*Dose 

MIE2  0.039-0.144*Dose 
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Supplementary Tables 1.1. Fitted parameter values for Bayesian Network modeling 

Exposure Repetition 2 

Node Fit.param 

AO -0.016 

Dose 1.695 

KE1 -0.016 

KE2 0.006-0.033*KER8 

KE3 0.018+0.684*KER8 

KE4 0.004+0.015*KE2 

KE5 -0.005 

KE6 -0.011 

KE7 0.011-0.029*KE3 

KE8 0.004+0.295*KE4+0.37*KE5 -0.099*KE6+0.379*KE7  

KER1 0.085+0.796*MIE1+0.063*MIE2  

KER2 0.049+0.832*MIE1+0.042*MIE2  

KER3 0.092+0.271*MIE1 -0.454*MIE2  

KER4 0.106+0.488*MIE1 -0.186*MIE2  

KER5 0.008+0.859*KE1 

KER6 0.096+0.662*KER5 

KER7 0.065+0.78*KER6 

KER8 0.04+0.843*KER7 

MIE1  -0.044+0.149*Dose 

MIE2  0.029-0.133*Dose 
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Supplementary Tables 1.1. Fitted parameter values for Bayesian Network modeling 

Exposure Repetition 3 

Node Fit.param 

AO 0.015+0.924*KE8 

Dose 1.695 

KE1 0.035+0.43*KER1+0.028*KER2+0.337*KER3+0.077*KER4  

KE2 0.064+0.057*KER8 

KE3 0.057+0.617*KER8 

KE4 -0.011 

KE5 -0.004 

KE6 -0.011 

KE7 -0.013 

KE8 0+0.428*KE4+0.24*KE5 -0.126*KE6+0.46*KE7  

KER1 0.054+0.775*MIE1 -0.068*MIE2  

KER2 0.079+0.513*MIE1 -0.229*MIE2  

KER3 0.035+0.611*MIE1 -0.347*MIE2  

KER4 0.063+0.558*MIE1 -0.289*MIE2  

KER5 0.038+0.787*KE1 

KER6 0.071+0.806*KER5 

KER7 0.056+0.748*KER6 

KER8 0.051+0.873*KER7 

MIE1  -0.014+0.124*Dose 

MIE2  0.036-0.151*Dose 
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Supplementary Tables 1.1. Fitted parameter values for Bayesian Network modeling 

Exposure Repetition 4 

Node Fit.param 

AO 0.019+0.939*KE8 

Dose 1.695 

KE1 0.034+0.67*KER1+0.029*KER2+0.153*KER3+0.075*KER4  

KE2 0.06+0.461*KER8 

KE3 0.021+0.695*KER8 

KE4 -0.017 

KE5 -0.002 

KE6 -0.003 

KE7 0.058+0.591*KE3 

KE8 -0.01 

KER1 0.053+0.72*MIE1 -0.142*MIE2  

KER2 0.045+0.699*MIE1 -0.163*MIE2  

KER3 0.068+0.555*MIE1 -0.298*MIE2  

KER4 0.071+0.506*MIE1 -0.33*MIE2  

KER5 -0.03 

KER6 0.112+0.661*KER5 

KER7 0.034+0.791*KER6 

KER8 0.083+0.717*KER7 

MIE1  -0.037+0.137*Dose 

MIE2  0.039-0.136*Dose 
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Supplementary Tables 1.1. Fitted parameter values for Bayesian Network modeling 

Exposure Repetition 5 

Node Fit.param 

AO -0.022 

Dose 1.695 

KE1 0.042+0.735*KER1-0.006*KER2+0.112*KER3+0.041*KER4  

KE2 0.141+0.328*KER8 

KE3 0.026+0.654*KER8 

KE4 0.001+1.014*KE2 

KE5 0+1.013*KE2 

KE6 0.018+0.968*KE2 

KE7 0.129+0.534*KE3 

KE8 0.009+0.168*KE4+0.104*KE5+0.533*KE6+0.161*KE7  

KER1 0.059+0.727*MIE1 -0.06*MIE2  

KER2 0.076+0.449*MIE1 -0.192*MIE2  

KER3 0.104+0.364*MIE1 -0.223*MIE2  

KER4 0.082+0.369*MIE1 -0.298*MIE2  

KER5 -0.024 

KER6 0.131+0.587*KER5 

KER7 0.053+0.726*KER6 

KER8 0.011+0.982*KER7 

MIE1  -0.059+0.146*Dose 

MIE2  0.037-0.168*Dose 
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Supplementary Tables 1.1. Fitted parameter values for Bayesian Network modeling 

Exposure Repetition 6 

Node Fit.param 

AO -0.044 

Dose 1.695 

KE1 0.011+0.847*KER1+0.107*KER2+0.129*KER3 -0.057*KER4 

KE2 0.186+0.298*KER8 

KE3 0.02+0.66*KER8 

KE4 -0.02 

KE5 -0.002 

KE6 -0.011 

KE7 0.176+0.426*KE3 

KE8 0.033+0.192*KE4+0.216*KE5+0.247*KE6+0.244*KE7  

KER1 0.058+0.631*MIE1 -0.206*MIE2  

KER2 0.05+0.549*MIE1 -0.245*MIE2  

KER3 0.045+0.53*MIE1 -0.347*MIE2  

KER4 0.062+0.331*MIE1 -0.451*MIE2  

KER5 -0.02 

KER6 0.153+0.495*KER5 

KER7 0.037+0.754*KER6 

KER8 0.038+0.883*KER7 

MIE1  -0.007+0.099*Dose 

MIE2  0.054-0.148*Dose 
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