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ABSTRACT 

 Experimental toxicology testing studies are time intensive and financially taxing. The 

rapid growth of the nanotechnology sector necessitates the advancement of methodology that is 

quick to identify nanomaterials with high toxic potential. Toxicity assays for the purposes of 

setting occupational exposure limits for nanomaterials have drawbacks which could be overcome 

or limited by the development of computational approaches. Quantitative relationships between 

the physicochemical characteristics of emerging nanomaterials and their corresponding toxicity 

are desired to better assist in the subsequent mitigation of toxicity by design.  

 This dissertation presents a hierarchical clustering methodology that is capable of 

identifying and categorizing the nanomaterials by the similarity of their in-vivo dose-response and 

recovery relationship. The potency of the newly generated clusters is examined thoroughly to 

generate hypotheses regarding what factors influence the observed toxicity of the particles. The 

clustering methodology was developed and deployed on 2 separate nanomaterial datasets using 5 

toxicity endpoints. The first dataset is comprised of peer-reviewed in-vivo pulmonary toxicity 

data collected from exposure to Carbon nanotubes (CNTs). The second dataset is a collection of 

peer-reviewed in-vivo pulmonary toxicity data from exposure to several Metal oxide 

nanoparticles (MONPs).  

 The clustering results indicate that both sets of nanomaterials (CNTs and MONPs) can be 

categorized into 4 toxicologically unique clusters. The potency of the clusters can be extracted 

from their respective dose-response and recovery relationships. In the case of CNTs, the cluster 

with the largest potency was found to be 80 to 400 times more potent than the lowest which is 

indicative of a large spread across the responses. The MONP clusters showed a much larger 

spread with the estimated potency being 400000 times higher. 
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 Investigation of physical differences between the CNT and MONP clusters revealed a 

pattern but the lack of sufficient data and high degree of data overlap across the clusters precludes 

the possibility of assigning statistically meaningful labels based on their physical properties.  

 The standardized potency of the clusters for the 5 endpoints was compared in both cases. 

2 clusters (C and D) showed increased levels of immune response activity, 1 cluster (A) only 

showed increased cell damage indicators and, 1 cluster (B) displayed both elevated immune 

response and cell damage indicators based on the short-term endpoints measured in the test 

subjects. Amongst the 4 MONP clusters compared, 3 clusters (I, II and IV) showed signs of 

elevated immune system activity and cell membrane damage, these clusters were primarily 

composed of Iron oxide nanoparticles (cluster I), Silica (cluster II) and Titanium dioxide (cluster 

IV). 1 cluster (III) showed below average activity across all 5 responses tested, this cluster 

primarily featured Zinc oxide and Cerium oxide nanoparticles. 

 The final part of the dissertation discusses the derivation of model-based no-observed-

adverse-effect-level (NOAEL) predictions for the clusters, referred to as MP-NOAELs. The MP-

NOAELs for the provisionally titled “Long and Thin” variety of CNTs were found to be the 

lowest, indicating that those CNTs showed adverse effects at the lowest doses. A cluster 

comprised of Cerium oxide, Nickel oxide and Zinc oxide nanoparticles was estimated to have the 

lowest MP-NOAEL amongst the MONPs. A sensitivity analysis of the MP-NOAEL derivation 

highlighted the dependency of the process on the shape and type of the fitted dose response 

model, its parameters, dose selection and spacing, and the sample size analyzed. 
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Chapter 1 

 

INTRODUCTION 

Nanomaterials and nanostructures have developed at a tremendous rate in the last 10 

years and projections surrounding their future growth are highly positive. Reports have indicated 

that the global market for nanotechnology could eclipse $90 billion by 2021. The sky is literally 

the limit because NASA is exploring the viability of carbon-based nanoparticles for use in outer 

space. Nanoparticles are highly valuable and coveted for the special properties exhibited by the 

particles at the nanoscale (<100 nm). They have found extensive usage in a multitude of areas, 

food and consumer products, fuel and automobiles, and pharmaceutical drug field are just a few 

prominent examples.[1] While nanomaterials provide a significant advantage due to their size, 

their size also makes them susceptible to be regarded as potentially toxic and harmful to upon 

exposure.  

 The study of the acute and chronic effects of exposure to nanomaterials and their 

associated pathology has been extensively documented over the years. The effects of “in-vivo” 

and “in-vitro” nanomaterial exposure have been studied via multiple modes of exposure 

(inhalation, instillation, aspiration etc.) to investigate and assess the potential damage.[2-4] In-

vitro studies modeling nanoparticle toxicity use a wide variety of assays to study the effects of 

exposure, they can be scaled for large scale repeatability and are generally more affordable to 

conduct than their counterpart. A shortcoming of in-vitro testing is the inability to simulate the 

identical environment and conditions found in living organisms. In-vivo testing employs a wide 

variety of animals but primarily rats and mice, the mammals are exposed to varying 

concentrations of multiple nanomaterials via inhalation or instillation and subsequently their 

bronchoalveolar lavage fluid (BALF) is extracted.  
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 The measures derived from the BALF are indicators of the degree of response exhibited 

by the subjects tested. The measures include indicators of inflammation such as 

Polymorphonuclear neutrophils (PMN), cell damage indicators such as Lactate dehydrogenase 

(LDH), immune response activity indicator Macrophages (MAC), Total Protein (TP) content in 

the BALF, and the overall Total Cell Count (TCC) in the BALF. The major shortcomings of in-

vivo testing lie in the degree of variability associated with the experimentation and the lack of 

reliable repeatability of results obtained, they are also time-consuming and expensive to be 

conducted at a large-scale. The time and cost factor associated with in-vivo toxicity precludes the 

possibility of testing every newly synthesized nanomaterial, a pre-screening process that is 

capable of identifying the particles exhibiting signs of elevated toxic potential would be helpful in 

prioritizing the order of nanoparticle testing.[5]  

 The development of computational and quantitative approaches towards analyzing and 

assessing the toxicity of nanomaterials would assist manufacturers and regulators in 

implementing early-stage controls, these controls would aid the design and synthesis of new 

nanomaterials that are less toxic. Quantitative structure activity relationships (QSARs) are an 

example of a modeling tool that is able to express the biological activity of a nanostructure as a 

mathematical function of its physiochemical properties. QSARs have been extensively used to 

study the cytotoxicity of multiple nanomaterial types, but they have been limited in their 

scope.[6-15] Meta-analyses offer an alternate route to analyze the toxicity by curating published 

data across the complete timeline of study of nanoparticle toxicology. Meta-analysis of various 

nanomaterial types has been published over the years.[10, 12, 15-20] The benefits and limitation 

of the process are also well documented.[21, 22] The plethora of computational approaches 

combined with access to an ever expanding knowledge base of in-vitro and in-vivo testing studies 

makes it possible to compare nanomaterials, identify their relative toxicity, and identify the 

impactful properties behind it. 
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 This dissertation presents 3 papers that describe the development of an analytics driven 

approach towards categorizing engineered nanomaterials by their toxicity, identifying the 

properties responsible for their potency, and deriving a dose-response model based no observed 

adverse effect level (NOAEL) for the nanomaterials. The first two papers presented in Chapters 2 

and 3, discuss the development of a hierarchical clustering methodology that is capable of 

categorizing nanomaterials on the basis of the dose-response and recovery similarity. Chapter 2 is 

a case study on the meta-analysis of Carbon nanotube (CNT) in-vivo pulmonary toxicity. Chapter 

3 presents a case study on the meta-analysis of Metal oxide nanoparticles (MONP). The last paper 

in Chapter 4 presents the derivation of cluster-based model predicted NOAEL referred to as the 

MP-NOAEL for the CNTs and MONPs. Chapter 5 presents the conclusions drawn across the 3 

papers and direction for future research. 
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CHAPTER 2 

A Dose-Response-Recovery Clustering Algorithm for Categorizing Carbon Nanotube 

Variants into Toxicologically Distinct Groups 

 

The contents of this chapter have been published in “Computational Toxicology” under the title 

“A dose-response-recovery clustering algorithm for categorizing carbon nanotube variants into 

toxicologically distinct groups” (https://doi.org/10.1016/j.comtox.2019.02.003). 

 

 

ABSTRACT 

This article presents a dose-response clustering algorithm for the purpose of revealing 

toxicologically distinct clusters of carbon nanotubes (CNTs). Current exposure guidelines such as 

those published by the National Institute for Occupational Safety and Health (NIOSH) consider 

all types of CNTs and carbon nanofibers (CNFs) as a single substance, even though experimental 

data have demonstrated significant differences in CNT toxicity. The unique combinations of 

physical and chemical characteristics cause variations in the observed dose-response-recovery 

that is substantial enough to consider them as a collection of different substances rather than a 

single substance. This paper presents an algorithm capable of grouping CNTs into toxicologically 

distinct clusters assisting in the identification of physicochemical differences between the 

clusters, and different proposed exposure limits for each of the CNT classes. Based on a dataset 

composed of peer-reviewed in vivo experimental studies in rodents, the CNT variants are divided 

into sub-groups based on their dose-response-recovery similarity and the Akaike Information 

Criterion (AIC) of the family of models. Results indicate the presence of 4 toxicologically unique 

https://doi.org/10.1016/j.comtox.2019.02.003
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CNT classes based on 5 toxicity endpoints selected. Certain physicochemical attributes vary 

significantly between clusters and are more likely to define the categories than others. The 

potency of the clusters is derived from their associated dose-response-recovery relationship 

parameters. The clusters with largest potency were found to be between 80 to 400 times more 

potent than the cluster with the lowest potency indicative of a large spread between the values 

across all the responses. The absence of key characterization data for some of the CNT variants 

analyzed in this study prevents the designation of physical characteristic-based labels which could 

have assisted in identifying the key factors affecting the toxic potential of CNTs. The 

standardized potency of the 4 CNT clusters was compared, 2 clusters showed increased levels of 

immune response activity, 1 cluster only showed increased cell damage indicators and, 1 cluster 

displayed both elevated immune response and cell damage indicators based on the short-term 

endpoints measured in the test subjects. 

 

Abbreviations 

CNT, carbon nanotubes; SWCNT, single-walled carbon nanotubes; MWCNT, multi-walled 

carbon nanotubes; BAL, bronchoalveolar lavage; MAC, macrophage count in BAL fluid; TP, 

total protein concentration in BAL fluid; LDH, lactose dehydrogenase; PMN, polymorphonuclear 

neutrophil; TC, total cell count. 

 

Keywords  

Dose-Response, Recovery, Pulmonary Toxicity, CNT, Hierarchical Clustering, Potency 
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1. INTRODUCTION 

The development of new nanomaterials (NMs) is progressing at a pace that exceeds the 

capabilities of traditional toxicological testing, which can be slow and expensive.[1] Some of 

these NMs might eventually pose an occupational hazard or become an environmental pollutant 

presenting a risk to the people working with them and to those in the surroundings. NIOSH has 

proposed a recommended exposure limit (REL) of 1 μg/m3 for Carbon nanotubes (CNTs) and 

nanofibers (CNFs) based on human equivalent no-observed-adverse-effect-levels (NOAEL) and 

lowest-observed-adverse-effect-levels (LOAEL) estimates of 3.5 - 18 μg/m3 and uncertainty 

factors of 20 or 60.[2] Pauluhn (2010) proposed an occupational exposure limit (OEL) for one 

specific variety of multi-walled CNTs (0.05 mg/m3) based on NOAEL of 0.1 mg/m3 and 

adjustment factor of 2, the resultant OEL is 50 times higher than the NIOSH REL.[3] Similarly, 

several other researchers have documented their NOAEL and corresponding adjustment factors. 

These NOAELs and adjustment factors all vary between 0.1 to 0.13 mg/m3 and 2 to 50 

respectively.[2] Given the diversity in responses to different varieties of CNTs further 

specification of the exposure limits by CNT categories may be beneficial by incentivizing the 

production and use of less toxic varieties of CNTs in the future.  

Experimental toxicology studies are often time consuming and require considerable 

investment. A viable solution to the problem is testing the NMs on a priority basis—targeting the 

more toxic variants first. The development of computational approaches targeted at predicting the 

toxicity of the NMs based on their attributes can be used as a means to guide nanomaterial 

synthesis towards less hazardous variants. Experimental evaluation is subject to a certain degree 

of error or bias and in some cases the results may be difficult to replicate. To overcome some of 

these inefficiencies, forecasting methods have been proposed to predict the potential toxicity and 

environmental impact of new NMs.[4] Computational modeling of nanotoxicity is valuable for its 

efficiency of time and expense and the flexibility offered. Quantitative structure activity 
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relationships (QSARs) are one of the modeling schemes utilized; these models hypothesize that 

the activity of any nanostructure is a function of its physicochemical properties.[5] QSARs have 

been employed to predict the solubility, Young’s modulus, and partition coefficient of 

nanomaterials, showcasing their applicability to NMs.[6, 7] Puzyn et al. demonstrated the use of 

QSARs to predict the mechanism of cytotoxicity of 17 different metal oxide nanoparticles.[4] A 

QSAR toxicity study performed on Carbon nanotubes (CNTs) concluded that increase in contact 

(via chemical treatments) between CNTs and the bacterial cells leads to enhanced cytotoxicity of 

CNTs.[8] Fourches et al. have also published an application of QSAR’s to predict the biological 

activity of synthesized nanoparticles and prioritizing their design with minimal associated risk.[9] 

Investigation into the mechanism of nanotoxicity of functionalized CNTs using QSAR models 

and the study of 6 different endpoints has been conducted previously[10], further studies explore 

the role played by the molecular descriptors and the physicochemical properties in the selection 

and evaluation of QSAR models.[11]  

Meta-analysis is a complementary method useful for harnessing the collection of 

published nanotoxicology data available, and testing hypotheses that were not possible within the 

individual experiments. Meta-analyses employ statistical and/or machine learning approaches 

such as regression, neural networks, decision trees, and support vector machines to identify 

important associations.[12] Since meta-analysis curates data from multiple sources, the individual 

variation or appearance of unusual results across the complete dataset are evaluated in light of the 

whole. Traditional meta-analysis, which involves literature-based data collection, can in some 

cases be ineffective due to the presence of missing data caused by disparity in NM 

characterization methods.[13] Meta-analysis has been previously used to study CNT toxicity to 

assess whether cellular penetration is a possibility in in vitro experiments; the study concluded 

that the possibility exists and recommended minimizing the exposure.[14] Gernand and Casman 

performed a meta-analysis of CNT pulmonary toxicity studies to assess how the physical and 
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chemical attributes of a CNT variant affect its toxicity.[13] The analysis employed a random 

forest regression modeling approach to determine the significance of the attributes and their effect 

on the response; their study concluded that metallic impurities, length, diameter and aggregate 

size significantly impact the toxicity of the NMs. However, that approach does not take into 

consideration dose-response pairing and instead treats the total dose as equivalent to a particle 

property for the CNTs. Modeling the dose-response curves for each nanoparticle would enable 

clustering of the CNTs and also identify the attributes contributing to the separation of different 

classes and their impact on the toxicity.  

The benefits of meta-analysis techniques include its ability to identify the sources of 

diversity across the various participating studies[15], it can be used to improve the precision of 

the estimates due to the increase in the size of the population.[16] The method however is not 

without its limitations: it has no control over the homogeneity of the participating studies[15]; it 

cannot improve the quality of the data used and consequently the final result; and it could suffer 

from “publication bias”, where researchers fail to report or exclude certain studies to present a 

more coherent result which could impact the analysis.[16]    

Attempts at using computational modeling to predict the effects on toxicity of changes in 

particle properties (QSARS, meta-analysis etc.) have been limited in their scope to date. These 

methods have either been exclusive to only metal oxide particles, particles of a particular size, 

cytotoxicity assays, or structural analysis of single particles.[4, 9, 17-20] There is a need to 

quickly identify those NMs which pose greater risk than others to maximize their benefit while 

simultaneously minimizing the risk associated with them. This could be accomplished by 

quantifying the current knowledge base of in vivo and in vitro studies to reveal how different 

NMs compare to one another and how changes in their properties affect their toxicity. The rapid 

increase in the number of NMs synthesized reveals a need to cluster together NMs displaying 

similar effects as a means of grouping the NMs on the basis of their toxicity. To address the 
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question of how different nanomaterials can be considered the same substance toxicologically, 

this study proposes a new algorithmic approach applied to meta-analysis of extant CNT toxicity 

data. 

The primary objectives of this study can be summarized as: (1.) to develop a new 

algorithmic approach to cluster together NMs based on the similarity of their dose-response-

recovery relationship; and (2.) to evaluate the relative toxic potency of CNT clusters and 

associated variations in the physicochemical properties of the clusters.  

Progress in this direction could be significant in the analysis of new and emerging 

nanoscale materials which can be categorized based on their attributes and potency, this form of 

categorization could assist in the prioritization of toxicological testing. Prioritizing animal testing 

would facilitate the development of new nanomaterials while keeping a check on the toxic 

variants. The evaluation of exposure limits for the new clusters is also necessary to assess their 

agreement with the existing single limit recommendation. Evaluation of new exposure limits 

would also assist in refining the current exposure limits established at workplaces.  

 

2. METHODS 

2.1 Data Selection  

The dataset for the preliminary clustering analysis utilizes a collection of carbon 

nanotube (CNT) toxicity studies curated from 22 different publications. The publications reported 

the results on in vivo CNT pulmonary exposures in rodents (rats and mice). These publications 

were identified through online search engines including Web of Science, Google Scholar, and 

PubMed using search terms such as “in vivo”, “CNT”, “BAL” and “Pulmonary”. To be included 

in this dataset, studies had to perform independent characterization of the CNTs, in vivo 

pulmonary exposure of those CNTs to rodents (in vitro studies were not included), and 
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quantitative measures of response in Broncho alveolar lavage (BAL) fluid. Each study is a 

collection of several exposure groups (experiments) identified by their total dose, mode of 

exposure, length of the post-exposure recovery period, and the physical and chemical 

characteristics of the CNT particles. The studies included in the final analysis satisfied a key 

criterion: the BAL fluid measures for the rodents must be measured for at least 1 dose level 

excluding the control and 1 or more post exposure periods. All publications used as the source for 

this analysis have been listed in Table 2-1, additional information is provided in the 

supplementary data.  

Five quantitative toxicity endpoints were reported in a sufficient number of publications 

to be included in this analysis including: the total cell count (TCC), macrophage count (MAC), 

total protein concentration (TP), polymorphonuclear neutrophil count (PMN) and lactate 

dehydrogenase concentration (LDH). The exposure characteristics that are of interest are the total 

dose, post-exposure recovery period, and the CNT particle characteristics (such as the median 

length, diameter, specific surface area, and % metallic impurities). The response variables are 

expressed as folds (multiples) of the control group’s measure i.e., if the response observed in the 

experiments is 4 times what the control group displayed the fold of control value is 4. Previous 

work has indicated that this response normalization is sufficient to consider different exposure 

modes (instillation, aspiration, and inhalation) as similar.  
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Table 2-1. Compilation of the data (with sources) used for the CNT clustering process. (NR designation indicates “Not Reported”). 

StudyID Primary Author CNT Type 

No. of 

endpoints (of 

interest) 

reported 

No. of 

exposure 

groups 

CNT 

Length 

(nm) 

CNT 

Diameter 

(nm) 

Average 

Specific 

Surface 

Area (m2/g) 

Average 

Impurities 

(%) 

Average 

MMAD 

(nm) 

1001 Pauluhn[21] MWCNT 5 13 200 – 300 10 253 1.4 1925 

1002 Ma-Hock[22] MWCNT 5 7 
100 – 

10000 
5 – 15 275 10 1200 

1003 Muller[23] MWCNT 3 9 
700 – 

5900 
9.7 – 11.3 342.5 2.1 NR 

1004 Shvedova[24] SWCNT 4 4 
100 – 

1000 
0.8 – 1.2 508 18 4200 

1005 Shvedova[24] SWCNT 2 7 
100 – 

1000 
0.8 – 1.2 508 18 4200 

1006 Nygaard[25] 
SWCNT, 

MWCNT 
2 7 

500 – 

200000 

4.05 – 

15.04 
341.3 5 NR 

1007 Warheit[26] SWCNT 3 9 1000 1.4 NR 10 NR 

1009 Park[27] SWCNT 3 5 
2000 – 

10000 
1.2 NR 10 NR 

1010 Teeguarden[28] SWCNT 3 2 
500 – 

2000 
0.4 – 1.2 1040 0.3 NR 

1011 Elgrabli[29] MWCNT 1 16 
500 – 

2000 
20 – 50 NR NR NR 

1012 Mercer[30] SWCNT 2 4 NR NR NR 2 690 

1013 Porter[31] MWCNT 2 13 3860 8.8 – 89.2 NR 0.5 NR 

1016 
Ellinger-

Ziegelbauer[32] 
MWCNT 3 10 200 - 300 10 – 16 253 NR 2533 

1017 Shvedova[33] SWCNT 4 16 NR 1 – 4 1040 0.3 NR 

1021 Ge[34] MWCNT 4 8 NR NR NR 5.95 NR 
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2.2 Model Definition 

The dose-response model is a key parameter for the clustering analysis; it describes the 

rate of change of the response variable as the dosage levels are varied. A single dose-response 

model cannot be utilized to explain the behavior of all substances and organisms due to the 

complexity of the situation, leading to the development of benchmarked dose-response models 

that are able to cater to a wide variety of situations in the field of toxicology. Slob (2001) 

suggested a 3-parameter model available for modeling continuous data. But this model did not 

reflect the decrease in the response levels over time when no longer exposed, which is a key 

characteristic to exposures in complex organisms like rodents. We propose a revised model to 

analyze the complete dose-response-recovery relationship by the addition of a fourth parameter 

reflecting the decay in the response over time (i.e., the animal recovers). The relation between the 

response (y), dose (x) and post-exposure period (t) is, 

𝑦 =  𝑎[𝑐 − (𝑐 − 1)𝑒−𝑏𝑥] − 𝑑𝑡 

The 4 parameters, a (signifies the response at dose = 0), b (the toxic potency of the 

nanoparticles), c (the maximum relative shift in response), and d (slope of the response decay) are 

the key parameters which can be used to quantify and reflect the potential of the particle to be a 

hazard.  

Recovery is likely to have an exponential relationship as the animal returns to 

homeostasis following the end of exposure. However, since such a relationship would require the 

addition of two additional model parameters, rather than one for the linear term, and given the 

available data fit the linear representation of recovery better, we make the parsimonious choice 

here with the single caveat that the model is valid for all recovery times, t, until the value of the 

response returns to 1 (i.e., no change from the control group). 
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2.3 Clustering Algorithm 

The proposed algorithm is aimed at segregating the dataset into groups or “clusters” 

based on the similarity of their dose-response-recovery relationship. The process is similar to 

decision trees or hierarchical clusters and mimics those structures. The algorithm is capable of 

fitting the studies from dataset to the model proposed using non-linear regression. The process 

involves splitting the dataset into clusters at each stage and progressing till we obtain the best 

overall combination of clusters. The performance metric used to evaluate the goodness of a 

cluster is the Akaike Information Criterion (AIC), the AIC is calculated based on the number of 

parameters (k) in a model and its log-likelihood (L), 𝐴𝐼𝐶 = 2𝑘 − 2 ln(𝐿).  

The likelihood function of a model having a given set of parameters is defined as the 

probability of that model achieving an outcome given those parameters, maximizing the 

logarithm of the likelihood function reduces the error between the expected and observed data. 

The AIC can be regarded as a measure of the information lost; hence lower values of AIC are 

highly preferred. The overall AIC of a cluster is obtained by summing together the AIC values of 

its component studies. AIC needs to be modified to include corrections that can be applied when 

dealing with small datasets, this corrected form is denoted as AICc.  

𝐴𝐼𝐶𝑐 = 𝐴𝐼𝐶 +  
2𝑘(𝑘+1)

𝑛−𝑘−1
, where n is the number of observations and k is the number of model 

parameters. 

For the purpose of this study, we assume the likelihood function of the model follows a 

normal distribution and adopt the AICc as our measure of performance. The algorithm uses an 

exhaustive search approach and evaluates all possibilities (i.e., all possible combinations) before 

choosing the best available option. For example, if the dataset were to contain 5 particle studies, 

step 2 in the process would determine that there are 4 “configurations” possible to separate the 5 

particles into 2 clusters, but each of those has multiple scenarios, for example a cluster of 1 
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particle and a second containing 4 particles expressed as (1 4) has 5 different possible scenarios, 

while (2 3) has 4 possible scenarios, while (1 4) and (4 1) are basically equivalent 

mathematically, but different in how the tree looks visually. The next 2 steps in the process 

evaluate which grouping of studies is ideal for each of the 4 scenarios by generating a 

combination matrix of every possible grouping of the studies and selecting the situation with the 

lowest AICc value. The process is stopped if the dataset has been split completely into its 

individual studies and the best choice for the number of clusters is chosen the stage where the 

total AICc value is the least. 

 

3. RESULTS AND DISCUSSION 

A complete clustering tree developed using the algorithm is shown in Figure 2-1. This 

tree was generated using the multiple change in LDH in BAL fluid from the control group as the 

response variable; similar trees were generated for the remaining 4 responses. The tree provides 

insight into the size of the clusters formed and based on its constituent particles we are able to 

draw further inferences on their observed potency. The definition of each cluster is a specific 

dose-response-recovery model that describes the variation of the response for changes in dose and 

recovery time. Figure 2-2 displays a visual representation of a single cluster model illustrating the 

variation of the response for both dose and recovery.  

The algorithm categorized the pulmonary effects of different CNT variants based on the 

similarity of their dose-response-recovery relationships. This process improves the information 

retention of the complete model as evidenced by the decrease in the AICc of the clusters at each 

stage observed in Figure 2-3. Figure 2-3 is a comparison of the variation in AICc values for all 

the 5 response indicators used in the study, it also serves to determine the ideal number of clusters 

for each indicator. 
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The choice of the numbers clusters is based on the tradeoff between increasing the 

number clusters that are toxicologically unique and the extra information that is conveyed by 

these additional clusters. The AICc is the best metric for comparing the amount of information 

that is provided by models of varying complexity or as in our case comparing configurations of 

the tree with varying degrees of splitting (e.g., more or fewer branches). Based on the evidence 

shown in Figure 2-3 it is clear that 4 clusters are the best choice on the basis of simplicity as each 

of the responses achieves their minimum at that stage. This implies that the choice of 4 unique 

clusters is able to best represent the difference between the clusters from a toxicological 

standpoint and further splitting to include more clusters categories does not add sufficient 

information to the existing group of models to overcome the increased complexity.  

 

Figure 2-1. Clustering tree for CNT pulmonary toxicity using LDH as response. The tree 

illustrates the progress of the algorithm from a single cluster containing all the CNT variants into 

4 new toxicologically distinct clusters along with the distribution of particles across them. 
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Figure 2-2. Contour plot of cluster model for LDH. The yellow region indicates the high dose 

and low post exposure response (elevated end-points). The bluer regions correspond to lower 

dosage and increasing post exposure periods (decreasing response/potential return to 

homeostasis). 

 

 

Figure 2-3. Corrected Akaike Information Criterion (AICc) as a function of the number of 

clusters in the mode. The figure illustrates the optimum number of clusters is 4 based on the 

minimum achieved for all endpoints indicating there are 4 distinct groups of CNTs. 
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Understanding that these clusters exist based on the similarity of their in vivo toxic effects 

is important but does not explain why these clusters exist. The next step required to answer this 

question is an examination of the CNT characteristics within each of the clusters to define their 

physical and chemical characteristics and generate a hypothesis as to why one cluster or class of 

CNTs may be more or less toxic than another. The reasoning behind not grouping the particles 

based on their physical characteristics as the initial step is that physically and/or chemically 

similar nanomaterials need not necessarily be similar in their dose-response-recovery 

relationships as well, depending on which characteristics are used to define similarity. Identifying 

the CNT particle attributes that do and do not vary significantly between the clusters aids in 

determining which properties are key contributors in the separation at each stage and also towards 

the relative toxicity between the clusters. Examination of the properties of all the particles in the 

clusters could assist in potentially identifying the physical characteristics unique to each cluster.  

Table 2-1 showcases the relevant available characteristics associated with each particle 

included as part of this study. We can note here that there is some missing data on the physical 

characteristics and their distributions amongst the tested CNT variants to make determinations of 

statistically significant category labels. The endpoints reported by the source publications varied 

in some capacity for each CNT variant tested leading to a different set of CNT variants available 

for clustering at each endpoint measure. For example, from Table 2-1 we can observe that only 

sources 1001 and 1002 report all the 5 endpoints of interest to this paper, while source 1011 

reports only 1 endpoint of interest. This variability influences the clusters, based on the toxic 

endpoints measured the members of the clusters change. Additionally, other, unmeasured or 

hidden characteristics unavailable to us may actually be mechanistically responsible for their 

variations in toxicity. Further experimental study is needed to understand why these clusters exist.  

Table 2-2 reflects on the consistency of the clustering process; we can see that certain 

variants tend to exist with particular variants within clusters across the endpoints analyzed. The 
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clusters have been highlighted for ease of identification. We can observe that CNT variants 

(1001, 1002, 1009) occur across 2 endpoints, 1009 did not report LDH as an endpoint in their 

study. Similarly, CNT variants (1003, 1007) are clustered together across 2 responses. The 

particle characteristics detailed in Table 2-1 would allow for provisional designation of physical 

property-based labels to the clusters. The contrast in the CNT variants across the clusters would 

cause an overlap of the physical characteristics. The overlap coupled with the limited nature of 

the currently available data does not permit statistical tests to determine if the distributions of the 

length and diameter of the CNT clusters are significantly different. For example, CNT variant 

1021 is present across 3 responses as an individual cluster but the source publication failed to 

report characterization data which could have assisted in identifying why it is isolated. The 

cluster configuration (1004, 1005, 1013) has also been highlighted because (1004 and 1005) are 

derived from the same source but were separated because their method of exposure differed 

(inhalation vs instillation), this could potentially be an indicator that the mode of exposure does 

not affect the response induced. 

The last step of the clustering process is the examination of the “potency” of each cluster 

to provide insight into the severity and relative toxicity of CNT groups. The “potency” of a 

cluster is directly related to its toxic potential and derived from the dose-response-recovery model 

fitted to it. When comparing 2 particles with identical or similar characteristics, the particle with 

the higher potency can be regarded as possessing a greater toxic potential. The significance of 

using 4 clusters to categorize the CNTs is that it allows for ease of identification and future 

assignment of newly synthesized CNTs into more- or less-toxic categories based on their physical 

properties. Characterization data obtained for newly synthesized particles could be used in a 

similar fashion as discussed previously to establish sub-groups within clusters. Table 2-3 

showcases the potency measures for the clusters derived across the five endpoints. The disparity 

and variation in the potency measures for the individual CNTs also reiterates the need for sub-
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groups amongst the CNTs to ease future categorization. For example, the variation in LDH 

response models show a maximum potency approximately 400 times that of the minimum for the 

10 particles analyzed.

 

Table 2-2. Clusters generated across the 5 endpoints analyzed. The highlighted clusters are to 

illustrate the consistency of the clustering process. Certain clusters (1021) are found to exist 

independently or in conjunction with one another (1001, 1002, 1009 & 1003, 1007). 

LDH Clusters TCC Clusters MAC Clusters PMN Clusters TP Clusters 

1001, 1002 1001, 1002, 1009 1001, 1002, 1009 1001, 1013 1001 

1003, 1007 1007 1012 1003, 1007, 1013 1002, 1003, 1017 

1016, 1017, 1021 1006, 1016 1021 1021 1021 

1004, 1005, 1013 1004, 1011 1004, 1006, 1017 1002, 1005 1004, 1016 

 

Table 2-3. Potency values for response across cluster categories (b x 10-10). The disparity 

between the highest and lowest values for potency can be observed. The highest value is more 

than 400 times larger than the lowest across all the responses which further stresses the need for 

sub-groups 

Cluster ID LDH PMN Protein Macrophages Total cell count 

A 147 ± 61.1 52.6 ± 715.2 248 ± 244.1 26.9 ± 28 50.6 ± 143.6 

B 9.6 ± 61.1 797 ± 715.2 541 ± 244.1 74.6 ± 28 3.5E-04 ± 143.6 

C 24.3 ± 61.1 51.7 ± 715.2 15.2 ± 244.1 15.3 ± 28 321 ± 143.6 

D 40.5 ± 61.1 1580 ± 715.2 16.9 ± 244.1 13.6 ± 28 43.1 ± 143.6 

 

Figures 2-4 and 2-5 are graphical presentations of the variation of the average potency of 

the clusters against the response indicators and the natural log of the response potencies in each 

cluster respectively. Higher values for potency result in greater increase in the response for a unit 
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increase in dose. For example, the high value of potency for the PMN neutrophil response levels 

imply that for even small increases in dose the PMN levels in the subject would show 

significantly larger increase compared to the other 4 responses. PMN neutrophils are essentially 

the white blood cells present in the body and are a core component of the immune system. Sharp 

changes in the white blood cell levels are usually associated with the onset of an infection. 

Identifying the clusters and particles which contribute to increased potency levels for the PMN 

could be useful in mitigating the onset of infections. Similar analogies can also be drawn for the 

remaining responses. Figure 2-6 compares the standardized potency of the clusters across the 5 

responses, standardizing the potency makes it easier to compare the various response groups 

directly and determine their relative extent of threat. It can be seen in Fig. 6 that the particles 

belonging to clusters “A” display signs associated with cell membrane damage while clusters 

labeled “C and “D” show elevated levels of response indicators associated with immune activity. 

The cluster designated as “B” is noteworthy as it is the only cluster that shows signs of both cell 

membrane damage and immune response activity. 

 

 

Figure 2-4. The cluster averaged potency for each response. The values are indicative of the 

relative increase in measured response for the same given dosage. 
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Figure 2-5. The variation between natural logs of the potency of the responses in each cluster 

provides insight towards the observed effects each cluster of particles has on the response. A 

single CNT particle constituent of Cluster B possessed low potency as derived from the dose-

response-recovery model. 

 

Figure 2-6. The variation of the standardized potency of the responses across the clusters allows 

for easier interpretation of the observed effects of exposure to the particle clusters. Cluster A 

shows signs of increased cell damage. Cluster B shows signs of both increased immune response 

and cell damage while clusters C & D only displayed signs of increased immune response 

activity. 
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4. CONCLUSIONS 

Previous literature indicated that there are observed effects of particle size and 

subsequent aggregation of particles on their toxicity. The literature also features differing views 

from authors on the cytotoxicity of CNTs of varying dimensions. Kang et al (2008) found the 

smaller single walled (SW) CNTs to be more cytotoxic than multi-walled (MW) CNTs, the 

SWCNTs studied (2000 nm in length) are similar to the group of particles from cluster “B” 

suggested by the algorithm.[20] In contrast, Nygaard et al (2009) has suggested that the observed 

allergic immune response of MWCNTs is stronger than SWCNTs.[25] There is also evidence to 

suggest that larger particle sizes and aggregates cause increased levels of toxicity, Muller et al 

(2005) additionally found that larger aggregates lead to increased PMN response which 

corresponds to the observed increase in standardized potency of PMN for cluster “D”.[23] The 

size distribution of the particles also plays a role as ground CNTs were found to be more active 

than unground CNTs.[6] 

This study demonstrates the development and application of an algorithm to create a 

clustering tree for meta-analysis of nanomaterial in vivo pulmonary toxicity in rodents. The 

algorithm divides the nanomaterials based on the similarity of their dose response into clusters 

with each cluster having its own physical and chemical characteristics. The algorithm used is 

proficient in creating clusters using the available data and can accommodate small datasets and 

missing characterization data without total loss of function. The argument for using this algorithm 

over other available alternatives is that the objective of this process on grouping similar particles 

takes dose-response and recovery patterns into account rather than treating those parameters as 

equivalent to particle properties, or the assumption that all necessary physicochemical 

characteristics are already known. In so doing, it generates hypotheses regarding what 

mechanisms or characteristics might explain why certain particles cause similar or dissimilar 
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pulmonary effects. All CNTs included in this study performed an independent characterization of 

the CNTs utilized, and the details of such characterization procedures are present in the 

referenced publications in Table 2-1. While, this is not an ideal situation from the perspective of 

conformity of methods and instruments, this is the largest set of in vivo pulmonary CNT toxicity 

data available to date, and it is large enough to permit a meta-analysis such as that presented in 

this paper. Given these limitations, this research should be considered hypothesis-generating 

rather than hypothesis-confirming.  

This work and the identified clusters propose that certain characteristics are significant or 

insignificant to the identification of CNT toxic potency. The study was able to identify and group 

the CNT particles into 4 toxicologically distinct clusters, the clusters were further categorized into 

potential classes defined by their physical properties. The clustering methodology employed was 

validated using a leave-one-out meta-analysis approach. 90% of the validation process iterations 

resulted in 4 clusters as the best solution and the remaining 10% of iterations had 4 clusters 

within 1 standard error of the minimum. The validation of the clustering process emphasizes the 

consistency of the algorithm and the clusters generated. The lack of sufficient characterization 

data does not prevent the use of this algorithm, although it may limit the definitive description of 

the distinct clusters after the fact. Nanomaterials behaving in a similar/dissimilar pattern can be 

identified and grouped together and their differing attributes can be identified and related to their 

potency.  

The analysis of the potency of the CNT clusters using the response variables was able to 

reveal that certain group (cluster “B”) of CNT particles have the potential to cause increased cell 

damage and immune response intensity due to their elevated levels for LDH, Total protein and 

Macrophage content. Increased levels of Total protein and PMN were also observed in subjects 

exposed to CNT particles from cluster “A”. When correlating the potency of the clusters and 

particles with the physical characteristics (length and diameter) of the corresponding clusters 
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using linear regression, the results showed that there is no evidence of a significant relationship 

between the potency and the predictors. This could imply that the potency of the particle might 

not depend on the physical properties alone and the chemical characteristics need to be taken into 

consideration as well, expansion to include more properties to explain the relationship could be 

meaningful. These results could also be interpreted as sign that a simple relationship between 

potency and the physical and/or chemical variables is non-existent and it is more complex than 

anticipated earlier and requires further investigation to be ascertained. 
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CHAPTER 3 

Examining the In Vivo Pulmonary Toxicity of Engineered Metal Oxide Nanomaterials 

using a Genetic Algorithm-based Dose-Response-Recovery Clustering Model 

 

The contents of this chapter have been published in “Computational Toxicology” under the title 

“Examining the In Vivo Pulmonary Toxicity of Engineered Metal Oxide Nanomaterials Using a 

Genetic Algorithm-Based Dose-Response-Recovery Clustering Model” 

(https://doi.org/10.1016/j.comtox.2019.100113).  

 

ABSTRACT 

This article presents the examination of the pulmonary toxicity of engineered metal oxide 

nanoparticles using a dose-response-recovery clustering model for the purpose of revealing 

toxicologically distinct clusters. Current recommended exposure limits published by the National 

Institute for Occupational Safety and Health (NIOSH) consider “ultrafine” metal oxide particles 

to pose significantly increased health risks as compared to larger particles. The unique 

combination of physical and chemical characteristics afforded by the metal oxide nanoparticles 

has enabled them to find use in various large-scale industrial setting leading to a risk of exposure 

for current and future workers. This paper presents an algorithmic examination of the metal oxide 

nanoparticles by their categorization into toxicologically distinct clusters. Based on a dataset 

composed of peer-reviewed in vivo experimental studies in rodents, the metal oxide nanoparticle 

variants are divided into sub-classes based on their dose-response-recovery similarity and the 

https://doi.org/10.1016/j.comtox.2019.100113
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Akaike Information Criterion (AIC) of the family of models. Results indicate the presence of 4 

toxicologically unique classes based on 5 toxicity endpoints selected. The cluster with greatest 

potency was found to be 400000 times more potent than the cluster with the lowest potency 

indicative of substantial variation across all the responses. The absence of coherent 

characterization data for the metal oxide nanoparticle variants analyzed in this study prevents the 

designation of significant physical characteristic-based labels which could have assisted in 

identifying the key factors affecting the toxic potential of the metal oxide nanoparticles. The 

standardized potency of the 4 metal oxide nanoparticle clusters was compared: 3 clusters (I, II 

and IV) showed signs of elevated immune system activity and cell membrane damage.  These 

clusters were primarily composed of iron oxide nanoparticles (cluster I) silica (cluster II), and 

titanium dioxide (cluster IV). One cluster (III) showed comparatively reduced toxicity across all 5 

responses; this cluster primarily featured zinc oxide and cerium oxide nanoparticles. 

 

Abbreviations 

MONP, Metal oxide nanoparticles; BAL, bronchoalveolar lavage; MAC, macrophage count in 

BAL fluid; TP, total protein concentration in BAL fluid; LDH, lactose dehydrogenase; PMN, 

polymorphonuclear neutrophil; TC, total cell count. 

 

Keywords  

Dose-Response, Recovery, Pulmonary Toxicity, Metal oxides, Hierarchical Clustering, Potency  

 

1. INTRODUCTION 

Toxicological testing necessary for the establishment of safe exposure levels to emerging 

pollutants can be time consuming and resource intensive [1]. When the emerging pollutant is an 
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engineered nanoparticle, whose chemical and physical nature can be changed at the will of the 

designer, the pace of development for new nanoparticle variants is too rapid for such safety 

testing to keep up.  Some of these NMs might eventually prove to be a serious occupational 

hazard or become an environmental pollutant presenting risk to the people working with them and 

to those who use the technology or live near places they are used. Anticipating the toxicological 

impact and exposure response to newly synthesized nanoparticles is difficult. Metal oxide 

nanoparticles (MONP’s) are particularly popular in industrial environments due to the diverse 

array of benefits offered by virtue of their small size. For example, ultrafine (<100nm) metal 

oxides such as aluminum oxide and cerium oxide are employed as fuel additives to lower 

emissions and promote more efficient combustion.[2] Similarly, nano-titanium dioxide is a 

popular component of multiple food, personal care, and consumer products.[3] Exposure to 

ultrafine particles induces both acute and chronic inflammatory response, nano-ceria has been 

known to disperse with diesel exhaust leading to potential pulmonary fibrosis.[4, 5] Further 

evidence of pulmonary response exposure to ultrafine particles has been documented for various 

metal oxide particles.[6-9] NIOSH has set recommended exposure limits (REL) of 2400 μg/m3 

and 300 μg/m3 for fine-sized (respirable) and ultrafine-sized titanium dioxide. A REL for 

respirable crystalline silica has also recently been revised 50 μg/m3, but there is no current 

recommendation for ultrafine silica. It is yet unclear whether new RELs (and eventually 

associated regulatory limits based on the recommendations) will be set at similarly reduced levels 

for most other metal oxide nanoparticles or not. These limits are derived from the extrapolation of 

the effects of pulmonary exposure in Rats to Humans.[10, 11] 

Experimental toxicology testing studies are often time consuming and require 

considerable investment with collective costs potentially running up to billions of dollars.[12] A 

study published in 2011 about the long term development of NMs projected that up to 6 million 

individuals could potentially be exposed by 2020.[13] One potential solution to this problem is 
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prioritizing the testing the NMs targeting the more toxic varieties first. The development of 

computational approaches targeted at predicting the toxicity of the NMs based on their attributes 

can be used as a means to guide nanomaterial synthesis towards less hazardous variants. 

Experimental evaluation is subject to a certain degree of error or bias and in some cases the 

results may be difficult to replicate. To overcome some of these inefficiencies, forecasting 

methods have been proposed to predict the potential toxicity and environmental impact of new 

NMs.[14] Computational modeling of nanotoxicity is valuable for its efficiency of time and 

expense and the flexibility offered. Quantitative structure activity relationships (QSARs) are one 

of the modeling schemes currently utilized; these models hypothesize that the activity of any 

nanostructure is a function of its physicochemical properties.[15, 16] Puzyn et al. demonstrated 

the use of QSARs to predict the mechanism of cytotoxicity of 17 different metal oxide 

nanoparticles.[14] QSAR modeling and novel descriptors have previously used in conjunction to 

predict the cytotoxicity of metal oxide nanoparticles using E. coli exposure studies.[17] The cell 

viability of human lung and skin cells upon exposure to metal oxide nanomaterials has also been 

predicted using QSAR based modeling.[18] 

Meta-analysis is a useful analytical method for harnessing the available published 

nanotoxicology data, and testing hypotheses that were not possible within the original 

experiments. Meta-analyses employ statistical and/or machine learning approaches such as 

regression, neural networks, decision trees, and support vector machines to identify important 

associations.[19] Since meta-analysis curates data from multiple sources, the individual variation 

or appearance of unusual results across the complete dataset are evaluated in light of the whole. 

Traditional meta-analysis, which involves literature-based data collection, can in some cases be 

ineffective in this case due to the presence of missing data caused by disparity in NM 

characterization methods.[20] A meta-analysis published in 2013 on the health effects of 

exposure to nano-TiO2 concluded that the particles were retained in several key organs in the 
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body.[21] Meta-analysis has also been used to assess the toxicity of NMs when they are 

dissolved—a possibility with high-solubility metal oxide nanoparticles.[22] The prediction of 

carcinogenic potency using historical in vivo genotoxicity data has also been accomplished using 

meta-analysis.[23] The benefits of meta-analysis techniques include its ability to identify the 

sources of diversity across the various participating studies[24], it can be used to improve the 

precision of the estimates due to the increase in the size of the population.[25] The method 

however is not without its limitations: it has no control over the homogeneity of the participating 

studies[24]; it cannot improve the quality of the data used and consequently the final result; and it 

could suffer from “publication bias”, where researchers fail to report or exclude certain studies to 

present a more coherent result which could impact the analysis.[25]    

Multiple researchers have documented the adverse effects associated with exposure to 

metal oxide nanoparticles. Peng et al (2014) compared the pulmonary toxicity of 2 types of nano-

ceria and concluded that smaller agglomerates were more potent due to higher lung deposition.[5] 

Kadoya et al (2011) compared micro-sized and sub-micron sized nickel oxide and deduced that 

sub-micron sized particles induce stronger effects in the BAL fluid.[26] Titanium dioxide and 

silica have been extensively documented for their toxicological response with multiple 

researchers concluding that large doses of ultrafine Titania and silica induces immune response in 

subjects.[6, 7, 9, 27-36] Similarly, articles documenting the effects of exposure to zinc, iron and 

other metal oxides have described the negatives effects associated with their exposure.[8, 37-42]  

Attempts at using computational modeling to predict the effects on toxicity of changes in particle 

properties (QSARS, meta-analysis etc.) have been limited in their scope to date. These methods 

have either been exclusive to only metal oxide particles, particles of a particular size, cytotoxicity 

assays, or structural analysis of single particles.[14, 43-47] There is a need to quickly identify and 

prioritize the testing of NMs which pose greater risk than others to maximize their benefit while 

simultaneously minimizing the risk associated with them. This could be accomplished by 
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quantifying the current knowledge base of in vivo and in vitro studies to reveal how different 

NMs compare to one another and how changes in their properties affect their toxicity. The rapid 

increase in the number of synthesized NMs variants reveals a need to cluster the variants 

displaying similar effects as a means of generating hypotheses about the mechanisms of their 

pulmonary toxicity. To address the question of how different metal oxide nanomaterials can be 

considered the same substance toxicologically, this study proposes a new algorithmic approach 

applied to meta-analysis of extant metal oxide nanoparticle in vivo toxicity data. 

 

2. METHODS 

2.1 Data Selection 

The data utilized for the meta-analysis of the in vivo pulmonary toxicity of metal oxide 

nanoparticles is curated from 30 different peer-reviewed journal articles. These publications were 

identified through online search engines including the Web of Science, Google Scholar, and 

PubMed using the search terms: “in vivo”, “Metal oxide”, “BAL” and “Pulmonary”. The 

publications are all independent “in vivo” studies conducted on metal oxide nanoparticles, they 

are a collection of exposure groups (experiments) identified by their total dosage, method of 

exposure (inhalation, instillation, aspiration etc.), post-exposure recovery period, and an 

independent characterization profile (physical and chemical properties) of the particles. The data 

extracted from the publications identified and included as part of the dataset additionally satisfied 

a key criterion before inclusion: the measures of response in Bronchoalveolar lavage (BAL) fluid 

for the rodents must be recorded for a minimum of 3 different levels (including the control level) 

of dose or exposure. All publications used as the source for this analysis have been provided in 

Table 3-1.  
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The five quantitative response measures from the BAL fluid which are the focus of this 

meta-analysis include: Total cell count (TCC), Macrophage count (MAC), Total protein 

concentration (TP), Polymorphonuclear neutrophil count (PMN) and Lactate dehydrogenase 

concentration (LDH). These 5 measures were reported in sufficient capacity across the 

publications to be included in this analysis. The measured response reported in each publication is 

expressed as a fold (multiple) of its respective control group’s measure. 

 

2.2 Model Definition  

The dose-response model used for the clustering analysis is an important feature of the 

process; it reflects the variation of the response to changes in the applied dose. Benchmarked 

dose-response models have been previously developed to analyze the response to multiple 

engineered substances. Slob (2001) has previously published a family of 3-parameter models 

available for analyzing continuous data, but these models do not reflect the variation in the 

measured response when exposure has ceased, and the test subject has begun to recover. This 

paper proposes a revision to one of Slob’s model, the addition of a fourth parameter that describes 

the decrease of the response measure over time (i.e., the animal recovers) to provide a more 

complete description of the dose-response-recovery relationship. The relation between the 

response measured (y), dosage applied (x) and post-exposure recovery period (t) is, 

𝑦 =  𝑎[𝑐 − (𝑐 − 1)𝑒−𝑏𝑥] − 𝑑𝑡        Eq. 1 

The 4 parameters, a (signifies the response at dose = 0), b (the toxic potency of the 

nanoparticles), c (the maximum relative shift in response), and d (slope of the response decay) are 

the key parameters which have been used to describe the potential of the particle to be a hazard.  

Recovery is likely to have an exponential relationship as the animal returns to 

homeostasis following the end of exposure. However, since such a relationship would require the 

addition of two additional model parameters, rather than one for the linear term, and given the 
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available data fit the linear representation of recovery better, we make the parsimonious choice 

here with the single caveat that the model is valid for all recovery times, t, until the value of the 

response returns to 1 (i.e., no change from the control group). 

 

2.3 Clustering Algorithm  

The proposed algorithm is aimed at assigning the metal oxide nanoparticles into 

“clusters” based on the similarity of their dose-response-recovery relationships. The methodology 

is a derivation of the traditional top-down hierarchical clustering process and mimics its structure. 

The algorithm utilizes non-linear regression to fit the proposed dose-response-recovery model 

(Eq. 1) to the available data. The process involves using an exhaustive search approach driven by 

combinatorics to identify the ideal number of cluster constituents at each stage. A detailed 

explanation of the entire clustering process has been covered in a previous article by the authors 

and can be referenced for further clarity on the process.[48]  

The clustering approach yields multiple possibilities in terms of the total number of 

clusters and the membership within those clusters which are assessed using a performance metric 

to avoid overfitted solutions. The performance metric used here to evaluate the goodness of a 

cluster is the Akaike Information Criterion (AIC), the AIC is calculated based on the number of 

parameters (k) in a model and its log-likelihood (L), 

      𝐴𝐼𝐶 = 2𝑘 − 2 log 𝐿         Eq. 2 

The likelihood function of a model is defined as the probability of that model achieving 

an outcome given a set of parameters, maximizing the likelihood function reduces the error 

between the expected and observed data. We assume the likelihood function of the model follows 

a normal distribution and its logarithmic form represented mathematically as, 

𝑙𝑜𝑔𝐿(𝜇, 𝜎) =  −𝑛log (𝜎) −
𝑛

2
𝑙𝑜𝑔(2𝜋) −

1

2𝜎2
∑ (𝑌𝑖 − 𝜇)2𝑛

1       Eq. 3 
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𝑌𝑖, represents the model derived response data, 𝜇 and 𝜎 represent the mean of the 

experimentally measured response and its associated standard deviation, 𝑛 represents the number 

of exposure groups present in the model. 

The overall AIC of a cluster is obtained by summing together the AIC values of its 

component models. Lower values of AIC are preferred when comparing the clusters as they 

indicate the model is closer to the data in those cases. AIC needs to be modified to include 

corrections that can be applied when dealing with small datasets, this corrected form is denoted as 

the AICc.  

𝐴𝐼𝐶𝑐 = 𝐴𝐼𝐶 +  
2𝑘(𝑘+1)

𝑛−𝑘−1
     Eq. 4 

Where n is the number of observations and k is the number of model parameters. The 

AICc is the best metric for comparing the amount of information conveyed by distinct models of 

varying complexity or as in our case comparing multiple cluster configurations.[49] We adopt the 

AICc as our measure of performance since it issues a strong penalty to those clusters where there 

is evidence of overfitting. 

 

2.4 Genetic Algorithm  

An exhaustive clustering algorithm would be inefficient when deployed on large datasets. 

The current size and presumably the future increasing availability of data for the metal oxide 

nanoparticle response measures would result in high computational time requirements. Figure 3-1 

shows the steep increase in the total number of cluster configurations analyzed as the number of 

particles expands.  
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Figure 3-1. Variation between the “Total no. of configurations” analyzed vs “No. of 

Nanoparticles”. The plot demonstrates the increasing computational load as more particles are 

added to the analysis. 

 

The search space for the metal oxide dataset has a large number of possible 

configurations (order of magnitude: 1010), given the variety of unique nanoparticles included, 

employing an exhaustive search algorithm on this dataset yielded unrealistic completion times. 

An alternative approach to search the available space to identify the solution is to use Genetic 

algorithms (GA). Genetic algorithms use an adaptive and heuristic approach towards determining 

the solution to a search problem, the underlying principle to their methodology is the process of 

natural selection which is the driving factor behind biological evolution.  

The original clustering algorithm has been incorporated within a genetic algorithm 

framework which facilities identification of the ideal cluster constituents from the large search 

space. Each stage of the clustering process is subjected through a genetic algorithm to identify the 

ideal dissociation of the data into clusters. The AICc score of the clusters are used to compare and 

select the best cluster combination for the complete data. The objective function minimized by 

the algorithm can be mathematically expressed as, 
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𝑌 = ∑ 𝐴𝐼𝐶𝑖
𝑛
𝑖 = 1                               Eq. 5 

Where, Y represents the overall AIC score of the clusters used to represent the data, the 

individual cluster AIC is computed using Eq. 2 referenced earlier, n is the number of clusters at 

each stage of the evaluation.  

For example, if the dataset were to contain 35 particle variants, the next step in the 

process would determine using combinatorics the multiple possible ways to separate the 35 

particle variants into 2 clusters, but each of those has multiple scenarios. Assume for illustration a 

cluster of 1 particle and a second containing 34 particles expressed as (1 34) can be accomplished 

in 35 (35C1) unique ways, while a (2 33) split has 595 (35C2) unique groupings and so on. These 

are just a few of the “configurations” available when deciding which is the ideal grouping 

possible, an exhaustive search through all the possibilities is time consuming. 

The GA was implemented using MATLAB R2017b[50]. The algorithm uses a “Bit 

String” population input i.e., the “genes” in the algorithm correspond to various particle variants 

encoded as 0 or 1, and the “chromosomes” that compose the population are all the possible 

solutions to the optimization problem. The mutation and crossover functions for the GA are set to 

be “Uniform” with a 1% rate of mutation (uniform and random gene replacement throughout the 

progression) and “Scattered” (randomized crossover points to generate new chromosomes) 

respectively. The new “generations” (population of every iteration) are synthesized from the 

parent chromosomes using an 80% rate of crossover. The stopping criteria for the algorithm is set 

at 100 “Stall Generations” (i.e., when the best solution does not change for 100 generations as 

computed by the algorithm).  

One limitation of the GA is the possibility of identifying a local solution to the AICc 

minimization problem rather than the global solution. There are testing methods to significantly 

reduce the possibility of this result. Multiple iterations of the overall GA process could be 

conducted, and a statistical distribution could be generated of the derived results, the alternative 
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would be to compare the results of the GA with the results of a brute force algorithmic search. 

The results from the brute force algorithm would align with the global solution due to the 

rigorous nature of the search mechanism. 

An alternative to the GA is another stochastic search method known as Simulated 

Annealing. Simulated annealing is an approach to solving optimization problems such as this one: 

the identification of similar toxicological groups with the minimum AIC. However, given the 

specifics of this problem including the very large sample space and the need to employ parallel 

processing, simulated annealing was not anticipated to provide any meaningful benefits in terms 

of processing time or the fitness of the identified solutions. Several other studies have come to 

similar conclusions under similar circumstances[18, 49, 51-53]. 
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Table 3-1. Compilation of the data (with sources) used for the MONP clustering process. (NR designation indicates “Not Reported”). 

SourceID 
Primary 

Author 

MONP Types 

Tested 

No. of 

endpoints (of 

interest) 

reported 

Total No. of 

exposure 

groups 

MONP Typical 

Size (nm) 

Average 

Specific Surface 

Area (m2/g) 

T1 Nemmar[49] Titanium 2 3 4 - 6 49.4 

T2 Oberdorster[29] Titanium 4 7 20 - 250 NR 

T3, S1 Warheit[50] Titanium, Silica 4 36 
5.8 – 6.1 (T3), 

1500 (S1) 
51.5 

T4 Renwick[51] Titanium 4 6 29 - 250 28.2 

T5, S2 Rehn[52] Titanium, Silica 4 30 
20 (T5), 900 

(S2) 
NR 

T6 Grassian[32] Titanium 3 16 3.5 – 17.8 130 

T7, S3 Warheit[53] Titanium, Silica 4 88 
25 (T7), 200 – 

2000 (S3) 
23.6 

T8, S4 Warheit[35] Titanium, Silica 3 20 
100 (T8), 534 

(S4) 
26.4 

T9, S5 Kobayashi[54] Titanium, Silica 3 41 4.9 – 154.2 233.6 

T10, T13 Gustafsson[6] Titanium 3 16 21 NR 

T11 Oyabu[28] Titanium 3 20 14 102 

T12 Roberts[55] Titanium 3 12 21.75 NR 

T14 Silva[9] Titanium 1 14 24 - 28 113 

S6 Gosens[56] Silica 4 4 NR NR 

S7 Cho[57] Silica 4 16 14 NR 

S8 
Creutzenberg[31

] 
Silica 5 6 76 21.2 

S9 Roursgaard[34] Silica 3 21 100 - 1600 20.7 

N7 Morimoto[58] Nickel 2 5 20 NR 

F1 Ban[37] Iron 2 11 35 - 147 22.5 

F2 Pirela[59] Iron 4 4 19.6 41.5 

F3 Zhu[40] Iron 4 13 22 - 280 28.8 
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F4 Katsnelson[39] Iron 3 4 10 - 1000 NR 

S10, Z1 Sayes[30] Silica, Zinc 3 36 90 - 452 26.1 

Ce1 Toya[60] Cerium 4 17 200 - 3900 NR 

N1 Morimoto[61] Nickel 1 15 20 104.6 

Z2, F5 Xia[42] Zinc, Iron 2 15 8 – 20.2 97.5 

S11, Z3 Warheit[36] Silica, Zinc 3 28 90 – 111 (Z3) 10.9 

T15, S12, Ce2, 

Z4, N2, Cu1 
Cho[7] 

Titanium, Silica, 

Cerium, Zinc, 

Nickel, Copper 

3 24 10 - 35 93.7 

Ce3 Ma[62] Cerium 3 18 20 NR 

Ce4 Peng[5] Cerium 4 12 4 NR 

T16, S13 Roursgaard[27] Titanium, Silica 3 28 8 - 1600 112 

T17, S14, A1 
Lindenschmidt[3

3] 

Titanium, Silica, 

Aluminum 
5 45 2200 - 5300 NR 

Ce5 Park[63] Cerium 3 7 NR NR 

Ce6 Wingard[64] Cerium 3 4 8 44 

Ce7 Xue[65] Cerium 3 15 6.6 86.8 

Ce8 Ma[4] Cerium 2 6 10.14 90 

Ce9 Minarchick[66] Cerium 2 4 4 81.4 

T18, Co1 Dick[67] Titanium, Cobalt 3 6 20 43.4 

S15, M1 Gelli[41] 
Silica, 

Magnesium 
1 15 50 - 63000 22.5 (M1) 

T19, S16, Co2 Zhang[68] 
Titanium, Silica, 

Cobalt 
5 25 20 - 1850 45.6 

T20, N3 Horie[69] Titanium, Nickel 2 16 7 - 1000 NR 

T21, S17, N4 Kadoya[26] 
Titanium, Silica, 

Nickel 
1 25 27 - 2700 16.5 

T22, S18, N5 Ogami[70] 
Titanium, Silica, 

Nickel 
2 25 27 - 2700 16.5 

N6, Z5, Cu2 Cho[38] 
Nickel, Zinc, 

Copper 
2 8 10 - 50 56.3 

Z6 Cho[8] Zinc 4 9 10.7 48.2 

N8 Nishi[71] Nickel 2 15 20 NR 
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3. RESULTS AND DISCUSSION 

3.1 Composition-Blind Clustering Results 

The clustering analysis was conducted on the Metal Oxide Nanoparticles (MONP) 

dataset. The dataset for the MONP’s contains several studies where more than 1 unique set of 

nanoparticles is analyzed. These studies were identified and separated to ensure each study 

reflects a single particle i.e., if a study documents the results from testing multiple distinct 

nanoparticles, the study is subdivided to reflect the number of particles tested. For example, the 

third row of Table 3-1 refers to a single publication that included data for two nanoparticle 

variants, one silica nanoparticle, and one titanium dioxide nanoparticle. The dataset was analyzed 

for the 5 toxicological endpoints discussed earlier and their ideal cluster combinations were 

derived, each cluster is defined by a distinct dose-response-recovery model. The algorithm 

aligned the pulmonary effects of different MONP variants based on the similarity of their dose-

response-recovery relationships. Figure 3-2 is a comparison of the variation in AICc values for all 

5 response indicators used in the study, it also serves to determine the ideal number of clusters for 

each indicator. The decrease in the AICc of the clusters at each stage observed in Figure 3-2 is an 

indicator that the clustering process works (information retained increases as the number of 

clusters increases). 

The decision on the ideal number of clusters that can be used to represent the MONP 

dataset is based on the trade-off between a penalty for increasing the number of 

toxicologically unique clusters (i.e., increasing model complexity) and the benefits of new 

information gleaned from them (i.e., reduced model error). Analyzing the variation in AICc 

documented in Figure 3-2, a single consensus cluster size could not be agreed upon across the 

5 responses for the MONPs due to the varying size of the number of particles analyzed for 

each response. 
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Figure 3-2. Penalized Akaike Information Criterion (AICc) as a function of the number of 

clusters. The figure illustrates the variation in the number of particles analyzed for each response 

and hence the lack of a consensus optimum number across the 5 responses 

 

The clusters generated by the algorithm exist on the basis of similarity between their 

toxicological profiles but that does not fully explain the existence of the clusters. To further 

investigate the clusters, we examine and study the particle variants within each of the clusters. 

Contrasting the physical and chemical characteristics of the different particle configurations 

could lead to the generation of hypotheses as to why one cluster or class of nanoparticles may be 

more or less toxic than another. The reasoning the MONP dataset constituents are not segregated 

initially based on their physical/chemical properties is that physically and/or chemically similar 

nanomaterials need not necessarily be similar in their dose-response-recovery relationships as 

well, depending on which characteristics are used to define similarity. Identifying the particle 

properties that do and do not vary significantly between the clusters assists in determining which 
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properties are key contributors in the separation at each stage and also towards the relative 

toxicity between the clusters. Table 3-1 is an account of all the publications that have been used 

as data sources for the MONP. Table 3-1 also provides a comprehensive look at the information 

available to the authors during the process, namely the types of particles tested by each 

publication, the number of endpoints measured, and the physical characteristics reported. We can 

observe from Table 3-1, that not all the source publications report all 5 endpoints and some 

sources are also missing or lacking in sufficient physical characterization data. The disparity in 

endpoint measures reported by the source publications is one cause of cluster membership that is 

not consistent across the 5 endpoints. 

The MONP groupings generated by the clustering process were examined to identify 

and highlight any trends between the clusters and their particle properties. The optimal 

number of clusters for the PMN, LDH and TCC responses was found to be 8 based on the 

AICc values, the MAC and TP endpoints had an optimal cluster quantity of 4. The lack of a 

consensus amongst the 5 endpoints analyzed could be associated with the number of particle 

variants analyzed for each endpoint. It can be observed from Figure 3-2 that the 3 endpoints 

with a higher minimum cluster size also had larger number of particle variants with reported 

measurements from the BAL fluid. Table 3-2 displays the particle properties and membership 

composition of the MONP clusters for the PMN response. The “Particle Typical Size” 

measurement is the mean diameter for the spherical MONPs that were analyzed. There is no 

obvious trend between the primary particle size and the cluster composition for this particular 

response independent of particle composition. Analysis of the 4 other responses for the 

MONPs revealed the same. This could imply that creating category labels for the MONP 

clusters purely using either the physical properties and/or chemical composition might not be 

possible with the available data and a different approach might be required. 
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Table 3-2. Mean "typical particle size" for MONP clusters along with constituent cluster 

composition for PMN response. The composition of the clusters indicates that multiple metal 

oxide particles can be categorized together by virtue of their dose- response-recovery 

relationships 

Cluster Mean Particle size (nm) Cluster Composition 

1 1228.4 Crystalline Silica, Amorphous Silica 

2 3133.3 Titanium, Aluminum, Copper 

3 14.6 Titanium 

4 232.8 TiO2, NiO, Crystalline Silica, ZnO, CeO2 

5 107.7 TiO2, Fe2O3 

6 164.4 TiO2, Amorphous Silica, ZnO 

7 13.9 CeO2, Crystalline Silica 

8 154 TiO2, Crystalline Silica, ZnO, CeO2 

 

 

3.2 Results of Clustering by Particle Composition 

The initial clustering process treated each of the individual MONP variants analyzed 

from each study as a unique substance. This leads to instances of similar substances appearing in 

multiple clusters as evidenced in Table 3-2. For example, crystalline silica nanoparticle variants 

appear in 4 of the 8 clusters. The information provided in Table 3-2 for the MONP clusters does 

not seem to provide evidence of any discernable pattern between the particle properties (such as 

size, or aggregation, or solubility, or bond strength) and membership for the respective clusters. 

The treatment of the particle variants from each study as unique entities results in a skewed 

distribution across the clusters, for example Titanium Dioxide (TiO2) was the most commonly 

tested particle and appears in 6 out of the 8 clusters as seen in Table 3-2. To eliminate the 
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multiple instances of the same substance occurring across the clusters in a secondary analysis, the 

particle variants were grouped in the dataset based on their chemical composition and the 

clustering process was repeated. The repeat of the clustering process post composition-grouping 

allows for different distinctions to be made between clusters. 

Figure 3-3 is a comparison of the AICc variation between chemically isolated particles across 

the 5 response indicators. The composition grouping process reduced the number of particle 

groups to between 7 and 9 per response. We can observe from the figure that the ideal number of 

clusters across the 5 responses is 4, implying that there are 4 toxicologically unique clusters 

amongst the different metal oxide particles. The choice of 4 clusters as the ideal set is based on 

weighing the value of additional information conveyed against the increasing complexity (> 5 

clusters), the 4-cluster model provide the best balance between information conveyed and overall 

complexity. The clustering methodology employed was validated using a leave-one-out meta-

analysis approach. 95% of the validation process iterations resulted in 4 clusters as the best 

solution and the remaining 5% of iterations had 4 clusters within 1 standard error of the 

minimum. The validation of the clustering process emphasizes the consistency of the algorithm 

and the clusters generated. Tables 3-4 and 3-5 display the newly clustered metal oxide particle 

variants (that have been grouped chemically) and the associated potency of the respective 

clusters. It can be observed that there is a level of consistency to clustering process in Table 3-4 

that was not visible before in Table 3-2. Table 3-3 illustrates the degree of consistence of the 

specific observations (dose-recovery groups with the same particle variant) amongst the 5 

endpoints. We can see that most particle types were tested for more than one endpoint with the 

exception of those evaluated for changes in macrophage count. 

As mentioned in section 2.2 and Eq. 1, the recovery of an animal following the end of toxic 

exposure is expected to follow an exponential relationship as the subject returns to homeostasis. 

However, limitations in the available data set did not support the differentiation between this 
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expected relationship and a linear model. In Figure 3-4, one can observe the comparison between 

the linear and exponential models in the AIC results for each toxic endpoint modeled. These 

results are very similar with AIC values for the linear recovery model being either nearly 

equivalent or up to 5% lower than those of the exponential model. Given these results there is no 

positive statistical justification to use the more complex exponential model at this time, though 

future data collection may change this assessment. 

  

 

Figure 3-3. Corrected Akaike Information Criterion (AICc) as a function of the number of 

clusters in the mode. The figure illustrates the optimum number of clusters is 4 based on the 

minimum achieved for all endpoints indicating there are 4 distinct groups of MONPs. 
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Figure 3-4. Corrected Akaike Information Criterion (AICc) comparison between models with a 

linear recovery (L) versus models with an exponential recovery (E). The lack of any discernable 

difference between the AICc values is evidence to back our assumption of a linear recovery. 

 

Table 3-3. Fractional overlap of exposure group data between the measured endpoints from the 

BAL fluid of the animals. 

Measured 

Endpoint 
TCC PMN LDH TP MAC 

TCC 1 0.70 0.61 0.58 0.37 

PMN  1 0.73 0.55 0.29 

LDH   1 0.59 0.25 

TP    1 0.42 

MAC     1 
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Table 3-4. Clusters generated across the 5 endpoints for the various metal oxides (data sources 

are indicated in parentheses). The bolded elements illustrate particle composition “anchors” 

across the clustering results.  

Cluster ID LDH Clusters TCC Clusters MAC Clusters PMN Clusters TP Clusters 

I 
Iron (F2, F3, 

F5) 

Iron (F1, F2), 

Zinc (Z1, Z4-

Z6), Cerium 

(Ce1, Ce2, Ce5, 

Ce6) 

Cerium (Ce1, 

Ce3, Ce5, Ce6) 

Iron (F2, F3, 

F5) 
Iron (F3) 

II 

Silica (S1, S3-

S6, S8, S10, S11, 

S14-S16) 

Silica (S1- S3, 

S5- S8, S10, S12, 

S14, S16, S18), 

Copper (Cu1, 

Cu2), Nickel 

(N2, N5-N8) 

Silica (S2, S6-

S9, S13, S14, 

S16), Nickel 

(N1) 

Silica (S1, S3-

S5, S7, S10-S12, 

S14, S16), 

Copper (Cu1, 

Cu2), Aluminum 

(A1) 

Silica (S1, S3, 

S4, S7-S9, S11, 

S13, S14, S16, 

S17), Cerium 

(Ce1, Ce2, Ce4) 

III 

Zinc (Z1-Z3, 

Z6), Cerium 

(Ce1, Ce3, Ce4, 

Ce7-Ce9), 

Aluminum (A1) 

Aluminum (A1), 

Cobalt (Co1, 

Co2) 

Cobalt (Co1, 

Co2) 

Zinc (Z1–Z6), 

Cerium (Ce2, 

Ce3, Ce6, Ce8), 

Nickel (N2, N6) 

Zinc (Z3, Z4, 

Z6), Nickel (N2-

N4) 

IV 

Titanium (T3, 

T6–T9, T11, 

T12, T17, T19, 

T20), 

Magnesium 

(M1) 

Titanium (T2–

T7, T9-T11, T13, 

T15, T17–T19, 

T22) 

Titanium (T1, 

T2, T5, T10, 

T12, T13, T16–

T19), Iron (F2, 

F4), Aluminum 

(A1) 

Titanium (T1-

T5, T7-T12, T14, 

T15, T17) 

Titanium (T3–

T8, T16, T17, 

T19–T21), 

Aluminum (A1) 
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Table 3-5. Potency values for response across cluster categories (b x 10-14). The disparity 

between the highest and lowest values for potency can be observed. The highest value is more 

than 400,000 times larger than the lowest across all the responses which further stresses the need 

for sub-groups. 

Cluster 

ID 
LDH PMN 

Total 

Protein 
Macrophages 

Total Cell 

Count 

I 105 ± 9.7E+05 40.5 ± 47.2 1060 ± 383 313 ± 120 1960 ± 666 

II 2.36E+06 ± 9.7E+05 102 ± 47.2 553 ± 383 30.4 ± 120 464 ± 666 

III 6.7E+05 ± 9.7E+05 5.18 ± 47.2 166 ± 383 85 ± 120 611 ± 666 

IV 1.1E+06 ± 9.7E+05 103 ± 47.2 867 ± 383 146 ± 120 825 ± 666 

 

3.2.1 Observed Differences in Toxicity 

The potency values for the 5 responses reported in Table 3-5 displays the quantification 

of the relative differences in toxicity between the clusters. Higher values of potency reflect 

greater toxic potential for the set of nanoparticle variants in the cluster. Based on the values in 

Table 3-5 we can observe that there is a substantial difference between the potency of the particle 

variants for LDH. The variation between the potency of the particle variants and associated 

clusters supports the need for categories amongst metal oxide particles, and a significant 

limitation of treating them as the same substance in a risk assessment or regulatory framework 

(e.g., such as “ultrafine particulates”). The physical and chemical properties described in Table 3-

1 for the metal oxide nanoparticle variants could potentially be utilized to derive characteristic-

based definitions for the clusters. However, the lack of consistency in the endpoints reported by 

the source publications coupled with the skew in the particle variants tested (22 articles reported 

Titanium dioxide while only 5 reported Iron and 6 reported Zinc) leads to a low degree of 

consistency in the toxicological and particle characterization data across the clusters which 

precludes the possibility of deriving statistically significant property-based labels. A more 

consistent testing and reporting procedure would assist in identifying the mechanistic variations 
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in toxicity due to physical characteristics and deriving labels for the clusters. Such 

recommendations have been published for nanoparticle characterization, but there has so far been 

limited programming of toxicological research regarding specific particle variants and dose 

levels.[77-79]  

Figure 3-5 is a graphical presentation of the natural log of the potency across the clusters. 

Higher values for potency result in greater increase in the response for a unit increase in dose. For 

example, the high value of potency for the LDH response levels imply that for even small 

increases in nanoparticle dose the LDH levels in the subject would show significantly larger 

increases compared to the other 4 responses. LDH or Lactate Dehydrogenase is an enzyme and a 

core component of the energy production system in the body, it is involved in the conversion of 

“Nicotinamide adenine dinucleotide (NAD)” to its reduced form “NAD + Hydrogen (NADH)”. 

LDH is not normally located outside cells. LDH appears outside cells in fluids like blood or BAL 

fluid when cell membranes are leaking or have been ruptured. Sharp changes in the LDH levels 

are usually associated with tissue damage. Identifying the clusters and particles which contribute 

to increased potency levels for the LDH could be useful in early detection and mitigation of tissue 

damage.  

Figure 3-6 compares the standardized potency of the clusters across the 5 responses, 

standardizing the potency makes it easier to compare the various response groups directly and 

determine their relative extent of threat. It can be seen in Fig. 2-6 that the particles belonging to 

clusters ‘I’, ‘II’ and ‘IV’ display signs associated with cell membrane damage and tissue 

damage/immune response. The cluster designated as ‘III’ is noteworthy as it is the only cluster 

that displays reduced response activity below the typical (i.e., mean) levels, this is indicative that 

the particles categorized as belonging to cluster ‘III’ possess less toxic potential than the particles 

in the other 3 clusters. Cluster ‘III’ is comprised primarily of Zinc oxide nanoparticles (3 out of 5 
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responses), previous literature has indicated that nano-Zinc oxide is non-toxic based on exposure 

studies conducted on mice.[80] Sayes et al. (2007) provided insight into the in vivo toxicity of 

nano-Zinc oxide and noted that acute toxicity response does exist, they were able to conclude that 

the effects were transient in nature and resolved themselves.[30] Nano-Zinc oxide is also highly 

commercialized and extensively used in sunscreen[81], a previous study was able to conclude that 

Zinc oxide nanoparticles greater than 30 nm in size exhibit the same properties as their non-nano 

counterparts.[82] While these results cannot conclusively assist in classifying Zinc oxide 

nanoparticles as non-toxic, they do offer some insight into the relatively low toxic potency of 

cluster ‘III’. 

Also, the normalized response indicator levels between clusters ‘I’ and ‘II’ are inverse to 

one another, cluster ‘II’ displays elevated LDH and PMN levels whereas cluster ‘I’ nanoparticles 

showed reduced LDH and PMN levels and vice versa with respect to the other 3 endpoints 

measured. Cluster ‘I’ is primarily rich in Iron nanoparticles, while cluster ‘II’ is mainly composed 

of Silica nanoparticles. Previous studies have compared the acute toxicity of Iron oxide and Silica 

nanoparticles, one study noted that no dose-related changes were observed in rats that were orally 

administered the nanoparticles.[83] Comparison of the individual cluster components across the 5 

responses shows they differ in their chemical composition but more information is required 

before we hypothesize about the specific toxicological mechanism behind the differences in 

potency. 
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Figure 3-5. The variation between natural logs of the potency of the responses in each cluster 

provides insight towards the observed effects each cluster of particles has on the response. LDH 

response levels were highly elevated for clusters ‘II’, ‘III’ and ‘IV’. 
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Figure 3-6. The variation of the standardized potency of the responses across the clusters allows 

for easier interpretation of the observed effects of exposure to the particle clusters. Cluster ‘I’, 

‘II” and ‘IV’ shows signs of increased cell damage and elevated immune response. Cluster ‘III’ 

shows below average toxic potency across all 5 measured endpoints 

 

3.2.2 Possible Policy Implications 

These results suggest that it may be possible and desirable to establish toxicological 

categories of engineered metal oxide nanoparticles and establish regulatory policy around those 

categories rather than seeking to establish a nano-specific exposure limit for each of the currently 

regulated solid particles. There are currently 10 of metal oxide particle exposure limits existing in 

OSHA regulations as of the date of this paper.[84] 

If regulatory agencies would follow the pattern of the NIOSH REL for titanium dioxide 

and establish exposure limits that vary with metal oxide particle size for each of these particles, 
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the burden and cost of demonstrating compliance or non-compliance would be substantially 

increased. While this paper has not included ease of detection as a parameter for defining 

clusters, such an analysis could be conducted to develop categories that did account for this 

factor.  

Beyond possible implications for defining exposure limits on a categorical rather than a 

specific-particle-by-specific-particle basis, these categories could also provide useful for the 

purposes of categorizing particular engineered nanoparticle variants for increased scrutiny as to 

their safety. Even in the absence of specific national regulations, new chemical products 

including engineered metal oxide nanoparticle products need to be approved for use. Those 

particles composed of constituents in the more toxic clusters should be prioritized for additional 

data gathering for safety purposes above those in the least toxic cluster. For example, based on 

these results, iron oxide, cerium oxide and silicon dioxide nanoparticles would be prioritized over 

zone, nickel, or aluminum oxide.  

 

4. CONCLUSIONS 

This analysis suggests that it is possible to define clusters or categories of metal oxide 

nanoparticles that behave similarly in terms of their dose-response-recovery effect on animals, 

which may be helpful in the future to maintain safety while also encouraging development of 

these materials without excessive burdens on future regulators. Further, this analysis indicates 

that 3 out of the 4 identified composition-based clusters display elevated response levels 

consistent with cellular damage (increased TP), onset of cytotoxicity (increased LDH) and 

immune activity (increased MAC, PMN and TCC). These are consistent with previously 

published literature on the toxicological effects of metal oxide nanoparticles.  
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This study demonstrates deployment of a hierarchical clustering algorithm to perform a 

meta-analysis of the in vivo pulmonary toxicity of engineered nanomaterials (specifically metal-

oxide nanoparticles) in rodents. The argument for utilizing this algorithm over other available 

alternatives is the emphasis placed on the dose- response and recovery patterns rather than 

treating the available parameters as equivalent to particle properties, or assuming that all 

necessary physicochemical characteristics are already known. The process assists in generating 

hypotheses in regard to what mechanisms or characteristics might explain why certain particles 

cause similar or dissimilar pulmonary effects. The two iterations of the clustering on the MONP 

dataset produced 2 different set of results. The initial analysis treated the multiple MONPs 

analyzed as unique variations and performed the clustering leading to the identification of 8 

toxicologically distinct clusters. There was a lack of relation between the characteristics of the 

MONP clusters and their composition, which limited the definitive description of the distinct 

clusters. The second iteration was performed after chemically grouping the various MONPs, the 

results were much more promising with 4 toxicologically distinct clusters being identified.  

This work and the identified clusters propose that certain characteristics/nanoparticles are 

significant or insignificant to the identification of toxic potency. The clusters were further 

categorized into potential classes defined by their potency. The lack of sufficient characterization 

data does not prevent the use of this algorithm, although it may limit the definitive description 

(property-based labels) of the distinct clusters after the fact. Nanomaterials behaving in a 

similar/dissimilar pattern can be identified and grouped together and their differing attributes can 

be identified and related to their potency.  

The analysis of the potency of the MONP clusters using the response variables was able 

to reveal that all but one group (cluster “III”) of metal oxide particles have the potential to cause 

increased cell damage and immune response intensity due to their elevated levels for the response 
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indicators analyzed. The toxicological behavior of the particles belonging cluster ‘III’ is worthy 

of further investigation to explore the underlying cause, it could be representative of certain 

particles in tandem displaying the capability to mitigate their respective biological effects. 

Overall, this study has shown that the potency of the nanoparticle clusters might not depend just 

on the physical and/or chemical characteristics, expansion to include more properties to explain 

the relationship could be meaningful. These results could also be interpreted as a sign that a 

simple relationship between potency and the physical and/or chemical characteristics is either 

non-existent or that it is more complex than anticipated and requires further investigation. 
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CHAPTER 4 

 

Evaluation of Risk and Uncertainty for Model-Predicted NOAELs of Engineered 

Nanomaterials Based on Dose-Response-Recovery Clusters 

  

The contents of this chapter have been published in the ASME “Journal of Risk and Uncertainty, 

Part B: Mechanical Engineering” under the title “Evaluation of Risk and Uncertainty for Model-

Predicted NOAELs of Engineered Nanomaterials Based on Dose-Response-Recovery Clusters” 

(https://doi.org/10.1115/1.4055157).  

  

ABSTRACT 

 Experimental toxicology studies for the purposes of setting occupational exposure limits 

for aerosols have drawbacks including excessive time and cost which could be overcome or 

limited by the development of computational approaches. A quantitative, analytical relationship 

between the characteristics of emerging nanomaterials and related in vivo toxicity can be utilized 

to better assist in the subsequent mitigation of exposure toxicity by design. Predictive toxicity 

models can be used to categorize and define exposure limitations for emerging nanomaterials. 

Model-based no-observed-adverse-effect-level (NOAEL) predictions were derived for 

toxicologically distinct nanomaterial clusters, referred to as MP-NOAELs. The lowest range of 

MP-NOAELs for the polymorphonuclear neutrophil (PMN) response observed by CNTs was 

found to be 21 – 35 µg/kg (cluster “A”), indicating that the CNT belonging to cluster “A” 

showed the earliest signs of adverse effects. Only 25% of the MP-NOAEL values for the CNTs 

can be quantitatively defined at present. The lowest observed MP-NOAEL range for the metal 

oxide nanoparticles was Cobalt oxide nanoparticles (Cluster III) for the Macrophage (MAC) 

https://doi.org/10.1115/1.4055157
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response at 54 – 189 µg/kg. Nearly 50% of the derived MP-NOAEL values for the metal oxide 

nanoparticles can be quantitatively defined based on current data. A sensitivity analysis of the 

MP-NOAEL derivation highlighted the dependency of the process on the shape and type of the 

fitted dose response model, its parameters, dose selection and spacing, and the sample size 

analyzed. 

  

1. INTRODUCTION  

 Inhalation exposure to engineered nanomaterials presents the potential for an emerging 

occupational hazard. The unique combinations of properties of these small particulates may 

produce unique effects in individuals who are exposed to them in significant quantities. However, 

engineers, chemists, and materials scientists have an opportunity to guide in the future directions 

of this technology towards less harmful paths, if we can discern those safer choices before we are 

faced with a growing set of occupational illnesses that could arise from this industry.  

 Experimental toxicology studies, the best way we have to anticipate the effects of human 

exposure, are often time consuming and require considerable investment. A viable solution to the 

problem is testing the NMs on a priority basis—targeting the more toxic variants first. The 

development of computational approaches targeted at predicting the toxicity of the NMs based on 

their attributes can be used as a means to isolate potent nanomaterial variants and guide the future 

synthesis of less hazardous variants. Precaution against hazardous nanomaterials can be taken by 

the imposition of recommended exposure limits (RELs) and permissible exposure limits (PELs), 

NIOSH and OSHA are responsible for their development respectively. NIOSH has currently 

proposed recommended exposure limits (REL) of 1 μg/m3 for Carbon nanotubes (CNTs) and  

RELs of 50 μg/m3 for respirable Crystalline Silica, these limits are derived from the extrapolation 
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of pulmonary exposure in Rats to Humans.[1-3]. NIOSH treats metal oxide nanoparticles in a 

similar fashion, the current proposed REL for Titanium dioxide (TiO2) currently stands at 2.4 

mg/m3 and 0.3 mg/m3 for fine and ultrafine (includes nanoscale) species of TiO2[1]. It remains 

uncertain as to whether these recommendations will prove feasible as occupational exposure 

limits due to the difficulty of detecting nanoparticle concentrations at low levels in the context of 

realistic occupational environments.  

 The establishment of a recommended exposure limit is typically accomplished through 

identification of the No Observed Adverse Effect Level (NOAEL) in a toxicological study. The 

NOAEL is the highest dose for which no discernable adverse or negative change of health in the 

test subject could be detected. Since test subjects are typically animals or sometimes just cells, a 

series of adjustment factors or uncertainty factors are used to reduce the experimentally derived 

NOAEL to an established recommended exposure level or reference dose. Depending on the 

quantity and quality of the data, these adjustment factors can range from 3 to 1000 or more.  

 Though not yet used for the establishment of government recommendations in the US,  

several researchers have documented NOAELs [4] and corresponding adjustment factors for 

other nanomaterial variants that could presumably be used in such a way. The NOAELs and 

adjustment factors in these studies have varied between 0.1 to 0.37 mg/m3 and 2 to 50 

respectively[2, 5]. The NOAEL has traditionally played a key role in the determination of RELs. 

Given the diversity in responses to different varieties of nanoparticles, further subdivision of the 

exposure limits may be useful by incentivizing the production and use of less toxic varieties of 

nanoparticles in the future. Experimental evaluation of toxicity and exposure limits are subject to 

a certain degree of error or bias and in some cases the results may be difficult to replicate. To 

overcome some of these inefficiencies, forecasting methods have been proposed to predict the 

potential toxicity and environmental impact of new NMs[6-11].  
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 Attempts at using computational modeling to predict the effects on toxicity of changes 

in particle properties (QSARS, meta-analysis etc.) have been limited in their scope to date. 

The rapid increase in the variety of engineered nanoparticles synthesized reveals a need to 

enhance the currently available state of knowledge and investigate exposure patterns[12]. A 

10-year study in 2011 estimated that roughly 6 million people could be at risk of exposure to 

NMs by 2020 [13]. Categorizing NMs displaying similar effects as a means of grouping the 

NMs on the basis of their toxicity is a potential solution to the existing problem. To address 

the question of how different nanomaterials can be and still be considered the same substance 

an algorithmic approach applied to meta-analysis of extant in vivo nanomaterial toxicity data 

was accomplished [14]. Progress in this direction could be significant in the analysis of new 

and emerging NMs which can be pre-screened and prioritized for more careful evaluation if 

predicted to be more hazardous. In-vivo screening of nanoparticles has previously been 

attempted on isopods [15]. The screening concluded that duration of exposure had greater 

effect than the quantity consumed. The financial factor impacting the potential regulation of 

NMs cannot be ignored with cost estimations for hazard testing of nanoparticles projected to 

range between $250 million to $1.2 billion [16]. The evaluation of updated exposure limits for 

the new NMs is also necessary to assess their agreement with the existing recommendations 

for workplace exposure. The challenges associated with the assessment of the risk posed by 

nanoparticles has been documented extensively [17, 18]. An alternative to the traditionally 

determined NOAEL is the “Benchmark Dose” (BMD) which in similar fashion to the NOAEL 

is a single number that is statistically derived and can be used to quantify the exposure risk to 

substances [19-22]. A detailed and critical comparison between the BMD and NOAEL has 

been conducted previously which suggests that NOAEL derivation methodology is antiquated 

and dependent on several experimental factors such as dose selection, dose spacing and 

sample size [23]. The advantages associated with NOAELs lie in its ease of derivation and 
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ability to work all types of exposure data. The BMD process takes into account multiple 

factors of which the shape of the dose-response curve is an important factor, there are multiple 

available BMD models to choose from depending on the variation between the dose and 

response [23]. This paper illustrates the derivation of a model predicted NOAEL (MP-

NOAEL) which in similar fashion to the BMD utilizes a fitted dose-response model as a 

critical component of the methodology.  

 

2. METHODS  

2.1 Data Selection  

The data utilized for the meta-analysis of the in vivo pulmonary toxicity of the engineered 

nanoparticles is curated from peer-reviewed journal articles. The publications are all independent 

studies, a study can be defined as a complete experiment that consists of several levels of 

exposure and recovery times to one or more different nanoparticle variants (a batch of 

nanoparticles defined by a set of chemical and physical properties). Studies are comprised of 

multiple exposure groups, each group is a set of animals characterized by their exposure to a 

specific dosage, method of exposure (inhalation, instillation, aspiration etc.), post-exposure 

recovery length, and their resultant toxicological measurements. There are five quantitative 

response measures from the BAL fluid which are the focus of our meta-analysis: Total cell count 

(TC), Macrophage count (MAC), Total protein concentration (TP), Polymorphonuclear 

neutrophil count (PMN) and Lactate dehydrogenase concentration (LDH). These 5 measures were 

reported in a sufficient number of publications to be included in this analysis. The measured 

response reported in each publication is expressed as a fold (multiple) of its respective control 

group’s measure, this has been done in accordance with previous work which suggests that to 
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compare different exposure modes (instillation, aspiration, and inhalation) a normalized response 

is needed. For the purposes of this study, in vivo pulmonary toxicity data was chosen from 2 

major divisions of nanomaterials namely Carbon nanotubes (CNTs) and Metal Oxide 

Nanoparticles (MONPs). Table 4-1 below is a comprehensive summary of the data sources 

utilized for the analysis presented in this publication.
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 Table 4-1. Compilation of the data (with sources) used for the analysis presented in this publication. 

StudyID Primary Author Nanomaterial Type 
No. of endpoints (of 

interest) reported 

No. of exposure 

groups 

1001 Pauluhn[24] MWCNT 5 13 

1002 Ma-Hock[25] MWCNT 5 7 

1003 Muller[26] MWCNT 3 9 

1004 Shvedova[27] SWCNT 4 4 

1005 Shvedova[27] SWCNT 2 7 

1006 Nygaard[28] SWCNT, MWCNT 2 7 

1007 Warheit[29] SWCNT 3 9 

1009 Park[30] SWCNT 3 5 

1010 Teeguarden[31] SWCNT 3 2 

1011 Elgrabli[32] MWCNT 1 16 

1012 Mercer[33] SWCNT 2 4 

1013 Porter[34] MWCNT 2 13 

1016 Ellinger-Ziegelbauer[35] MWCNT 3 10 

1017 Shvedova[36] SWCNT 4 16 

1021 Ge[37] MWCNT 4 8 

T1 Nemmar[38] Titanium 2 3 

T2 Oberdorster[39] Titanium 4 7 

T3, S1 Warheit[40] Titanium, Silica 4 36 
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T4 Renwick[41] Titanium 4 6 

T5, S2 Rehn[42] Titanium, Silica 4 30 

T6 Grassian[43] Titanium 3 16 

T7, S3 Warheit[44] Titanium, Silica 4 88 

T8, S4 Warheit[45] Titanium, Silica 3 20 

T9, S5 Kobayashi[46] Titanium, Silica 3 41 

T10, T13 Gustafsson[47] Titanium 3 16 

T11 Oyabu[48] Titanium 3 20 

T12 Roberts[49] Titanium 3 12 

T14 Silva[50] Titanium 1 14 

S6 Gosens[51] Silica 4 4 

S7 Cho[52] Silica 4 16 

S8 Creutzenberg[53] Silica 5 6 

S9 Roursgaard[54] Silica 3 21 

N7 Morimoto[55] Nickel 2 5 

F1 Ban[56] Iron 2 11 

F2 Pirela[57] Iron 4 4 

F3 Zhu[58] Iron 4 13 

F4 Katsnelson[59] Iron 3 4 

S10, Z1 Sayes[60] Silica, Zinc 3 36 

Ce1 Toya[61] Cerium 4 17 

N1 Morimoto[62] Nickel 1 15 

Z2, F5 Xia[63] Zinc, Iron 2 15 
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S11, Z3 Warheit[64] Silica, Zinc 3 28 

T15, S12, Ce2, Z4, 

N2, Cu1 
Cho[65] 

Titanium, Silica, Cerium, Zinc, 

Nickel, Copper 
3 24 

Ce3 Ma[66] Cerium 3 18 

Ce4 Peng[67] Cerium 4 12 

T16, S13 Roursgaard[68] Titanium, Silica 3 28 

T17, S14, A1 Lindenschmidt[69] Titanium, Silica, Aluminum 5 45 

Ce5 Park[70] Cerium 3 7 

Ce6 Wingard[71] Cerium 3 4 

Ce7 Xue[72] Cerium 3 15 

Ce8 Ma[73] Cerium 2 6 

Ce9 Minarchick[74] Cerium 2 4 

T18, Co1 Dick[75] Titanium, Cobalt 3 6 

S15, M1 Gelli[76] Silica, Magnesium 1 15 

T19, S16, Co2 Zhang[77] Titanium, Silica, Cobalt 5 25 

T20, N3 Horie[78] Titanium, Nickel 2 16 

T21, S17, N4 Kadoya[79] Titanium, Silica, Nickel 1 25 

T22, S18, N5 Ogami[80] Titanium, Silica, Nickel 2 25 

N6, Z5, Cu2 Cho[81] Nickel, Zinc, Copper 2 8 

Z6 Cho[82] Zinc 4 9 

N8 Nishi[83] Nickel 2 15 
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2.2 Model and Algorithm Definition  

 The dose-response model used for the clustering analysis is an important feature of the 

process; it reflects the variation of the response to changes in the applied dose. A single dose-

response model precludes the possibility of explaining the behavior of all engineered substances, 

to overcome the limitations of a single model the development of benchmarked dose-response 

models that are able to cater to a wide variety of situations. Slob (2001) has previously published 

a 3-parameter model available for modeling continuous data.[84] A revision has been proposed to 

Slob’s model, the addition of a fourth parameter that assimilates the decay of the response over 

time (i.e. the animal recovers) to showcase a more complete dose- response-recovery 

relationship.[14] The revised relationship between the response measured (y), dosage applied (x) 

and post-exposure recovery period (t) is,   

𝑦 =  𝑎[𝑐 − (𝑐 − 1)𝑒−𝑏𝑥] − 𝑑𝑡   [Eq. 1] 

 The 4 parameters, a (signifies the response at dose = 0), b (the toxic potency of the 

nanoparticles), c (the maximum relative shift in response), and d (slope of the response decay) 

are the key parameters which can be used to quantify and reflect the potential of the particle to be 

a hazard.   

 An algorithm was developed to facilitate segregation of the dataset into groups or 

“clusters” based on the similarity of their dose-response-recovery profiles. The methodology is 

derived from the hierarchical clustering process and utilizes non-linear regression to fit the model 

proposed to the data collected. The approach yields multiple possibilities which are assessed 

using AIC as the performance metric to exclude overfitted solutions, the AIC is calculated based 

on the number of parameters (k) in a model and its log-likelihood (LogL). 

𝐴𝐼𝐶 = 2𝑘 − 2𝐿𝑜𝑔𝐿      [Eq. 2] 
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Lower values of AIC are preferred when comparing the clusters as they indicate the model is 

closer to the data in those cases. AIC needs to be adjusted when dealing with small datasets, this 

corrected form is denoted as AICc.  

, where n is the number of observations and k is the number of 

model parameters. 

 The AICc weighs both the complexity and performance factors to provide the most 

balance, it helps in filtering about overfitted solutions that provide marginal improvement while 

increasing the complexity of the model. A detailed discussion behind the process and approach 

can be found in a previous publication by the same author’s.[14]  

 

2.3 Model-Predicted NOAELs  

 This publication presents a methodology to derive Model-Predicted NOAEL (MP-

NOAEL) values for clusters of both the CNTs and MONPs. The process utilizes the measured 

control group response for each particle tested and the standard deviation associated with the 

control group response to derive the MP-NOAEL. For the purpose of our analysis, we assume 

our MP-NOAEL response to be the dose that corresponds to the response measured at 2 standard 

deviations above the control group response. The dose-response curve (Eq. 1) for each cluster 

can be used to estimate the dose that corresponds to any given value of the measured response, 

the recovery term from Eq. 1 is set to 0 as there is no observed adverse effect onset at “t” = 0. 

Since, the dose-response-recovery curve for each cluster is different we are able to obtain model 

predicted NOAELs which are unique to each cluster.  The NOAEL values predicted by this 

methodology might not necessarily agree with what eventual experiments predict. Some of the 

factors responsible for the differences can be the inherent variance arising from the multiple 

studies included in our analysis, the NOAELs being a function of the dose levels tested (variation 

in dose levels tested between publications leads to diverse NOAELs), diversity in the animal 
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species used in the exposure studies, and multiple nanoparticle sources. These factors are just a 

few factors which could be contributing to difference between model-predicted MP-NOAELs 

and experimentally determined NOAELs. 

 The type of model used to model the dose-response variation directly impacts the MP-

NOAEL calculation since the MP-NOAEL dose value is back-calculated using the MP-NOAEL 

response, altering the type of dose-response model used results in directly modification of the 

MP-NOAEL values. The default option for all clusters is the model represented by Eq. 1, in some 

special cases it would be favorable to substitute the traditionally exponential dose-response model 

for a simple linear dose-response relationship (y = mx + c + ε) or a simple exponential model 

(𝑦 = 𝑎 ∗ 𝑒−𝑏𝑥), where ‘y’ is the measured response and ‘x’ is the corresponding delivered dose. 

The substitution is necessary due to compatibility issues between the original dose-response 

model and the data encapsulated by the particular cluster. Common examples where model 

substitutions become necessary include situations where there is a lack of data, such cases might 

be better modeled using a linear model than an exponential model. Similarly, when the empirical 

evidence suggests non-conformity and poor model fit across all model choices, we can choose the 

simplest model. The 95% confidence interval of the parameter estimates for the dose-response 

model from Eq. 1 are used to derive the corresponding confidence limits of the MP-NOAELs; the 

parameter estimates themselves are based on how well the model conforms to the available data. 

 The novelty behind the approach described by this publication lies in the data collection 

process and model-driven approach adopted to derive NOAEL limits. The addition of a temporal 

component to the dose-response relationship to model response decay, choosing to cluster the 

nano-substances together based on their dose-response-recovery profiles rather than physico-

chemical characteristics, and working on an assembled in-vivo dataset are just some prominent 

examples where the adopted methodology for deriving NOAELs differs from the traditional. This 

methodology has the potential to provide a diverse range of NOAELs for similar substances 
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categorized by their relative toxicity rather than a single all-encompassing limit. Stratification of 

the NOAEL limits would be highly effective to isolate toxic variants and prioritize their testing. 

While there are differences between the exposure limits determined using the method highlighted 

in this paper and the BMD methodology, the NOAELs suggested by the authors are meant to 

supplement the existing information in the domain rather than supplant the existing benchmarks. 

 

3. RESULTS AND DISCUSSION  

3.1 Clustering Results 

 The clustering analysis was conducted on 2 datasets of engineered nanoparticles, 

CNTs and MONPs. The dataset for the MONPs is comprised of multiple studies where more 

than 1 unique set of nanoparticles is analyzed, such studies were identified and separated to 

ensure each study reflects a single particle. Both sets of data were analyzed for the 5 endpoints 

discussed earlier and their ideal cluster combinations were derived. An ideal cluster size of 4 

was consistently achieved across the 5 responses for the CNTs, there is no consensus cluster 

size that can be agreed upon across the 5 responses for the MONPs due to the varying size of 

the number of particles analyzed for each response. A detailed reasoning behind the ideal 

choice of clusters being 4 has been addressed previously by the authors.[14] 

 The existence of these clusters is not based solely on the similarity of their in vivo toxic 

effects. Detailed examination of the particles within the clusters is necessary to study the 

characteristics of the constituent particles and generate hypotheses to ascertain why one cluster or 

class of nanoparticles may be more or less toxic than another. The particles were not separated 

into groups based on their physical/chemical characteristics before the clustering process. The 

reasoning being that physically and/or chemically similar nanomaterials need not necessarily be 
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similar in their dose-response-recovery relationships as well, depending on which characteristics 

are used to define similarity. Differences in the relative toxicity of the clusters could be 

correlated to significant variation in the particle attributes between them, these attributes are also 

hypothesized as key contributors in the separation of the clusters at each stage.  

  

3.2 Characterization Evaluation 

 Examination of the properties of all the particles in the CNT and MONP clusters revealed 

that the CNT particles can be identified by their physical characteristics. Table 4-2 is an 

illustration of the distribution of physical properties (median length and median diameter) and 

impurity content of 4 CNT clusters using PMN as a response. We can observe upon inspection of 

the physical properties the potential to define provisional thresholds which can be used to assign 

the clusters to different categories. By virtue of these thresholds, we can designate rudimentary 

labels to the clusters for ease of reference. Setting thresholds of 15 nm for the diameter leads to 

clusters 2 and 3 being designated as “Thin” clusters whereas clusters 1 and 4 can be regarded as 

“Thick”. Using 2200 nm as a threshold for length we can label the 4 clusters as “Long” and 

“Short” based on their median length. A similar approach adopted yielded consistent results 

across the other 4 responses analyzed although with varying threshold limits for the length and 

diameter. A single uniform range of values for length and diameter for all the response variables 

could not be established due to the shift in the constituent members of a cluster across the 

responses. It should be noted that these labels are provisional and cannot be verified as 

statistically meaningful across the 5 responses analyzed due to insufficient characterization data 

amongst the tested CNTs. The labels have been highlighted here to point to the presence of a 

pattern which could possibly be examined in thoroughly in the future. 

 Similarly, we analyzed the MONP clusters for the PMN response in the same fashion as 

the CNTs to identify and highlight any trends between the clusters and their particle properties. 
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The ideal number of clusters for the PMN response were found to be 8 based on the AICc values. 

Table 4-3 showcases the particle properties and cluster composition of the MONP clusters for the 

PMN response. The “Particle Typical size” measurement is the mean diameter for the spherical 

MONPs that were analyzed. We can observe that there is no perceivable trend between the 

particle size and the cluster composition for this particular response. Analysis of the 4 other 

responses for the MONPs revealed the same. This could imply that unlike the CNT particles, 

categorizing the metal oxide nanoparticles purely using their physical properties might not be 

possible and hence a more detailed approach might be required which considers both the physical 

and chemical characteristics of the particles.  
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Table 4-2. Median physical attributes of the CNT clusters for PMN response. The attributes can 

be used to group the clusters based on their physical properties. Provisional thresholds can be set 

at a median length of 2200 nm and median diameter of 10 nm to generate labels for the clusters. 

Cluster ID 
Median Length 

(nm) 

Median Diameter 

(nm) 
% Impurities 

Model Predicted 

NOAEL 

(µg/kg) 

A 2800±678.4 5.5±1.4 14 21 – 35 

B 2150±559.9 4.3±1.2 3.26 -1712 – 11825 

C 2090±369.1 29.3±4.1 0.95 255 – 401 

D 2441±366.3 16.7±3.0 5.95 -51 – -42 

  

 

Table 4-3. Mean "typical particle size" for MONP clusters along with constituent cluster 

composition for PMN response. The composition of the clusters indicates that multiple metal 

oxide particles can be categorized together by virtue of their dose- response-recovery 

relationships. 

Cluster ID 

Mean 

Particle size 

(nm) 

Cluster Composition 

Model 

Predicted 

NOAEL 

(µg/kg) 

I 1228.4 Crystalline Silica, Amorphous Silica 22.3 

IV 232.8 
TiO2, NiO, 

Crystalline Silica, ZnO, CeO2 
49.7 

VII 13.9 CeO2, Crystalline Silica 117 

II 3133.3 TiO2, Al2O3, CuO 214.4 

III 14.6 TiO2 440.6 

VI 164.4 TiO2, Amorphous Silica, ZnO 1460 

VIII 154 TiO2, Crystalline Silica, ZnO, CeO2 1993.1 

V 107.7 TiO2, Fe2O3 16255 
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3.3 Model Predicted NOAELs 

 No-observed-adverse-effect-levels (NOAELs) can be predicted for each of the clusters 

generated using the algorithm. The NOAELs can be defined as the highest experimental dose that 

does not produce an adverse effect.[85] Table 4-2 and 4-3 are the measures of the predicted 

NOAELs for the CNTs and MONPs respectively using PMN as a response. Increase in the PMN 

response is an indicator of inflammation, they are also preferred due to their relative sensitivity 

during inhalation- based experiments.[86, 87] Large values for the NOAEL of a substance imply 

that higher dosage is required before adverse effects are observed in an organism and hence 

lower the potency of the substance.  

 The initial clustering process treated the MONPs analyzed from each study as a unique 

particle. This leads to different instances of the same substance appearing in multiple clusters as 

evidenced in Table 4-3. The information provided in Table 4-3 for the MONP clusters do not 

seem to provide evidence of any discernable trend between the particle properties, cluster 

composition and the predicted NOAELs for the respective clusters. A repeat of the clustering 

process was performed by isolating the various particles on a chemical basis. Table 4-4 contains 

the measures of particle size and predicted NOAELs for the new set of clusters derived along 

with their respective compositions.  
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Table 4-4. Mean particle size and predicted NOAELs for the newly formed clusters based on 

chemical isolation of the MONPs. U indicates that a range of values for the cluster NOAEL is 

undefined. 

Cluster ID 

Mean 

Particle size 

(nm) 

Cluster Composition 

Model 

Predicted 

NOAEL 

(µg/kg) 

III 48.3 ZnO, CeO2, NiO U 

I 105.3 Iron Oxides (Fe2+, Fe3+) U 

II 1340.8 Silica, CuO, Al2O3, Co3O4 -2700 – -1567 

IV 193.4 TiO2 514 – 837 

  

 We can observe from Table 4-4 that not only are the optimum number of clusters reduced 

from 8 to 4 for the MONP dataset compared to the earlier iteration but also that two of the 

clusters contain isolated chemicals (TiO2 and Iron Oxides). A key observation between the 2 

clustering variants is the presence of irrational MP-NOAEL values for the second clustering 

iteration, the cause of these values and their possible treatment has been addressed in the 

following section. 

 

 

3.4 Sensitivity Analysis 

 The model-predicted NOAEL estimates discussed earlier for the CNTs and MONPs are 

point estimates that are determined using the dose-response model. The dose-response model 

plays a crucial role in both the clustering process and the determination of MP-NOAELs. The 

confidence interval for the MP-NOAEL values can be visualized using a “confidence spread”. 

Evaluating the confidence spread of the dose-response curve would aid in visual assessment of 

the fit of the model to the experimental data, a tight spread can be viewed as representative of low 

error and a good fit to the data. Conversely, larger spreads imply larger error in the parameter 
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estimates. Figures 4-1 and 4-2 are helpful in visually symbolizing the confidence spread for the 

dose-response models associated with each cluster across all 5 responses. Based, on the evidence 

presented in Figure 4-1 we can see that only a handful of CNT clusters (5 out of 20) display the 

signs associated with good fit and low error. 

 

Figure 4-1. Confidence spread for the 4 clusters across the 5 responses for the CNT particles. 

Tighter spreads correlate to lower mean squared error computations. Larger spreads are 

associated with increased error in parameter estimation.  
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 The cause for greater uncertainty associated with the estimated dose-response model 

parameters could be attributed to several reasons. We can see from Figure 4-1, there are 3 clusters 

(‘A’, ‘C’ and ‘D’) for the PMN response which show and conform to the typical dose-response 

model relationship. Amongst the other clusters only Cluster ‘A’ for the “MAC” and “TCC” 

responses are consistent with good fit, low error representations. The majority of the remaining 

clusters show larger spreads which could imply that the fitted model is not the right choice for the 

data evaluated. Examining the models for the larger spread cases we observed the regression 

model parameters were all deemed significant at a 0.05 level of significance. The possibility of 

the model despite passing the test of significant not being the right choice for the data was 

considered and alternatives were tested, the alternatives did not show significant improvements. 

The lack of insignificant parameters for the dose-response model could also indicate that the data 

itself could be a source of error. Detailed exploration of the available data revealed that there is 

indeed a lack of data in those cases showing large spread, the quality of data could also be a 

factor leading to larger error. The data collection process is also a factor especially in the case of 

Cluster ‘B” under the TCC response. The source publication only reported the results of 

evaluation at only 2 dose levels which were well spaced from one another leading to large 

error.[29]    
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Figure 4-2. Dose-response including the 95% confidence interval of the response for the 4 

clusters across the 5 responses for the MONP particles. Tighter spreads correlate to lower mean 

squared error computations. Larger spreads are associated with increased error in parameter 

estimation. The color of shade is used to present the type of model used in evaluate the dose-

response variation. Red is used to represent the traditional exponential dose-response model 

discussed in this chapter. Blue is used for a linear representation of the dose-response variation. 

Green is used to represent a “simple” exponential model was substituted for the traditional dose-

response model. 

 

 The evidence presented in Figure 4-2 shows much of the same issues plaguing the 

clustering process for the MONPs that did in the case of CNTs. The increase in the number of 

sources for the MONPs reflects a greater number of particles analyzed and therefore an overall 

increase in the number of data points available for analysis for each cluster. Figure 4-2 shows that 

half of the clusters (10 out of 20) overall are consistent with expectations. This could directly be a 
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result of an increase in available data for the overall process. Detailed inspection of the data 

available to the clusters with large uncertainty spreads revealed that the underlying issue could be 

due to the data collection process, there was a large difference in the range of dose-levels tested. 

For example, cluster ‘I’ under the “PMN” response for the MONP particles showed that the 

lowest dose tested for was at 800 µg/kg while the highest was 20000 µg/kg with no recorded 

results at dose levels in between. The lack of available data between the 2 dose levels tested 

denies a detailed look at the complete progression of the response across the dose range. This 

disparity in dose-levels is even more apparent in cluster ‘I” under the “MAC” response, the large 

spacing between the doses forced a change in the type of dose-response model used, a linear 

dose-response relationship was substituted for that particular cluster. Cluster “I” under the “TCC” 

response and cluster “III” under the “TP” response, in both cases an exponential model was used. 

Additional reasons for the large spreads at higher doses could be attributed to variability in the 

biological response of the animals sourced and tested, and the lack of data covering a wide range 

of dose levels. The uncertainty could also be a property of the underlying data used for the 

analysis, this hypothesis could be verified in the future using newer data sources and checking if 

the same level of error is observed. 

 Tables 4-5 and 4-6 below are the model predicted NOAEL value ranges for the 20 

clusters generated by the clustering process for the CNTs and MONPs respectively. The NOAEL 

calculation is not impacted by the dose-response modeling process directly as it corresponds to 

the highest dose delivered that does not induce any response in the subject. Errors present in the 

dose-response model similarly do not affect the experimentally derived NOAEL. The process 

described earlier for the determination of the model predicted NOAELs is highly sensitive to the 

parameters for the dose-response model whereas the parameters themselves are estimated based 

on the data used.  
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Table 4-5. Model based Predicted NOAEL (MP-NOAEL) ranges (95% level of confidence) for 

Carbon Nanotube particles. The negative range of values indicate the source publications 

analyzed lack test results at low dose levels. U indicates that the evaluated NOAELs are 

undefined. The bolded range of values are examples where the confidence spread appears 

rational, yet the derived NOAEL range includes irrational values (e.g., negative values). All 

values presented below are in (µg/kg). 

Cluster ID LDH PMN Total Protein Macrophages Total cell count 

A U 21 – 35 U -484 – -270 37 – 59 

B U -1712 – 11825 U -362 – 39 U 

C U 255 – 401 1378 – 4049 1163 – 38883 U 

D U -51 – -42 U U U 

 

Table 4-6. Model based Predicted NOAEL (MP-NOAEL) ranges (95% level of confidence) for 

Metal Oxide Nanoparticles. The negative range of values indicate the source publications 

analyzed lack test results at low dose levels. U indicates that the evaluated NOAELs cannot be 

defined. The bolded range of values are examples where the confidence spread appears 

statistically valid, yet the derived NOAEL range contains irrational limits (e.g., negative values). 

All values presented below are in (µg/kg). 

Cluster 

ID 
LDH PMN Total Protein 

Macrophage

s 

Total cell 

count 

I U U 
13576 – 

39616 
U U 

II 570 – 998 
-2700 – -

1567 
1464 – 2384 U U 

III 
-10340 – -

4102 
U U 54 – 189 2860 – 6179 

IV 9369 – 13647 514 – 837 7576 – 26209 9419 – 73834 7334 – 12062 

 

  

 We can observe from Tables 4-5 and 4-6 that the clusters with viable estimations of the 

MP-NOAEL are most of the same clusters that showed a tight confidence spread. Most of the 

clusters are missing their designated MP-NOAEL because the calculated range contained 

negative values and was deemed undefined, since the minimum possible NOAEL value is 0 
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which corresponds to a case of no exposure. NOAELs of zero (0) do exist for substances that 

have no threshold of safe exposure. However, a range of entirely negative predicted MP-

NOAELs would indicate that some adverse response is present at a dose of zero. Such an 

occurrence must be either an artifact of limited data to reliably establish model parameters or an 

artifact of the experimental design. The common link between the clusters with “U” designations 

is that they displayed large spreads of uncertainty in the model parameters.  

 There are certain MP-NOAEL measures that have been highlighted in both the tables that 

are derived from clusters with a tight spread. The main reasoning behind the occurrence of 

negative values in the range for the NOAELs is the position of the MP-NOAEL response relative 

to the spacing of the confidence spread. For example, cluster ‘D’ under the PMN response for the 

CNTs displays a tight confidence spread consistent with a good fit and low error yet its estimated 

MP-NOAEL is negative, this is because the MP-NOAEL response falls below the confidence 

spread spacing and hence their intersection can only possibly occur at negative dose values. The 

relative shift is also observed in cluster ‘B’ for the PMN response and clusters ‘A’ and ‘B’ for the 

“MAC” response in the CNTs, cluster ‘II’ for the “PMN” response and cluster ‘III’ for the 

“LDH” response in the MONPs. This shift in the confidence spread occurs mainly in response to 

the fitted model parameters which are highly dependent on the data analyzed and specifically the 

dose spacing. Clusters with viable MP-NOAEL values were comprised of source publications 

that reported the BAL response at multiple low dose (<200 µg/kg) levels and where the spacing 

of the dose values tested was more even. A potential solution to the “relative shift” issue is to set 

bounds of the estimated parameters to ensure that the MP-NOAEL response is always within 

range, this methodology was successful and was used to derive the estimates for the MP-NOAEL 

for the “PMN” response for the CNTs and MONPs (Data in Tables 4-3 – 4-5), extension of the 

same technique to the other responses resulted in model parameters which failed the test of 

significance at the 0.05 level.  
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 The utility of these predicted NOAELs and associated confidence ranges for these 

nanomaterials is two-fold. First, these values provide a simple means for evaluating our current 

understanding of nanomaterial safety from the perspective of inhalation exposures, which is of 

interest for nanomaterial manufacturers as well as health and safety research organizations. For 

materials or clusters of materials where the data is current insufficient to predict a NOAEL, there 

is a need to prioritize the continued collection of in vivo toxicological data especially for those 

clusters anticipated to be more toxicologically potent based on the point estimates. Second, these 

values permit anticipation of future exposure limits. While recommendations have only been 

published for CNTs and nano-TiO2, these values allow nanomaterial development scientists and 

toxicologists and policy analysts to anticipate at what levels such future recommendations and 

potentially future regulatory limits will be set. For instance, since the MP-NOAEL for the silica-

containing cluster is approximately half of the Titania-containing cluster, one should currently 

expect the future recommended exposure limit for nano-silica to be about half of the NIOSH REL 

for nano-TiO2. Organizations working with such materials could take this provisional guidance 

into account to help ensure worker safety while the available dataset continues to evolve.  

 

 

4. CONCLUSIONS  

 The development and application of a hierarchical clustering algorithm to perform a 

meta-analysis of engineered nanomaterials in vivo pulmonary toxicity in rodents has been 

documented previously[14]. NOAELs were predicted for the clusters using their respective dose- 

response curves and correlated to which cluster of particles can be categorized as relatively more 

or less potent. The model predicted NOAELs were derived for the clusters belonging to a single 

response as point estimates. These estimates reflect the available data and the dose-response 
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model used. A detailed sensitivity analysis of the clusters and their predicted NOAELs suggests 

that the model predicted NOAELs are dependent on the dose range evaluated for a response, the 

error in the model parameter estimates and the form of the model chosen to represent the dose-

response relationship. Reducing the overall observed error between the fitted dose-response 

model and the data would be beneficial to the derivation of model predicted NOAELs. The MP-

NOAEL predictions could be further enhanced and developed by incorporating multiple 

functional model forms to create a database of models capable of explaining wide ranging dose-

response behavior. Multiple clusters showed substantial uncertainty which results from 

limitations in data availability across the 5 responses analyzed. The uncertainty can be mitigated 

by constantly expanding the available data to be analyzed and ensuring that BAL responses to 

particles are recorded at multiple dosage levels. Similarly, researchers could be encouraged to 

test particles at multiple dose levels further expanded from their initial designs, the additional 

time and financial investment required might preclude that possibility.  
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Chapter 5 

CONCLUSIONS 

 The rapid development of nanomaterials necessitates advancement in nanoparticle 

toxicology testing methodologies to keep pace and prevent collateral damage from exposure to 

nanomaterials. The toxic potential of newly synthesized nanomaterials needs to be assessed in a 

quick manner to enable prioritized testing of nanomaterials deemed potent. Computational 

approaches offer the resources and capability to assist in making time efficient decisions with 

regards to mitigating the synthesis of hazardous species of nanomaterials.  

 A hierarchical clustering methodology was developed that is capable of categorizing 

nanomaterials based on the similarity of their dose-response and recovery relationships. The 

algorithm was designed with the objective of modeling the dose-response and recovery of in-vivo 

pulmonary toxicity exposure to nanomaterials across 5 toxicological endpoints chosen. In-vivo 

toxicity tests are better suited to capture the biological response to nanomaterial exposure than in-

vitro tests. The high variance in the in-vivo testing results was overcome using a meta-analysis-

based approach, the datasets were assembled using the reported results from multiple peer-

reviewed publications. 2 distinct datasets of nanomaterials were analyzed using the clustering 

algorithm, CNTs and MONPs. The clustering methodology was successfully able to determine 

that there are 4 toxicologically distinct clusters amongst both sets of nanomaterials analyzed for 

the 5 endpoints. The constituent particle attributes and associated potency of the derived clusters 

was examined to identify what features significantly impact the toxicity of the cluster.  

 Patterns were observed in the physical properties between the CNT clusters leading to the 

assignment of provisional labels, the repetition of data across the endpoints and the lack of 

sufficient characterization data prevents the designation of statistically meaningful labels for the 

CNT clusters. Physical characterization-based distinction could not be made for the MONP 
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clusters. Detailed analysis of the potency of the derived clusters for CNTs revealed that all 4 CNT 

clusters demonstrated signs associated with cell damage or increased immune activity, certain 

groups of CNT particles (cluster “B”) are capable of causing both effects upon exposure. 

Analysis of the potency of the MONP clusters revealed that 3 out of the 4 clusters (I, II, IV) 

showed signs of inflammation and cell damage, these clusters were primarily composed of Iron 

oxide and Silica nanoparticles. The 4th cluster consisting primarily of Zinc oxide nanoparticles 

was found to show the least toxic potential based on our analysis, survey of the published 

literature revealed differing outlooks on the toxicity of nano-Zinc oxide. Comparison of the 

individual cluster components across the 5 responses for the MONPs showed they differ in their 

chemical composition; more information would be required before the differences in potency can 

be correlated to the mechanistic toxicity. 

 A dose-response model-based NOAEL was derived for the clusters generated for both 

sets of nanomaterials. The MP-NOAEL derivation process takes the form and type of the dose-

response model into account. By taking into account the shape of the dose-response model some 

of the shortcomings of the traditional experimentally derived NOAEL process could potentially 

be overcome. The PMN based MP-NOAEL estimate derived for the MONP cluster consisting of 

nano-Zinc oxide was found to be the lowest, this result is in agreement with the potency 

assessment previously. A sensitivity analysis conducted on the MP-NOAEL process revealed the 

dependency of the predicted NOAELs on the dose range evaluated, dose spacing and sample size 

available for testing. These shortcomings are consistent with those of the traditional NOAEL 

derivation process. Improvements to the data testing and collection process coupled with the 

establishment of a database of different dose-response models would make it feasible to derive 

more accurate MP-NOAEL estimates. 

 This study presents one of the few purely in-vivo pulmonary toxicity based meta-analysis 

of nanomaterials. The results presented can be used to generate hypotheses about the relationship 
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between the physicochemical features of the nanomaterials and their toxicity. The data used by 

the analysis conveyed in this document is fully based on early and short-term biological response 

to nanomaterial exposure, the availability of data to analyze acute and short-term exposures 

exceeds the pathological data. This study also poses potential policy implications, the 

establishment of toxicological categories within nanomaterial types could potentially lessen the 

burden and cost of toxicological testing for manufacturers and regulators. Categorical exposure 

limits such as the MP-NOAEL described by this study could assist in prioritizing the testing 

process for engineered nanoparticles based on their affiliation with the more potent clusters, these 

limits also allow for the anticipation of future exposure limits. 
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