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Summary 

The work described in this dissertation develops a predictive framework that 

links properties of engineered metal- and carbon-based nanomaterials to 

quantitatively predictable changes in transcriptomic profiles, with relevance to lung 

toxicity. This work tackles a key challenge in the field of nanosafety: traditional 

animal studies are costly and tend to focus on late-stage endpoints, while 

transcriptomic readouts are able to detect early molecular outcomes in the body, but 

the sheer complexity and dimensionality of gene-expression data make it difficult to 

use such data in routine risk assessments. To address this limitation, the 

dissertation integrates characterizations of nanomaterials, data from toxicogenomic 

studies, and machine learning approaches along with Organization for Economic Co-

operation and Development (OECD)-approved validation strategies into a single, 

coherent computational workflow. In this way, the dissertation contributes to ongoing 

efforts to establish machine learning approaches that are applicable across diverse 

classes of engineered nanomaterials, while combining data-driven predictive 

modeling with mechanistic interpretability to support the development of next-

generation in silico New Approach Methodologies (NAMs) for safety assessment. 

This work examined two representative classes of toxicologically relevant 

nanomaterials – titanium dioxide nanoparticles (representatives of metal-

based/metal-oxide nanomaterials) and multi-walled carbon nanotubes 

(representatives of high-aspect-ratio, carbon-based nanomaterials) – that differ 

markedly in chemical composition, shape, longevity, and anticipated mechanisms of 

action. These nanomaterials, therefore, provide a useful test case for assessing 

whether a broadly applicable machine learning framework can be established and 

optimized for predicting transcriptomic alterations across diverse classes of 

engineered nanomaterials. The central hypothesis of the dissertation is that high-

dimensional transcriptomic data can be reduced to predictive, biologically 

interpretable endpoints suitable for mechanistic hazard assessment and potency 

ranking, and that these endpoints, together with selected transcriptomic biomarkers, 

can be modeled from nanomaterial physicochemical properties and exposure-related 

descriptors using validated machine learning approaches. Collectively, the work 

described in this dissertation extends the reach of nanosafety modeling beyond single 

endpoint assays and singular gene predictions, demonstrating the feasibility of 

developing and validating machine learning (ML) workflows that predict both 

particular transcriptomic biomarkers and broad indices of global transcriptional 
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activity from nanomaterial descriptors. The developed framework simplifies the 

predictions of early molecular responses in processes related to inflammation, 

fibrosis, oxidative stress, and tissue repair. Importantly, the predictive models were 

constructed according to the regulatory-established guidelines of internal and 

external validation, and the estimation of the applicability domain of the trained 

models. The rigorous validation underlines the potential applicability of the developed 

framework in the context of regulatory toxicology, Integrated Approaches to Testing 

and Assessment (IATA), and hazard evaluation based on non-animal methods. 

This dissertation links the fields of materials chemistry and systems toxicology 

by establishing a scalable methodology that integrates physicochemical 

characterization of exposed nanomaterials with omics datasets, dimensionality-

reduction techniques, and validated machine learning approaches, in order to provide 

an applicable workflow for converting complex transcriptomic information into a 

mechanistically interpretable endpoint. The resulting approach has the potential to 

reduce the need for large-scale animal experimentation, aid early warning of 

potentially hazardous properties of nanomaterials, contribute to the ranking of their 

potencies, and help to inform the development of safer nanomaterials. 
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Streszczenie 

W niniejszej rozprawie opisano proces opracowywania modelu prognostycznego, 

który łączy właściwości inżynieryjne nanomateriałów na bazie metali i węgla z 

możliwymi do ilościowego przewidywania zmian w profilach transkryptomicznych, 

mających znaczenie dla toksyczności płucnej. Praca ta podejmuje kluczowe wyzwanie 

w dziedzinie bezpieczeństwa nanomateriałów: tradycyjne badania na zwierzętach są 

kosztowne i zazwyczaj koncentrują się na punktach końcowych w późnych stadiach, 

podczas gdy odczyty transkryptomiczne pozwalają wykrywać wczesne zmiany 

molekularne w organizmie, jednak ogromna złożoność i wielowymiarowość danych 

dotyczących ekspresji genów utrudniają wykorzystanie takich danych w rutynowej 

ocenie ryzyka. W odpowiedzi na to wyzwanie, w niniejszej pracy doktorskiej 

zintegrowano informacje o strukturze i właściwościach nanomateriałów, dane z 

badań toksykogenomicznych oraz metody uczenia maszynowego wraz ze strategiami 

walidacji zatwierdzonymi przez OECD w ramach jednego, spójnego procesu 

obliczeniowego. W ten sposób praca ta wnosi wkład w trwające wysiłki na rzecz 

ustanowienia metod uczenia maszynowego, które będą miały zastosowanie w 

odniesieniu do różnych klas nanomateriałów inżynieryjnych, łącząc jednocześnie 

modelowanie predykcyjne oparte na danych z interpretowalnością mechanistyczną w 

celu wsparcia rozwoju modeli in silico nowej generacji do oceny bezpieczeństwa 

nanomateriałów (NAM). 

W niniejszej pracy zbadano dwie reprezentatywne klasy nanomateriałów istotne 

z punktu widzenia toksykologii – nanocząstki dwutlenku tytanu (przedstawiciele 

nanomateriałów na bazie metali/tlenków metali) oraz wielościenne nanorurki 

węglowe (przedstawiciele nanomateriałów na bazie węgla o wysokim współczynniku 

kształtu) – które znacznie różnią się składem chemicznym, kształtem, trwałością oraz 

przewidywanymi mechanizmami działania. Nanomateriały te stanowią zatem 

użyteczny przypadek testowy do oceny, czy można stworzyć i zoptymalizować szeroko 

stosowaną strukturę uczenia maszynowego do przewidywania zmian 

transkryptomicznych w różnych klasach nanomateriałów inżynieryjnych. Główna 

hipoteza niniejszej rozprawy zakłada, że wielowymiarowe dane transkryptomiczne 

można zredukować do predykcyjnych, biologicznie interpretowalnych punktów 

końcowych, odpowiednich do mechanistycznej oceny zagrożenia i klasyfikacji siły 

działania, oraz że punkty te, wraz z wybranymi biomarkerami transkryptomicznymi, 

można modelować na podstawie właściwości fizykochemicznych nanomateriałów i 

deskryptorów związanych z narażeniem, wykorzystując zweryfikowane metody 
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uczenia maszynowego. Podsumowując, prace opisane w niniejszej rozprawie 

rozszerzają zakres modelowania bezpieczeństwa nanomateriałów poza testy oparte na 

pojedynczych wskaźnikach i prognozy dotyczące pojedynczych genów, wykazując 

wykonalność opracowania i walidacji procesów uczenia maszynowego, które na 

podstawie deskryptorów nanomateriałów pozwalają przewidywać zarówno konkretne 

biomarkery transkryptomiczne, jak i szerokie wskaźniki ogólnej aktywności 

transkrypcyjnej. Opracowana struktura ułatwia prognozowanie wczesnych reakcji 

molekularnych w procesach związanych ze stanem zapalnym, zwłóknieniem, stresem 

oksydacyjnym i odbudową tkanek. Co istotne, modele prognostyczne zostały 

skonstruowane zgodnie z ustalonymi wytycznymi regulacyjnymi dotyczącymi 

walidacji wewnętrznej i zewnętrznej oraz oszacowania zakresu zastosowania 

wytrenowanych modeli. Rygorystyczna walidacja podkreśla potencjalną przydatność 

opracowanej struktury w kontekście toksykologii regulacyjnej, zintegrowanych 

podejść do badań i oceny (IATA) oraz oceny zagrożeń opartej na metodach bez 

wykorzystania zwierząt. 

Niniejsza rozprawa łączy dziedziny chemii materiałowej i toksykologii 

systemowej poprzez ustanowienie skalowalnej metodologii, która integruje 

charakterystykę fizykochemiczną narażonych nanomateriałów z zestawami danych 

omicznych, technikami redukcji wymiarowości oraz zweryfikowanymi podejściami 

uczenia maszynowego, w celu zapewnienia praktycznego schematu postępowania 

służącego przekształcaniu złożonych informacji transkryptomicznych w punkt 

końcowy możliwy do interpretacji pod kątem mechanizmów działania. Opracowane 

podejście może potencjalnie ograniczyć potrzebę przeprowadzania eksperymentów na 

zwierzętach na dużą skalę, wspomóc wczesne ostrzeganie o potencjalnie 

niebezpiecznych właściwościach nanomateriałów, przyczynić się do ustalenia 

rankingu ich szkodliwości oraz pomóc w opracowywaniu bezpieczniejszych 

nanomateriałów. 
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1. Introduction 

1.1 Engineered nanomaterials: forms and 

applications 

Engineered nanomaterials (ENMs) are characterized by having at least one 

dimension in the range of roughly 1-100 nm. The behavior of materials in this size-

dependent regime is primarily affected by the possession of a high surface-to-volume 

ratio, and quantum confinement occurs [1, 2]. ENMs vary in shape, their 

physicochemical properties, applicability, and the way they interact biologically – for 

instance, properties such as strength, optical characteristics, and chemical reactivity 

often depend on the considered scale [1]. ENMs are generally classified according to 

the number of dimensions that remain within the nanoscale range. In this context, 

“dimensionality” refers to how many external dimensions of a material are confined 

to approximately 1-100 nm. Zero-dimensional (0D) nanomaterials have all three 

dimensions in the nanoscale range; spherical nanoparticles are a typical example. 

One-dimensional (1D) nanomaterials have two dimensions in the nanoscale range, 

while the third extends beyond it (i.e., nanowires and nanotubes). Two-dimensional 

(2D) nanomaterials have only one nanoscale dimension, usually thickness, whereas 

the other two dimensions are larger; nanofilms, plates, and sheets fall into this 

category [3]. Composite materials are the only form in which three-dimensional 

objects appear [4]. In many cases, commercial products containing ENMs are based 

on three-dimensional (3D) matrices (for example, coatings, polymers, or construction 

materials). When ENMs are embedded in such matrices, their potential to be released, 

exposed, and transformed is different from dispersions of “free” nanoparticles. ENMs 

are also frequently classified according to their chemical origin or composition [5], 

and the categories of ENMs include metal nanoparticles (i.e., silver, gold, and copper), 

metal-oxide nanoparticles (i.e., titanium dioxide, zinc oxide, and the iron oxides), 

carbon-based nanoparticles (including single- or multi-walled carbon nanotubes 

(SWCNT/MWCNT)), nanopolymers, and nanocomposites [3, 5]. 

Studies indicate a significant increase in the use of ENMs across a range of 

industries such as pharmaceutics, energy, and optics [3, 6, 7]. This wide applicability 

is possible since ENMs exhibit several properties – optical, catalytic, mechanical, and 

electrical – which are not readily achieved with ordinary micron-sized or bulk 

materials. For instance, ENMs can be employed to design drugs that selectively target 

particular cells or organs and can improve the efficacy of cancer therapy [8]. In the 
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field of nanomedicine, ENMs can serve as targeted carriers, as contrast agents for 

imaging, or as theranostic systems, where diagnosis and therapy are combined in a 

single nanoformulation [3, 8]. Beyond medicine, ENMs are used as additives in 

textiles, in cement, or in food, where they can act either as dyes or as strengtheners 

[9–11]. The electronics sector is also an area exploiting ENMs – for example, the 

application of carbon nanotubes as electrodes and in wearable technologies [12]. 

Studies together with current market figures corroborate the potential of ENMs – for 

example, the size of the ENM market was USD 16.3 billion in 2023, and it is expected 

to grow to more than USD 50.8 billion by 2033 [13]. 

 

1.1.2 Titanium dioxide nanoparticles 

Titanium-based ENMs accounted for more than 23.7% of the total 

nanomaterials market in 2025, which makes them the most widely used ENMs 

worldwide [13]. This widespread use reflects their relatively low production cost, 

chemical stability, and favorable optical and surface properties. Titanium dioxide 

nanoparticles (TiO2-NPs) exist mainly in the rutile and anatase phases [14] and are 

widely applied as white pigments and ultraviolet (UV)-blocking agents in coatings, 

paints, plastics, cosmetics, and sunscreens [15]. Moreover, owing to their 

photocatalytic and antimicrobial activity, TiO2-NPs are increasingly explored in 

technical applications such as self-cleaning materials and water-treatment 

membranes, where they can improve hydrophilicity, reduce fouling, and enhance 

antimicrobial performance [16]. In addition to these industrially relevant uses, TiO2-

NPs have also been investigated in nanomedicine, where surface functionalization 

may improve their suitability for targeted therapeutic applications [17].  

Recent work indicates that TiO2-NPs may offer an alternative means of 

enhancing both the antimicrobial activity and the hydrophilicity of membranes that 

are used for treating water [18]. Embedding TiO2-NPs in either polymeric or ceramic 

membranes can lead to improvements in resistance to fouling, increased permeability 

to water, and can also prolong the life of the membrane, which is of particular 

importance for technologies aimed at purifying water.  

 

1.1.3 Multi-walled carbon nanotubes 

Cylindrical nanotubes known as MWCNTs consist of several layers of graphene 

[19]. The layered form affects stiffness, defect tolerance, and the mechanical behavior 

of the tubes. An MWCNT may be regarded as a coaxial bundle of SWCNTs of varying 

diameters assembled into a multilayer tube [19]. The diameter of these tubes is 
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usually between 2 nm and 100 nm, and the length can extend to the micrometer 

scale [20]. 

Evidence from preclinical work suggests that intratumoral injection of MWCNTs 

slows tumor progression and is associated with an increase in the numbers of CD8+ 

and CD4+ T cells in the spleen, which supports immune responses within draining 

tumor tissue and lymph nodes [21]. When used in combination with cadmium oxide 

nanoparticles, MWCNT-based formulations maintained HeLa cell viability above 50% 

under the tested conditions, suggesting sufficient cytocompatibility to warrant 

further investigation for drug-delivery and other therapeutic applications [22]. 

Although no clinical investigations of MWCNTs have yet been carried out, a recent 

review has shown that they have considerable promise in the treatment of breast 

cancer [23]. Taken together, the preclinical data imply that appropriate 

functionalization of the surface of MWCNTs and optimization of dose may widen the 

margin within which MWCNTs can be used safely and effectively in nanomedicine 

aimed at treating tumors. 

Electrode systems based on MWCNTs share distinctive traits, such as high 

sensitivity, stability, and flexibility, which favor good electrochemical performance 

and have important implications for the development of wearable sensors [24]. The 

quantum confinement properties of MWCNTs also make them attractive candidates 

for incorporation into supercapacitor technology [25]. When MWCNTs are modified, 

they are able to furnish well-defined routes for electrical conduction, which in turn 

enhances their suitability for applications in vapor detection as well as in electronic 

devices [26]. The success of MWCNTs’ employment in sensors and in supercapacitors 

is largely attributable to their high electrical conductivity and excellent thermal 

stability [27]. For this reason, architectures based on MWCNTs are increasingly 

regarded as attractive building blocks for next-generation devices in energy storage 

and sensing, where lightweight, flexible, and durable conductive networks are 

required. 

 

1.2 Nanomaterials exposure scenarios in 

the environment 

1.2.1 Pulmonary exposure to ENMs scenarios 

During many occupational and industrial processes, humans are exposed to 

TiO2-NPs and MWCNTs. Employees who manufacture or work with these ENMs 

routinely inhale airborne nanoparticles either during production, handling, or in 
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subsequent stages of processing [28, 29]. In most workplaces, the aerosols that are 

encountered are not individual primary nanoparticles but rather agglomerates and 

aggregates. Nevertheless, these larger entities can still be of respirable size and 

therefore may deposit efficiently in the respiratory tract. Dust clouds produced by 

TiO2-NPs and by MWCNTs increase the risk of inhalation for people working in the 

ENM-rich occupational environment, leading to particular concern about ENMs’ 

safety in industrial settings (for instance, in Denmark, the occupational exposure 

limit for Printex90 black nanoparticles has been set at 3.5 mg/m³[30]). Importantly, 

exposure limits for ENMs are usually expressed in terms of mass concentration, 

whereas biologically relevant dose metrics may also include particle number and 

surface area. For materials with a high aspect ratio, such as MWCNTs, shape is also 

important because length and diameter influence aerodynamic behavior, deposition, 

and clearance within the lung [31, 32]. 

Following inhalation, ENMs may persist in lung tissue and, in some cases, 

translocate across the blood-air barrier into the systemic circulation [33, 34]. The 

degree to which ENMs become systemically distributed in the body is largely 

determined by characteristics of the material, as well as by the dose to which 

organisms are subjected and by the condition of the airway barrier. These factors 

influence both local pulmonary and systemic responses to ENM exposure. At the 

molecular and cellular levels, inhaled ENMs may induce oxidative stress, 

deoxyribonucleic acid (DNA) damage, and inflammatory signaling, whereas persistent 

or unresolved injury may contribute to tissue-level consequences such as fibrosis 

[35]. In addition, it is important to recognize that secondary exposure can occur when 

ENMs move through tissue barriers into the bloodstream and then concentrate in 

other organs such as the spleen, liver, or kidneys [36]. 

 

1.2.2 The respiratory system in the context of 

inhaled nanomaterials 

Inhalation leads to deposition of ENMs in different regions of the respiratory 

tract; the extent to which this occurs depends on properties such as size, shape, and 

other physicochemical characteristics of the particles [37]. Regional deposition, 

therefore, plays a decisive role in determining the local dose that is delivered, how 

long the particles remain within a particular part of the tract, and which cellular 

targets are encountered first. It is generally observed that ENMs deposit in three 

principal regions of the airway – roughly half of the 20 nm nanoparticles deposit in 

the alveolar region, whereas only about 15% of the inhaled nanoparticles end up in 
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the nasopharyngeal and tracheobronchial regions [38]. Because ultrafine particles 

are governed to a greater extent by Brownian diffusion, they tend to deposit efficiently 

in the distal, particularly alveolar, regions of the lung. The deposition of nanoparticles 

in the respiratory tract is largely governed by the thermodynamic or aerodynamic 

diameter of the particles that are inhaled [39]. Rodent studies of inhalation and of 

the biokinetics of TiO2-NPs have shown that these particles penetrate deeply into lung 

tissue and elicit measurable biokinetic responses [39–41] – findings that underline 

the importance of inhalation experiments because they provide realistic information 

on where deposition takes place and what happens at the tissue level immediately 

after exposure. MWCNTs and other high aspect ratio nanoparticles have been shown 

to produce acute toxicity and other adverse effects when inhaled, and the biological 

effects are strongly influenced by the diameter and length of the particles because 

these dimensions determine surface activity, clearance, and deposition within the 

lung [42]. 

 

1.3 Pulmonary responses to nanoparticle 

exposure 

1.3.1 Deposition, clearance, and particle overload 

The initial factor determining how inhaled substances interact with lung tissue 

is the site of deposition of those materials, as well as the duration of their residency 

within that site [43, 44]. The physical properties of aggregates, particularly their size 

and density, play a major role in governing this process because they influence the 

aerodynamic behavior of inhaled particles and therefore determine how efficiently 

particles reach different regions of the respiratory tract [43]. For compact particles 

such as TiO2-NPs, deposition is governed mainly by aerodynamic diameter, which 

reflects agglomerate size and density, whereas for fibrous or high-aspect-ratio 

materials such as MWCNTs, aerodynamic behavior is additionally influenced by 

length, diameter, and overall stiffness [45, 46]. These distinctions are consequential 

because clearance mechanisms differ by location: particles that land in the 

conducting airways are cleared relatively quickly by the mucociliary transport 

system, whereas particles that reach the alveoli depend mainly on clearance by 

macrophages [43, 46]. The same regional clearance pathways apply to both compact 

and fibrous ENMs, but high-aspect-ratio materials may be cleared less efficiently 

because their shape can hinder complete macrophage engulfment and thereby 

prolong retention [43, 46]. 
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The literature consistently reports that nanoparticles behave differently from 

larger particles: studies of inhaled particles below 100 nm are taken up less efficiently 

by phagocytes than larger microparticles, tending instead to persist within epithelial 

or interstitial tissues and only occasionally to appear in the lymphatic or vascular 

circulation [43]. This pattern is consistent with observations for poorly soluble 

nanomaterials more broadly, for which translocation to secondary organs is often 

reported to account for less than 1% of total lung deposition, indicating that a 

substantial fraction of the material remains in the lung for prolonged periods [47]. 

Although patterns of clearance mustn’t be uniform across all types of material [47, 

48]. For example, inhaled iridium nano-aerosols have been reported to have lung 

retention half-times of several hundred days, with little dependence on size over the 

range of 10-75 nm, whereas other poorly soluble nanomaterials such as TiO2, carbon 

black, and CeO2 are more frequently reported to have shorter half-times, in the range 

of 40-60 days [47]. 

In periods when the amount of deposited material overwhelms the organism's 

capacity to clear it, conditions of overload arise [43, 44, 48]. Broad review of 

nanotoxicology describes lung particle overload as a situation where the amount of 

retained material exceeds that predicted by models based on linear kinetics, and may 

be associated with persistent inflammation, development of fibrosis, and the 

appearance of lung tumors [43].A mechanistic toxicokinetic study supports this, 

showing that low-, mid-, and high-exposure nanoparticle groups examined in that 

study were classified as non-overload, slight overload, and moderate overload, 

respectively [51]. More recent research on carbon black has characterized overload 

as a threshold beyond which the persistence of particles and their accumulation 

impair clearance and exacerbate lung damage – including inflammatory responses 

and fibrotic changes [44]. Although this overload framework has been described most 

explicitly for poorly soluble particulate materials, the pulmonary persistence of high-

aspect-ratio nanomaterials such as MWCNTs is additionally influenced by fiber 

dimensions and biopersistence, which can also promote incomplete clearance and 

sustained inflammatory signaling [45, 46]. 

 

1.3.2 Acute and chronic inflammation in the lung 

The most frequently reported lung tissue response to airborne substances is 

inflammation, which is often characterized by measurements of neutrophil influx 

together with levels of inflammatory mediators [43, 45]. Nevertheless, the expression 

of inflammatory phenotypes is not homogeneous across different types of material or 

across different forms of aerosols [49–51]. As shown for TiO2-NPs inhalation, the 
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crystal form of the particles can influence which type of early inflammatory response 

is predominant [51]. Size-dependent immune effects were found with silver, where 15 

nm particles produced a moderate inflammatory reaction characterized by a 

pronounced influx of neutrophils as well as increases in IL-1β, MCP-1, and MIP-2 after 

24 hours, whereas 410 nm particles did not provoke such a response [50]. 

Importantly, not all inflammatory responses persist [46, 49, 50]. An inhalation 

and instillation study of WO3 describes the pulmonary reaction as transient and mild, 

noting that within the time periods studied, no signs of long-term inflammation or of 

fibrotic changes were apparent [49] – a finding that differs from that reported for more 

biopersistent fibrous substances [46]. For less biopersistent particles such as many 

TiO2-NPs, inflammatory responses are often more transient, although sufficiently 

high retained burdens may still prolong inflammation. By contrast, fibrous carbon 

nanomaterials such as MWCNTs are more strongly associated with sustained 

macrophage activation, continued production of cytokines and reactive oxygen 

species, and persistent inflammatory infiltrates because their clearance is less 

efficient [46]. Similar distinctions appear throughout the wider literature on 

inflammation, where chronic inflammatory states are associated with later risks of 

developing conditions such as emphysema, fibrosis, and cancer [44, 45, 49]. 

Thus, the transition from acute to chronic inflammation depends not only on 

the intrinsic persistence of particles, but also on the magnitude of the retained lung 

burden and, in occupational settings, on repeated or continuous exposure that 

maintains that burden over time [44, 45, 49]. The analysis of retained surface area 

in particular makes clear distinctions between acute and chronic patterns of 

inflammation over both the timescale of exposures and of subsequent recoveries [45]. 

It also demonstrates that the persistence of lung burden may allow neutrophil levels 

to remain above those seen in controls for many months following exposure [45].  

 

1.3.3 Oxidative stress, cell injury, and tissue 

remodeling 

Studies repeatedly highlighted a close association between oxidative stress and 

cellular damage in cases of pulmonary toxicity [43, 45, 51]. A study of TiO2 dust has 

noted that all small-agglomerate forms of the aerosol induced increases of oxidative 

damage, and are associated with increased levels of lactate dehydrogenase (LDH) [51]. 

By contrast, the larger aggregates tended to be characterized more by neutrophilic 

inflammation than by oxidative markers, leading the authors to conclude that the 

two physical forms of the particles produced distinct patterns of acute responses – 
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with the larger aggregates favoring recruitment of inflammatory cells, and the smaller 

ones being associated more with oxidative stress and with cytotoxic effects [51]. 

A chemically distinct response to silver nanoparticles was characterized, 

reporting that treatment with 15 nm particles was associated with increases in both 

total and reduced glutathione, elevations in LDH levels, and evidence for the presence 

of silver nanoparticles inside lung cells, whereas exposure to 410 nm particles did 

not trigger the same set of biochemical alterations [50]. The authors argued that 

differences in particle size might therefore underlie the observed differences in 

pulmonary inflammation as well as in cellular interactions, pointing specifically that 

the smaller particles were apparently more efficient at reaching the alveolar space 

[50]. 

The importance of these early-stage studies lies in the way that they continually 

link ongoing tissue damage with subsequent processes of tissue repair and 

remodeling [52]. In the review on CNTs, it is noted that extended periods of tissue 

damage can trigger activation of fibroblasts, differentiation of these cells into 

myofibroblasts, and increases in extracellular matrix synthesis, with consequent 

alterations to lung structure and to respiratory function [52]. Thus, whereas TiO2-

based studies in this section mainly illustrate how particle form can shift the balance 

between oxidative injury and neutrophilic inflammation in the acute phase, MWCNT-

based studies are used to show how persistent injury can progress to fibroblast 

activation, extracellular matrix deposition, and focal fibrosis. 

Evidence for tissue-level remodeling was also reported in the context of an 

inhalation experiment, where authors detected inhaled MWCNTs within 

macrophages, in subpleural mesenchymal cells, and within the collagenous matrix 

underlying focal subpleural lesions [53]. Moreover, they noted that high doses of 

these materials were associated with increases in fibrosis at both 2 and 6 weeks 

following exposure, and characterized these changes as focal, pointing out the 

presence of macrophage-rich mononuclear aggregates beneath the areas of fibrosis 

[53]. More broadly, descriptions of lung fibrosis based on the concept of Adverse 

Outcome Pathways (AOPs) tend to place extracellular matrix deposition downstream 

of persistent signals of inflammation and injury, resulting in septal thickening [54]. 

 

1.3.4 An adverse outcome pathway (AOP) perspective 

on nanoparticle-induced lung injury 

The AOP framework is valuable for arranging disparate observations by linking 

early, molecular, or cellular events with subsequent outcomes at the organ or tissue 
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level within a clear, stepwise scheme [52, 54, 55]. In the context of fibrosis research, 

Clippinger et al. have proposed the use of AOPs as a way of structuring already known 

data, recognizing gaps in the current understanding, and guiding the choice of 

relevant in vitro readouts for assessing potential fibrotic hazards [55]. Similarly, the 

review focused on carbon nanotubes argues that AOPs provide a clear and 

transparent framework for spotting key mechanisms as well as for prioritizing tests 

to detect fibrogenic activity [52]. 

The most explicitly delineated signaling cascade relevant to lung fibrosis in the 

material cited is referred to as AOP 173, which charts starting with the engagement 

of lung cellular membranes by the inciting factor, and culminating in deposition of 

extracellular matrix and the development of fibrotic pathology [54]. The authors also 

note that disease processes triggered by MWCNTs appear to largely follow this general 

scheme, although the details of how MWCNTs activate lung cells are not yet fully 

worked out [54]. Within the literature, this fibrosis-oriented AOP is described most 

explicitly for MWCNTs; the AOP perspective provides a bridge between descriptive 

toxicology and mechanism-based hazard assessment, helping to explain why early 

molecular and transcriptomic readouts may be useful for predicting later adverse 

outcomes, and can also be applied to TiO2-NPs-induced pathologies. 

 

1.3.5 Dose metrics and particle properties as 

determinants of pulmonary toxicity 

The extent of pulmonary injury depends not only on the concentration of the 

deposited material and on the intrinsic properties of the particles themselves, but 

also on the duration of exposure, the post-exposure period, and the persistence of 

the retained lung burden before effective clearance occurs [43, 45]. Thus, deposition 

dose should not be viewed as a static measure of concentration alone, but rather as 

a dynamic function of deposition, residence time, biopersistence, and clearance 

efficiency. This is particularly important in the lung, where the same deposited 

amount may lead to very different biological outcomes depending on whether the 

material is rapidly removed, slowly retained, or accumulates under overload 

conditions [43, 45]. 

In particular, the size and agglomerate size are key determinants of deposition 

because they govern aerodynamic and thermodynamic behavior within the 

respiratory tract and therefore influence which lung region receives the effective dose 

[43, 45]. These differences are toxicologically relevant because deposition in the 

alveolar region is generally associated with longer residence times and greater 
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dependence on macrophage-mediated clearance, whereas material deposited in the 

conducting airways may be removed more rapidly by mucociliary transport [46]. The 

biological consequences of particle size are illustrated by inhalation studies showing 

that small agglomerates of TiO2 induced more serious oxidative damage and 

cytotoxicity, while larger aggregates were associated more with neutrophilic 

inflammation; similarly, smaller silver nanoparticles produced clearer inflammatory 

and biochemical responses than larger ones, indicating that size-dependent 

deposition and cell interaction can alter the pattern as well as the magnitude of 

pulmonary response. 

Other physico-chemical characteristics further modulate how retained particles 

interact with lung cells and tissues. Surface charge influences the efficiency of 

cellular association and uptake, with cationic particles generally being more readily 

internalized by cells, which may intensify downstream inflammatory or cytotoxic 

responses [43]. Solubility is also critical, because rapidly dissolving particles may 

release toxic ions and thereby shift the mechanism of toxicity from particle-driven 

effects toward chemically mediated injury [43]. Surface reactivity, in turn, is strongly 

linked to the generation of reactive oxygen species and oxidative stress, and is 

therefore often associated with enhanced pulmonary inflammation even when the 

retained surface dose is relatively small [43, 45, 51]. Taken together, these properties 

do not merely alter particle-cell contact in a physical sense; they influence the 

likelihood of oxidative stress, membrane damage, cytokine release, persistent 

macrophage activation, and, ultimately, the progression toward chronic inflammation 

and tissue remodeling [43, 45, 51]. 

Accordingly, it is argued that the results of inhalation experiments ought to be 

discussed in terms of the amounts of material that are deposited or retained – ideally 

quantified in terms of mass, surface area, and particle number [43, 45]. Among these 

metrics, retained surface area appears particularly informative because it better 

captures the biologically active interface between the material and lung tissue than 

mass alone, especially for poorly soluble nanomaterials and high-surface-area 

particles [43, 45]. The evidence available for retained surface area as a metric of dose 

appears to be especially robust among the datasets considered [45]. Analyses of data 

from multiple studies on rats showed that measures of inflammation in response to 

TiO2-NPs, carbon black, and MWCNTs varied in a sigmoidal manner as a function of 

retained surface area within the lungs.[45] This observation is consistent with the 

broader view developed in the preceding sections: persistent retained burden, rather 

than nominal exposure concentration alone, is a major determinant of whether 
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pulmonary responses remain acute and transient or instead progress toward chronic 

inflammation, overload, and fibrotic change [44, 45, 49]. 

Certain morphologies (i.e., long fibers, nanobelts, and platelet-like particles) are 

difficult to clear and tend to provoke frustrated phagocytosis, as well as being likely 

to trigger inflammatory or pleural reactions [43]. This is especially relevant for high-

aspect-ratio materials such as MWCNTs, where length, diameter, and shape influence 

not only deposition but also the ability of macrophages to engulf and remove the 

material effectively [43, 46]. Rapidly dissolving particles can release toxic ions, which 

means that cationic particles are more readily internalized by cells, and that high 

surface reactivity is consistently associated with increased pulmonary inflammation, 

even when the amount of deposited surface is relatively small [43]. Importantly, no 

single physicochemical property is able to account for all cases of pulmonary 

inflammation across the range of nanoscale materials – although surface reactivity 

may serve as a kind of integrator of several important factors in this regard [43]. For 

this reason, pulmonary hazard assessment of nanomaterials should be based on an 

integrated consideration of dose metric, exposure duration, retained burden, 

clearance behavior, morphology, and surface-dependent reactivity, rather than on 

any single descriptor in isolation [43, 45, 51]. 

 

1.4 Chemical risk assessment and 

nanosafety frameworks 

1.4.1 New Approach Methodologies (NAMs) to testing 

and assessment 

The sheer number and variety of ENMs make it impractical to evaluate each one 

in detail through traditional approaches, and across the field, there is a persistent 

pressure to provide sufficient safety data and minimize the use of animal experiments 

[56–59]. The particular challenges of inhalation toxicology highlight that long-term, 

90-day rodent studies are costly and have been characterized as imperfect surrogates 

for human responses, and at the same time, no single in vitro test or computational 

approach appears capable of fully describing the range of ways in which 

nanomaterials may cause damage to tissues [55, 60]. These emerging non-animal 

and mechanism-informed approaches are increasingly referred to as NAMs, which 

encompass in vitro, in silico, in chemico, and integrated testing strategies intended to 
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improve the efficiency, mechanistic relevance, and regulatory usefulness of hazard 

assessment [56–59]. 

A concept of the IATA was presented to fill the gaps in the regulatory risk 

assessment workflow and is described as a hypothesis-led ensemble of in vitro 

experiments, computational analyses, use of read-across, and considerations of 

toxicological concern thresholds and of exposure assessment, frequently analyzed 

within an AOP-inspired framework [57]. In this context, IATA can be regarded as one 

of the principal frameworks through which NAMs are organized and applied in 

regulatory toxicology. Contemporary approaches to nanosafety operationalize 

through decision trees and tiered testing programs customized to the route of 

exposure and the aims of the evaluation [61–63]. Under the auspices of Grouping, 

Read-Across, Characterization and Classification Framework for Regulatory Risk 

Assessment of Manufactured Nanomaterials and Safer Design of Nano-Enabled 

Products (GRACIOUS) and similar schemes, hypotheses for grouping of materials 

relevant to inhalation are organized around properties such as dissolution behavior, 

biopersistence, reactivity, and the potential to trigger inflammatory responses, with 

initial screening carried out at lower tiers [57, 61, 62]  – a structure that also permits 

adjustment of the requirements for evidence to the needs of particular projects [62, 

63]. 

Within these conceptual frameworks, neither grouping nor read-across is 

regarded as an informal workaround – their application is contingent upon clear 

identification of the relevant materials, scientifically defensible similarities, and 

pertinence to particular routes of exposure [56]. As a result, many modern 

classification systems are moving toward a synthesis of physicochemical similarity 

with data on exposure, fate, toxicokinetics, as well as mechanisms of action, and 

approaches that are driven by functional consideration, such as decision-making 

framework for the grouping and testing of nanomaterials (DF4nanoGrouping), are 

therefore presented as being closely allied to the broader group of IATAs [58, 62]. 

Accordingly, NAMs in nanosafety should be understood not as single replacement 

tests, but as coordinated evidence-generation strategies that integrate alternative 

experimental systems with computational and mechanistic approaches. The same 

sources repeatedly indicate that challenges of reducing uncertainty and ensuring 

data quality continue to be major limiting factors, and that harmonized testing 

protocols, standardized metadata, and approaches based on weighing evidence will 

be essential if these developments gain wider regulatory traction [59, 64, 65]. 
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1.4.2 Safe(-and-Sustainable)-by-Design and the 

predictive tools potential 

The concept of Safe-by-Design (SbD) is based on integrating safety 

considerations at the earliest stages of the innovation cycle, so that the properties of 

nanomaterials or the design of nano-enabled products can be modified before they 

reach later stages of development and commercialization. In practice, this means that 

potential hazards are considered not only after a material has been produced, but 

already during its design, synthesis, and intended application. SbD therefore aims to 

minimize adverse impacts proactively and to evaluate materials from a whole-life-

cycle perspective, including production, use, and disposal [66, 67]. In this sense, SbD 

does not replace traditional risk assessment but rather complements it by using 

information about hazards and levels of exposure as a basis for setting design targets 

that favor safer options during the initial phases of research and development [63, 

67]. 

Recent developments have expanded the traditional scope of SbD to include 

safety as an integral part alongside economic performance and environmental 

sustainability [66]. This broader perspective is often referred to as Safe-and-

Sustainable-by-Design, reflecting the idea that a material should not only be less 

hazardous, but should also remain technically functional, economically realistic, and 

environmentally acceptable throughout its life cycle. In this context, the Anticipating 

Safety Issues at the Design Stage of NAno Product Development (ASINA) framework 

is notable for taking the classic three-pillar model of SbD further through iterative, 

data-driven optimization, the incorporation of life-cycle assessment, and by placing 

particular emphasis on the exposure conditions throughout the product’s lifespan 

[66]. In other words, ASINA does not treat safety testing as a single final checkpoint, 

but as part of a repeated design-feedback process in which material characteristics, 

exposure scenarios, and sustainability considerations are evaluated together. These 

advances rely strongly on good practices in Findable, Accessible, Interoperable and 

Reusable (FAIR) data management as well as on the maintenance of traceability for 

characterization and for hazard data throughout the whole of the life cycle [66]. 

The need for predictive tools in this area is strong, and it is anticipated that 

high-throughput screening will support informed choices of materials before 

comprehensive toxicological work, while computational platforms are being 

engineered to combine a range of data types into decision-support tools aimed at the 

design of safer products [59, 63, 66, 68]. Such tools are particularly valuable in 

nanosafety because the number of possible material variants is very large, whereas 
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the resources required for full experimental testing are limited. Predictive models can 

therefore be used as early-tier support tools to prioritize materials, formulations, or 

exposure conditions that warrant more detailed investigation. Even so, caution is 

expressed in the literature: many in silico predictive models for nanomaterials are 

considered to be at an early stage of development, and the applicability of such tools 

depends in large part on efforts toward standardization, validation, and the definition 

of clear limits of where such tools may be applied [59]. 

Early in vitro hazard assessments must be undertaken with the understanding 

that such studies are mainly aimed at signaling potential problems rather than fully 

substituting for more comprehensive higher-tier analyses [69]. These analyses refer 

to more complex experimental approaches, including advanced in vitro systems, in 

vivo studies, or integrated testing strategies that provide a broader and more 

physiologically relevant picture of hazard. Within the broader framework of the SbD 

approach, it appears that methods that more closely mimic physiological conditions 

may offer better predictive value for what will occur in vivo [69]. Nonetheless, the need 

for accurate deposition of dose figures, rigorous controls of potential interferences, 

sample preparations that are relevant to realistic exposures, and standardized 

methods of testing remains strong [69]. Accordingly, the practical value of predictive 

tools within SbD depends not only on model performance itself, but also on the 

quality, comparability, and biological relevance of the data used to build and evaluate 

such models. 

 

1.5 Biomarkers and toxicogenomics in 

nanosafety 

1.5.1 Biomarkers of exposure, effect, and 

susceptibility 

Research involving workers who had been exposed to MWCNT or TiO2-NPs has 

shown that early signs of inflammation, fibrosis, and oxidative stress can be detected 

within various biological matrices, including airway, blood, urine, and exhaled breath 

[70–72]. In particular, work with workers exposed to MWCNT revealed increased 

concentrations of several inflammatory cytokines in both sputum and serum, most 

notably higher levels of sputum IL-1β, IL-4, IL-5, IL-6, IL-8, and TNF-α, as well as 

higher levels of serum IL-1β, IL-4, and TNF-α when compared with controls [70]. 

Fatkhutdinova et al also reported increases in sputum levels of KL-6 associated with 
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MWCNT exposure, while serum levels of KL-6 did not differ significantly between 

those exposed to MWCNT and healthy workers [70].  

In a larger investigation of U.S. workers that was deliberately focused on early-

stage biomarker changes, a wide range of potential biomarkers were assessed in both 

sputum and blood, including those related to fibrosis, inflammation, oxidative stress, 

and cardiovascular pathology. Consistently, it was found that associations between 

carbon nanotubes and nanofibers (CNT/F) exposure and markers of sputum fibrosis 

and oxidative stress were stronger than associations with markers of sputum 

inflammation or cardiovascular disease [73]. Taken together, these data suggest that 

signals of early disease can be picked up among groups of workers exposed to CNT/F 

[70, 73]. 

The predominant focus identified in studies of workers exposed to TiO2-NPs was 

on oxidative stress pathways, rather than on the establishment of specific dose 

biomarkers for particular materials [72]. In line with this, analyses of workers 

involved in the production of TiO2-NP pigments reported increases in urinary levels 

of Ti as well as elevations of several oxidatively modified nucleic acids, while noting 

that the measured concentrations of biomarkers remained either within the range 

typical of the general population or below the occupational limits [71]. Urinary Ti is 

generally not regarded as a suitable dose marker in occupational settings, although 

changes over a work shift may still reflect uptake of the ultrafine fraction of TiO2 [71]. 

Literature recognizes a range of factors that could modify individual responses 

to nanoparticles as potentially relevant [74], although direct evidence for heritable 

traits that influence susceptibility to nanoparticle exposure remains limited [74]. 

ENMs are capable of affecting phase I and phase II enzymes, components of DNA 

repair, and mechanisms of epigenetic control, and these findings raise the possibility 

that such pathways could provide useful markers of susceptibility, although at 

present the field of susceptibility biomarkers in nanosafety is better seen as an 

emerging area of research rather than as a set of tools that can be routinely applied 

to occupational risk assessment [74]. 

 

1.5.2 Omics-based biomarkers and toxicogenomics 

Toxicogenomics (TGx) has been employed to measure global responses to ENM 

exposure and to link certain physicochemical properties of these materials with the 

induced toxicity [75]. Whole-genome expression analyses are especially powerful, as 

they allow broad interrogation of pathway-specific effects following exposure, and can 

reveal dose-dependent relationships between the exposure conditions and specific 
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toxicological outcomes [76]. The wealth of data generated by omics approaches often 

includes large lists of deregulated features, and a major analytical challenge is 

therefore how to separate changes that reflect normal host defense mechanisms from 

those that may be more useful as markers of progression towards adverse effects [75]. 

The field of omics-driven biomarker identification is expanding beyond analyses 

of messenger ribonucleic acid (mRNA), and reviews of the TGx program have 

highlighted that microRNAs (miRNAs) are among the most stable ribonucleic acid 

(RNA) species, making them promising in the creation of diagnostic tests based on 

body fluids for early detection of toxic insults [74, 77]. Responses in terms of DNA 

methylation have been reported to depend upon factors such as the type of 

nanomaterial, its surface chemistry, concentrations, the types of cells involved, and 

the exposure periods, underscoring that epigenetic changes are highly context-

dependent [78]. 

 

1.5.3 Lung transcriptomic responses to engineered 

nanomaterials 

Analysis of lung transcriptomes following exposure to various forms of TiO2-NPs 

and MWCNTs has shown that high-throughput techniques are able to detect both 

common inflammatory responses and differences that are specific to particular 

materials in terms of the magnitude of their effects [75, 76, 79]. In mice subjected to 

inhalational exposure of surface-coated TiO2-NPs, there was significant induction of 

genes associated with acute-phase responses and innate defense – including Saa1, 

Saa3, C3, fibrinogen, S100A8, and several chemokines – together with prominent 

neutrophilic inflammation [80]. The same work also reported significant changes in 

pulmonary miRNA expression (with 55 miRNAs altered in total) and confirmed 

increased levels of miR-449a, miR-1, and miR-135b, suggesting that the response 

studied went beyond changes at the level of mRNA alone [80]. In a wider study that 

involved six different forms of TiO2-NPs, it was found that all of these particles were 

capable of inducing acute pulmonary inflammation through broadly similar 

pathways, although the intensity and the duration of the resulting transcriptional 

changes were dependent on specific physical properties of the particles [79]. In 

particular, anatase was found to be less responsive than either rutile or mixtures of 

rutile/anatase, while among the rutile particles, the response appeared to be 

influenced by factors such as crystallinity and coatings [79]. Comparisons with gene 

sets associated with fibrosis induced by the MWCNTs exposure indicated only modest 
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overlap, and the authors characterized the signals that suggested pro-fibrotic activity 

in the TiO2-NPs experiments as subtle [79]. 

The body of transcriptomic work on MWCNTs increasingly points to common 

fibrogenic developmental programs among these materials [75, 76]. Comparative 

analyses guided by AOP across the particles NM-401, NRCWE-026, and Mitsui-7 

revealed recurrent disruptions of pathways associated with the acute-phase 

response, chemokines, NF-kB signaling, dendritic cells, leukocyte extravasation, and 

TGF-beta, and found overlapping ranges of benchmark-dose confidence intervals for 

these effects despite marked differences in the physicochemical properties of the 

particles examined [76]. These data therefore indicate that different MWCNTs may 

act through broadly similar pathogenic mechanisms in the development of pulmonary 

fibrosis [76]. A subsequent meta-analysis of transcriptomes from ENMs affecting the 

lung distinguished early responses characterized by enrichment of genes involved in 

defense against infection and in wound repair from later responses that more closely 

matched patterns of Th2-type or adaptive immune biology [75]. Within these later 

time points, particular genes such as Arg1, C3, and Ccl17 drew attention because 

they remained upregulated at 7, 28, and 56 days following exposure, and were 

indicated in that work as biomarkers of alternatively activated macrophages that may 

play a role in pulmonary fibrosis [75]. 

Studies attempting to use circulating blood measures as surrogates for changes 

seen in pulmonary gene expression have yielded inconclusive results: when mice were 

exposed to the same types of MWCNTs encountered in occupational contexts, their 

lungs displayed alterations in thousands of genes together with clear signs of 

inflammatory-fibrotic disease, whereas changes in whole-blood transcription were 

more modest and showed little overlap with those in the lung [72, 81]. At the level of 

functional predictions, only one broad disease or function category was common to 

both tissues, and no close parallels were identified concerning detailed molecular or 

cellular processes [81]. Nevertheless, the authors detected signals of systemic 

perturbation in the blood and noted that whole blood may be useful for detecting the 

systemic effects of inhalation injury, even if it does not faithfully replicate the lung 

transcriptome on a one-to-one basis. Thus, whole-blood measures could be 

applicable for biomonitoring purposes, although the available data do not yet support 

using them as direct markers for patterns of gene expression in lung tissue [72, 81]. 
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1.6 Computational toxicology and machine 

learning for high-dimensional data 

1.6.1 Machine learning in toxicology and nanosafety 

Machine learning (ML) techniques are increasingly used in computational 

toxicology to complement established statistical and mechanistic approaches for 

analyzing complex toxicological data and developing predictive models [82]. Within 

the area of nanosafety, interpretable techniques such as decision trees, random 

forests, and extra-trees have been employed to develop predictive models of lung 

cytotoxicity, while other regression methods have been used to link physical 

characteristics such as size, shape, and surface charge with aspects of the assay 

itself, as key determinants of nanoparticle toxicity [82, 83]. These efforts illustrate a 

recurrent issue – the trade-off between predictive accuracy and the desire for 

unstable models. They also show how the prospects for applying ML to toxicology are 

being supported by hybrid platforms that integrate data on physicochemistry, 

toxicokinetics, bioassays, and molecular structure, although progress in the field 

continues to depend on high-quality, harmonized data and transparent procedures 

for model validation [82–84]. The increasing ubiquity of high-dimensional omics data 

has made computational methods essential for modern toxicological studies, since 

analyses of global patterns of transcripts, proteins, or metabolites routinely require 

preliminary stages of statistical curation [85–87]. In transcriptomics, RNA sequencing 

(RNA-seq) and DNA microarray provide highly quantitative, reliable measurements of 

gene expression patterns [87]. Downstream computational work in this field typically 

involves tasks such as the identification of differentially expressed genes, the 

mapping of those genes onto larger biological functions or signaling pathways, and 

comparisons of transcriptional signatures between different experimental sets. In 

early uses of toxicogenomics, it was found that the gene-expression signatures 

specific to particular chemicals were distinct enough to allow accurate classification 

of toxicants in blinded tests [87]. Recent work has extended these concepts to studies 

of heterogeneous tissues and has highlighted the utility of single-cell RNA sequencing 

(scRNA-seq) for teasing apart cell-specific effects that remain hidden when data are 

analyzed in bulk [88]. Current pipelines now routinely incorporate automated 

methods for cell-type annotation, as well as methods for inferring pseudotemporal 

trajectories that do not depend on any prior marker information [88]. 

The conversion of complex, high-dimensional gene-expression datasets into 

concise, risk-relevant metrics can be approached through several routes, among 
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which the most common involves fitting dose-response curves to individual genes, 

summarizing results at the level of groups of genes (defined as pathways), and then 

determining a transcriptomic point of departure (tPOD) [89, 90]. Recent studies have 

shown that methods based directly on the distribution of gene-specific benchmark 

doses can streamline this process, make fuller use of all of the available benchmark-

dose data, and retain robustness even when transcriptomic data sets are small [89]. 

 

1.6.2 Integrating particle properties, exposure 

metrics, and transcriptomic responses 

A major difficulty in the field of computational nanosafety lies in the 

development of analytical approaches capable of unifying disparate types of 

information within a single framework [76, 91, 92]. Transcriptomic work on inhaled 

nanomaterials illustrates why such integration is needed: analyses of whole-genome 

expression patterns in mouse lungs following exposure to TiO2-NPs, MWCNTs, and 

carbon black have shown that inflammatory signaling pathways may be shared 

across different classes of engineered nanomaterials, while the degree of perturbed 

genes and pathways can differ according to the particular type of particle and its 

properties [75, 76].  

The application of AOP-guided modeling to transcriptomic data has helped 

clarify links between levels of exposure, patterns of molecular signaling, and the 

emergence of adverse outcomes [76]. Another study, involving a meta-analysis of lung 

transcriptomes in response to ENM exposure, showed that responses to MWCNTs 

grouped with those seen in models of lung disease, and could be divided into an early 

phase that resembled bacterial or bleomycin-like insults and a later phase that was 

more reminiscent of Th2-type disease, whereas responses to TiO2-NPs tended to 

cluster apart [75]. These findings suggest that short-term changes in gene expression 

might serve as useful initial-tier screens for ranking the risk that particular ENMs 

might cause lung damage [75]. 

 

1.6.3 Unsupervised and supervised learning 

Unsupervised learning differs in that it examines data without using a 

predefined outcome. Principal component analysis (PCA), clustering, and related 

dimensionality-reduction methods are commonly used to identify patterns, 

similarities, and latent structure within complex datasets [93, 94]. These approaches 

are especially valuable in omics research, where the number of measured genes, 

proteins, or metabolites may greatly exceed the number of experimental observations 
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[94, 95]. PCA transforms correlated variables into a smaller number of components 

representing major sources of variation [93, 95–97], while clustering can group 

substances, experimental conditions, genes, or biological responses according to 

their similarity. Unsupervised methods consequently support data visualization, 

detection of unusual observations, hypothesis generation, and the construction of 

compact representations of high-dimensional biological responses [93, 95–97]. 

Supervised learning encompasses methods that learn relationships from 

observations for which the outcome is already known [82, 98]. Regression methods 

are used when the predicted endpoint is continuous, whereas classification methods 

assign observations to predefined categories [99, 100]. Regularized linear models, 

including ridge regression, are useful when descriptors are numerous or strongly 

correlated [101, 102]. Tree-based approaches, such as random forests, can represent 

nonlinear relationships and interactions between variables without requiring an 

explicit mathematical form to be specified beforehand [103]. In chemistry, 

environmental science, pharmacology, and toxicology, supervised learning is used to 

predict biological activity, toxicity, dose–response endpoints, biomarker activation, or 

hazard classes [83, 104, 105].  

Quantitative structure–activity relationship (QSAR) modeling is one of the most 

established applications of computational methods in chemistry and toxicology [92, 

106–110]. QSAR models describe mathematical relationships between a set of 

substance descriptors and a measurable biological or physicochemical endpoint. In 

conventional QSAR, these descriptors are usually derived from molecular structure. 

For nanomaterials, this concept has been extended to nano-QSAR, in which particle 

size, shape, chemical composition, crystal structure, surface area, surface charge, 

coating, agglomeration state, and exposure-related properties may all contribute to 

model predictions [111]. Such models are applied to screen insufficiently 

characterized materials, prioritize substances for experimental testing, support read-

across, and identify properties associated with biological activity. According to OECD 

guidance, a scientifically reliable QSAR model should have a defined endpoint, an 

unambiguous algorithm, a specified applicability domain, appropriate measures of 

model performance, and, where possible, a mechanistic interpretation [112]. 

Simplex Representation of Molecular Structure (SiRMS) descriptors provide a 

fragment-based representation of chemical structure for QSAR and related machine-

learning applications [113–115]. The approach decomposes a structure into 

simplexes containing between one and six atoms and characterizes them according 

to atom types, bonding patterns, functional groups, and physicochemical properties 

such as partial charge, lipophilicity, refractivity, and hydrogen-bonding capacity 
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[113–115]. This representation captures local chemical environments while retaining 

sufficient structural detail to support interpretation of relationships between 

particular fragments and a modeled endpoint. 
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2. Research Challenge, 

Hypothesis, Objectives 

2.1 Research Challenge and Main 

Hypothesis 

The rapid expansion of ENMs poses significant challenges for the evaluation of 

their safety, yet metal-and carbon-based nanomaterials are the most commonly 

employed across a range of industrial, biomedical, catalytic, coating, and advanced 

materials domains. Due to their nanoscale dimensions, high specific surface area, 

and diverse morphologies and surface properties, these ENMs interact with biological 

systems differently from bulk materials. Therefore, pulmonary exposure to ENMs 

continues to be regarded as a major point of concern, particularly where inhalation 

may constitute a significant route of entry (for example, in workplaces). Current 

approaches in nanotoxicology rely heavily on experimental work and on 

measurements of apical outcomes such as inflammatory responses, fibrosis, signs of 

organ-specific toxicity, and later adverse events. Although such readouts are 

essential for the identification of hazards, they usually provide only limited insight 

into the earlier, molecular events that may lead to tissue injury. Moreover, 

experimental safety studies are slow and costly, are constrained by the ethical 

imperative to minimize the use of animals, and are difficult to adapt to the growing 

range of ENMs, which vary in size, shape, surface chemistry, and composition. 

Modern approaches for evaluating nanosafety increasingly rely on NAMs and 

concepts such as Safe-and-Sustainable-by-Design (SSbD), together with 

computational tools that promise early prediction of hazardous effects of 

nanomaterials. Within this shift, transcriptomics plays a valuable role, because 

changes at the level of gene expression can serve as early biomarkers of nanomaterial-

induced perturbations – often before any clear adverse phenotypic effects become 

apparent. These biomarkers provide detailed, mechanistic insights into how 

particular properties of nanomaterials may contribute to toxicological outcomes. 

However, transcriptomic studies often generate large numbers of differentially 

expressed genes – sometimes on the order of hundreds or thousands. Attempting to 

model each gene in turn can therefore be computationally demanding, difficult to 
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interpret, and susceptible to overfitting, while truncating the dataset runs the risk of 

losing important, coordinated, system-wide signals. 

Thus, this dissertation is based on the hypothesis that pulmonary exposure 

to ENMs induces coordinated transcriptomic changes that reflect perturbations 

of biological processes underlying their modes of action, and that these 

responses are related to nanomaterial physicochemical properties and exposure 

conditions. These changes can be represented by complementary, predictive, 

and biologically meaningful endpoints to characterize the overall pulmonary 

response and identify molecular processes relevant to hazard assessment and 

potency ranking. 

To explore this hypothesis, the research was guided by the following key 

questions: 

1. Can the TRI capture biologically meaningful pulmonary responses to MWCNT 

exposure and support potency ranking from material properties and exposure 

conditions? 

2. Can the TRI approach be extended to TiO2-NPs while retaining its biological 

relevance and predictive value? 

3. Which transcriptomic biomarkers reveal biological processes and potential 

modes of action following TiO2-NPs exposure, and how do their responses 

relate to material properties and exposure conditions? 

By addressing these questions, this dissertation aims to establish a coherent 

properties-to-omics modeling strategy for nanosafety assessment. The proposed 

framework aims to bridge materials chemistry, toxicogenomics, machine learning, 

and regulatory toxicology by transforming complex omics datasets into interpretable, 

predictive endpoints relevant to pulmonary hazard assessment. 

 

2.2 Detailed Research Hypotheses 

The main hypothesis assumes that the physicochemical and exposure-related 

properties of engineered nanomaterials influence pulmonary toxicity by inducing 

reproducible transcriptomic perturbations. These perturbations can be quantified 

either as global transcriptomic-response patterns or as specific biomarker-level 

responses and modeled using machine learning. This assumption is tested through 

the following three detailed hypotheses. 

Hypothesis 1 

I hypothesize that the global transcriptomic response induced by carbon-based 

nanomaterials can be compressed into a single biologically meaningful TRI without 
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losing the essential structure of the gene-expression space. Specifically, thousands 

of MWCNT-responsive differentially expressed genes can be reduced to one integrated 

transcriptomic endpoint using principal component analysis, and this endpoint can 

be quantitatively predicted from MWCNT structural and exposure-related descriptors 

using a single validated nano-QSAR model. 

 

Hypothesis 2 

I hypothesize that the TRI is not limited to one exposed nanomaterial type, but 

represents a transferable framework for modeling nanomaterial-induced 

transcriptomic perturbation across distinct material classes. However, as different 

ENMs can induce transcriptomic responses with different variance structures, the 

optimal TRI composition must be re-optimized for each dataset and material class to 

balance biological information retention, model robustness, and external predictivity. 

Hypothesis 3 

I hypothesize that supervised ML modeling can identify transcriptomic 

biomarkers quantitatively associated with nanomaterial-induced pulmonary 

pathology and predict their activation using physicochemical properties and 

exposure-related conditions. In particular, TiO2-NP properties such as particle size, 

deposited surface area, surface charge, concentration, and post-exposure time can 

be linked to gene-expression changes associated with pulmonary inflammation and 

fibrosis, thereby supporting early hazard prediction and NAM-compatible nanosafety 

assessment. 

 

2.3 Detailed Research Objectives 

The research hypotheses were tested by achieving the following objectives: 

Objective 1. 

To develop and validate an ML-based framework for compressing the high-

dimensional transcriptomic response induced by MWCNTs into a single TRI. This 

objective aims to determine whether thousands of differentially expressed genes in 

mouse lung tissue following exposure to a set of MWCNTs differ in their fold-change 

patterns and whether these differences can be represented by one biologically 

meaningful transcriptomic endpoint and predicted from MWCNT physicochemical 

and structural properties using a single nano-QSAR model. The objective includes 

transcriptomic data preprocessing, differentially expressed gene (DEG) selection, 
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dimensionality reduction using principal component analysis, TRI calculation, 

regression model development, rigorous validation, and applicability domain 

assessment. 

Objective 2. 

To evaluate whether the TRI framework can be transferred from carbon-based 

nanomaterials to metal oxide nanoparticles and optimized for TiO2-NP-induced 

pulmonary transcriptomic responses. This objective aims to determine whether TRI 

is a material-specific or broadly applicable omics endpoint by constructing and 

comparing different TRI variants for TiO2-NPs. The objective includes identifying the 

optimal principal component composition of TRI, linking the optimized TRI to TiO2-

NP physicochemical and exposure-related descriptors, and validating whether the 

resulting model provides a robust, interpretable, and predictive bridge between 

nanoparticle properties and global transcriptomic response. 

Objective 3. 

To identify and predict transcriptomic biomarkers of nanomaterial-induced 

pulmonary pathology using supervised ML. This objective aims to determine whether 

individual gene-expression responses associated with inflammation, fibrosis, 

oxidative stress, and related pulmonary outcomes can be quantitatively linked to 

TiO2-NP properties and exposure conditions. The objective includes developing and 

validating biomarker-level ML models, identifying key physicochemical drivers of gene 

dysregulation, and evaluating whether these models can support early hazard 

identification, mechanistic interpretation, and SbD prioritization of nanomaterials. 
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3. Results 

3.1 Linking MWCNTs properties to 

pulmonary transcriptomic responses 

through the Transcriptomic Response 

Index 

3.1.1. Introduction 

The toxicological concerns surrounding MWCNTs are largely due to their 

resemblance to asbestos fibers as well as their marked persistence within lung tissue 

[116]. A number of investigations have documented significant hazardous effects of 

exposure to MWCNTs – most notably within the respiratory tract, where sustained 

inflammatory responses, progression to fibrosis, and increased incidence of lung 

cancer have been reported [117, 118]. Beyond pulmonary effects, experimental 

studies have implicated MWCNT exposure in a range of developmental and 

reproductive outcomes, including congenital malformations, embryonic loss, 

behavioral alterations in offspring, and delayed parturition, despite the growing 

understanding of the toxicological profile of these materials [118]. Specific molecular 

pathways that give rise to such reactions remain unclear, and toxicogenomics has 

emerged as an important tool for probing the effects of MWCNTs on the lungs. Recent 

work has uncovered patterns of gene expression associated with fibrosis and 

inflammation that are reminiscent of those seen in response to well-known fibrogenic 

agents as well as to infectious insults [75, 119–122].  

The rapid expansion of publicly available transcriptomic datasets has opened 

new opportunities for assessing nanosafety in a mechanistically grounded manner, 

and earlier work has indicated that quantitative relationships can be drawn between 

the physicochemical characteristics of MWCNTs and changes in transcriptomic 

profiles at the whole-pathway level [120, 123]. Concurrently, the approach of 

perturbation-based machine learning (PTML) has attracted interest as a 

complementary method for predicting toxicity [105, 124–126]. One of the main 

challenges facing predictive toxicology driven by transcriptomic data is the high 

dimensionality of gene-expression measurements: a single experiment can yield 

thousands of DEGs, and this makes traditional approaches that model each gene 

separately both computationally onerous and difficult to interpret. 
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In order to overcome the limitations noted previously, this work introduced the 

TRI as a novel, systems-level readout of pulmonary responses to MWCNTs. The aim 

of TRI was to compress the broad changes seen at the level of the transcriptome into 

a single biologically interpretable metric, thus preserving the essential structure of 

the transcriptomic response while rendering it tractable to predictive analyses. The 

approach combined unsupervised dimensionality reduction via PCA with supervised 

modeling using ridge regression to relate TRI behavior to the structural descriptors 

of MWCNTs, as characterized by the SiRMS descriptor set [115, 127–130]. Unlike 

earlier studies that focused on individual markers or on single transcriptomic 

pathways [120, 123], this method permits the prediction of the entire space of 

transcriptomic responses through the use of a single quantitative model. In order to 

maximize robustness, reproducibility, and regulatory acceptability, the full workflow 

was carried out within the ChemBioML Platform and was evaluated in accordance 

with OECD-compatible standards of validation [131]. As a result, the present work 

represents progress in the integration of transcriptomic data and ML approaches in 

the field of nanotoxicology and provides a compact, interpretable, and 

computationally efficient method for predicting transcriptomic responses to inhaled 

MWCNTs. 

 

3.1.2 Materials and Methods 

This work built upon previously published data on 5–7-week-old mice subjected 

to intratracheal exposures to nine distinct types of MWCNTs [41, 132–136]. These 

materials varied with respect to length, diameter, aspect ratio, and the nature of their 

surface functional groups (pristine, –OH-, –COOH-, and –NH2-functionalized types). 

Each nanotube was examined under two or three different types of exposure, for a 

total of 20 experimental conditions, and details of the range of materials and 

conditions evaluated are summarised in Table 1 [41, 132–136]. In order to provide a 

basis for QSAR analyses, the physicochemical characterization of the set of MWCNTs 

was carried out with the use of the SiRMS approach [115, 127–130].  In the present 

work, a concentration-dependent weighting scheme was also applied in order to take 

account of dose-dependent differences in biological response. The complete set of 

descriptors was generated with the help of the open-source SiRMS Python toolkit, 

and this full set of values was then used as the basis, as the space of independent 

variables, for the construction of nano-QSAR models. 

In order to assemble a usable set of transcriptomic data, DEGs drawn from the 

primary reports were subjected to filtering on the basis of a nominal significance cut-

off of p ≤ 0.05 together with the requirement that their expression levels differed by 
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at least a factor of 1.5 [41, 80, 133, 137–139] A gene was retained if it met both 

criteria in at least one tested combination of MWCNT type and dose; it was not 

required to be differentially expressed under every exposure condition. This filtering 

produced a curated set of 5,167 DEGs that formed the basis for all subsequent 

analyses. The criteria for selecting this cut-off were guided by a desire to stay in line 

with the analytical approaches used in the original studies, whilst at the same time 

preserving enough biological detail to support modeling efforts [132, 133], and the 

dimensionality of this large list of DEGs was subsequently reduced by application of 

PCA to the matrix of 5167 genes [93, 96]. This approach re-expresses correlated 

measures of gene expression in terms of mutually orthogonal principal components, 

each of which accounts for some share of the overall variability in the data set. The 

TRI was then derived as a weighted sum of those principal components that were 

used, the weights being proportional to the amount of variance explained by each 

component (formula 1). Thus, TRI provided a single continuous measure that 

captured the overall transcriptional response to MWCNT exposure [93, 96]. 

𝑇𝑅𝐼 = 𝑃𝐶1 ∗ 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒1 + 𝑃𝐶2 ∗ 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒2 + ⋯ + 𝑃𝐶𝑛 ∗ 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝑛                        (1) 

A supervised ML approach was employed to correlate the structural attributes 

of MWCNTs with the TRI endpoint, combining ridge regression with a feature-

selection strategy based on a genetic algorithm (GA) [101, 102, 140], The complete 

set of experimental conditions (20 in total, Table 1) was partitioned for the purposes 

of model development, with four individual cases randomly allocated to an external 

test set and the remaining sixteen cases used for model training as well as for internal 

optimization steps. All stages of this work – preprocessing, feature selection, and 

tuning of hyperparameters – were carried out within the ChemBioML platform [131], 

and the resulting models were judged on three criteria – goodness-of-fit, robustness, 

and the ability to make predictions on unseen data – using standard metrics such as 

determination coefficient (R2) and the root-mean-square error of calibration (RMSEC) 

for goodness-of-fit, and by means of leave-one-out cross-validation measures such as 

determination coefficient for cross-validation (Q2
CV) and root-mean-square error of 

calibration (RMSECV) for assessments of robustness, while external predictivity was 

gauged through use of the external validation coefficient (Q2) together with root-

mean-square error of external validation (RMSEEXT). In addition, the Applicability 

Domain (AD) was explored by means of the leverage method and visualized through 

a Williams plot [107, 141], which enabled us to pinpoint particular structurally 

influential outliers and to ensure that the final model could be interpreted reliably 

within a well-defined and trustworthy space of descriptors. 
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Table 1. MWCNTs types, their physicochemical characteristics, and exposure conditions 

# MWCNT 
Symbol 

Concentration 
(µg/mouse) 

Length (nm) Diameter (nm) Functionalization 

NP_1 NM-401 18 4050 ( ±  2400) 67 ( ±  26.2) Pristine 
NP_2 NM-401 54 4050 ( ±  2400) 67 ( ±  26.2) Pristine 
NP_3 NM-401 162 4050 ( ±  2400) 67 ( ±  26.2) Pristine 
NP_4 NRCWE-26 18 850 ( ±  457) 11 ( ±  4.5) Pristine 
NP_5 NRCWE-26 54 850 ( ±  457) 11 ( ±  4.5) Pristine 
NP_6 NRCWE-26 162 850 ( ±  457) 11 ( ±  4.5) Pristine 
NP_7 NRCWE-043 18 771.3 ( ± 3471) 26.73 ( ± 6.88) Pristine 
NP_8 NRCWE-043 54 771.3 ( ± 3471) 26.73 ( ± 6.88) Pristine 
NP_9 NRCWE-044 18 1330( ± 2454) 32.55 ( ± 14.44) -OH 
NP_10 NRCWE-044 54 1330( ± 2454) 32.55 ( ± 14.44) -OH 
NP_11 NRCWE-045 18 1553( ± 2954) 28.07( ± 13.85) -COOH 
NP_12 NRCWE-045 54 1553( ± 2954) 28.07( ± 13.85) -COOH 
NP_13 NRCWE-046 18 717.2 ( ± 1214) 17.22 ( ± 5.77) Pristine 

NP_14 NRCWE-046 54 717.2 ( ± 1214) 17.22 ( ± 5.77) Pristine 
NP_15 NRCWE-047 18 532.5 ( ± 591.9) 12.96 ( ± 4.44) -OH 

NP_16 NRCWE-047 54 532.5 ( ± 591.9) 12.96 ( ± 4.44) -OH 
NP_17 NRCWE-048 18 1604( ± 5609) 15.08 ( ± 4.69) -COOH 
NP_18 NRCWE-048 54 1604( ± 5609) 15.08 ( ± 4.69) -COOH 
NP_19 NRCWE-049 18 731.1 ( ± 1473) 13.85 ( ± 6.09) -NH2 
NP_20 NRCWE-049 54 731.1 ( ± 1473) 13.85 ( ± 6.09) -NH2 

 

 

3.1.3 Results and Discussion 

The dataset analyzed in this work comprised 5,167 DEGs that showed 

significant changes under at least one of the conditions of MWCNT exposure 

examined and was constructed by unifying data drawn from previously published 

studies of lung transcriptomes [41, 80, 133, 137–139]. As the task of modeling each 

of the thousands of individual molecular endpoints separately would be 

computationally expensive, I applied dimensionality reduction by means of PCA. The 

first nineteen principal components (PC1–PC19) together accounted for roughly 

99.9 % of the total variance in the DEG data matrix, showing that these components 

captured the entirety of the structure of the global response, essentially, whereas a 

subspace defined only by PC1 and PC2 retained about 43 % of the variance. Together, 

these results show that it is possible to describe the effects of MWCNT exposure 

within a reduced latent space without incurring substantial loss of information, 

provided that a sufficient number of principal components (PCs) are retained. The 

two-dimensional space defined by PC1 and PC2 showed that most of the different 

experimental conditions clustered in broadly similar areas – suggestive of a large 

degree of commonality in the way that the lung responded at the level of gene 

expression to the range of MWCNTs studied – while the overall spread of points also 

suggested that transcriptional differences were affected by both the structural 

properties of the nanotubes as well as by their surface functionalization (figure 1). 
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The central contribution of this study is the creation of the TRI, a metric capable 

of summarizing the entirety of transcriptomic perturbations caused by exposure to 

MWCNTs within a single, biologically interpretable metric, instead of constructing 

separate predictive models for each of thousands of DEGs. By formulating the TRI as 

a weighted sum of PCs, the approach was able to retain both the most prominent and 

more subtle patterns of gene-expression change and simplify the modeling task – an 

optimization that made it possible to train a single nano-QSAR model, and did so 

without loss of interpretability.  

Thus, TRI does more than simply perform a technical reduction of data size; it 

provides a biologically meaningful, system-wide endpoint of transcriptomic patterns 

caused by inhaled MWCNTs. The 20 experimental conditions comprised nine MWCNT 

types tested at 18 and 54 μg per mouse, with NM-401 and NRCWE-26 additionally 

tested at 162 μg per mouse. Importantly, the PC1–PC2 distribution shown in Figure 

1 and the subsequent TRI calculation were derived solely from the fold-change matrix 

of 5,167 DEGs across these conditions. In order to numerically characterize the 

various properties of the nanomaterials, I employed SiRMS descriptors weighted by 

concentration. As a result, the set of descriptors was able to capture not only the 

inherent structural features of the nanotubes, but also the quantitative exposure 

circumstances that are relevant to their biological effects. 

 

 

Figure 1. Two-dimensional transcriptomic space, represented as linemap PC1:PC2. 

 



41 
 

A quantitative relationship linking the physicochemical properties of MWCNT to 

changes in transcriptomic response was pursued through the construction of a ridge-

regression nano-QSAR framework that incorporated a genetic algorithm for feature 

selection. The model was trained on 16 cases and subsequently tested on an 

independent set of four cases, with the resulting statistics R2 = 0.83, RMSEC = 0.15, 

Q2
CV = 0.80, RMSECV = 0.16, and Q2 = 0.78. The results suggest that the model 

achieved a favorable balance between goodness-of-fit, robustness, and external 

predictivity, with only a modest difference between R2 and Q2 (indicating a lack of 

substantial overfitting). Comparison of predicted versus measured values confirmed 

that the model was able to reproduce the main trends of the data with reasonable 

accuracy, an important result indicating that the complex, transcriptome-wide 

response of the lung to MWCNT exposure can be predicted from simple descriptors 

of the nanomaterials by means of a single quantitative model (Figure 2a). The AD of 

the final model was explored by means of the leverage method and visualised through 

a Williams plot, and all cases fell within the generally acceptable range of ±3 for 

absolute standardized residuals, indicating a lack of serious outliers; one case (NP_3) 

had comparatively high leverage (h = 0.85), reflecting its marked structural 

distinctiveness from the other nanotubes – and, although predictions for this point 

were not inaccurate, its location in the space of leverage suggests that further studies 

of structurally similar materials could be useful for enlarging the range of descriptors 

captured by the model (Figure 2b). Taken together, the analyses of the AD support 

the view that the final model is reliable within the structural diversity represented by 

the present data set. 

 

Figure 2. a) Observed-predicted plot presenting predictions’ accuracy in two-dimensional space; 

b) Williams plot presenting the model AD. 
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The resulting nano-QSAR model highlighted charge-weighted descriptors as 

making the most substantial contributions to predictions of TRI (formula 2), a finding 

that aligns with the well-established role of surface charge in modulating the 

interactions of carbon nanotubes with biological tissues [142–145]. 

 

𝑇𝑅𝐼 = 0.53 ∗  𝐶𝐻𝐴𝑅𝐺𝐸𝐴−𝐴−𝐵−𝐵−𝐴−𝐴 − 0.57 ∗  𝐶𝐻𝐴𝑅𝐺𝐸𝐵−𝐵−𝐵−𝐶 +  0.37 ∗  𝑅𝐸𝐹𝑅𝐴𝐶𝑇𝐼𝑉𝐼𝑇𝑌𝐵.𝐶 −
 0.46 ∗  𝐶𝐻𝐴𝑅𝐺𝐸𝐴.𝐴       (2) 

 

In particular, the data suggest that distinct charged domains within structures 

of MWCNTs may have opposing effects upon the transcriptomic response – an 

outcome that is compatible with the known non-uniform electronic charge 

distribution of these materials – and suggest that the effects of surface 

functionalization may be largely indirect, acting through changes in local charge 

patterns and in refractivity rather than through the simple categorical nature of the 

functional groups themselves. From a toxicological point of view, the importance of 

charge-related descriptors points to a possible mechanistic link between the 

electronic properties of MWCNTs and the broad-scale changes in gene expression 

seen in the lung; charged or polar regions of the nanotubes may therefore have roles 

in influencing uptake by cells, in their interactions with membranes and with 

proteins, in their potential to generate oxidative stress, or in the triggering of defensive 

signaling pathways [142–149]. Taken together, the results support the notion that 

physicochemical characteristics of nanomaterials can be translated into biologically 

meaningful changes at the omics level, and therefore strengthen the case for 

interpreting results from nano-QSAR studies in terms of underlying mechanisms in 

the field of nanotoxicology. 

The results establish TRI as a practical systems-level endpoint for translating 

complex MWCNT-induced transcriptomic perturbations into a form that is suitable 

for predictive nanotoxicology. By integrating gene-expression changes across the lung 

transcriptome into a single interpretable index, the approach reduces the analytical 

burden associated with thousands of individual DEGs while preserving the biological 

structure of the response. TRI should therefore be interpreted as a single, 

dimensionless coordinate summarizing the overall pattern of transcriptomic 

perturbation under each exposure condition. A higher TRI reflects a coordinated shift 

toward increased expression of genes with positive TRI coefficients and decreased 

expression of genes with negative coefficients. This has an important methodological 

impact, as it enables transcriptomic data to be incorporated into nano-QSAR 

modeling in a more scalable and interpretable manner, bridging omics-based 
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toxicology with physicochemical characterization of nanomaterials. The framework 

also strengthens the mechanistic relevance of predictive modeling by linking the 

integrated pulmonary response to structural features of MWCNTs, particularly 

descriptors related to charge distribution and refractivity. In this way, TRI provides 

not only a compact measure of transcriptomic disturbance but also a basis for 

comparing nanomaterials, prioritizing further testing, and supporting the 

development of more efficient, mechanism-informed approaches for nanosafety 

assessment. 

 

3.2 Transcriptomic Response Index across 

Titanium-based ENMs 

3.2.1. Introduction 

The use of TiO2-NPs is widespread across many commercial and industrial 

sectors – ranging from coatings and paints to catalysts, cosmetics, and food products 

– indicating that the risk of inhalation exposure to these particles in real-world 

settings is non-trivial [41, 79, 150]. Experimental work has shown that when such 

particles are inhaled, they can trigger acute neutrophilic inflammation, as well as 

long-term retention of the particles, and, at high concentrations within the lung, may 

provoke maladaptive reparative responses that are linked to fibrotic changes and, in 

certain circumstances, to tumor development [41, 79, 150]. These findings have, in 

turn, stimulated greater interest in approaches that are grounded in mechanistic 

understanding for the assessment of the respiratory risks posed by TiO2-NPs as well 

as other ENMs. 

The field of toxicogenomics is actively used for extending traditional toxicological 

assessments, in part because transcriptomic data are able to record important 

molecular changes in response to toxic insults and thus serve as highly sensitive 

indicators of early biological disruption [151]. Within the broader field of NAMs, omics 

data – especially those derived from studies of gene expression – are increasingly 

regarded as useful for identifying potential hazards, clarifying mechanisms of action, 

ranking relative potencies, and establishing transcriptomics-based points of 

departure (PoDs) [112, 152, 153]. Nonetheless, applying transcriptomic methods to 

the field of nanosafety is challenging, since the gene expression signatures induced 

by TiO2-NPs are affected by a range of factors such as particle size, surface area, the 

specific properties of their surfaces, as well as by the metrics used for dose and by 

the timing of measurements after exposure, and technical problems such as batch 
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effects and the heterogeneity of data sets from different studies can make it difficult 

to draw firm conclusions from changes at the level of individual genes [154–158]. A 

particular problem is the high dimensionality of transcriptomic data – a single 

experiment can generate hundreds or thousands of DEGs in ways that are hard to 

synthesize into a single, robust, and comprehensible model [95, 120, 123, 159–164] 

– which represents a major challenge for predictive efforts in this area. 

The limitations of previous approaches have prompted the suggestion of the TRI 

as a systems-level measure of transcriptomic variation, compressible into a single 

continuous variable [165]. Although its applicability had been demonstrated for 

carbon-based nanomaterials, a systematic assessment of the most effective ways to 

construct TRI in the context of TiO2-NPs had not yet been undertaken. Accordingly, 

the present work set out to re-optimize the use of TRI with regard to pulmonary 

reactions to TiO2-NPs, and to develop a method based on validation for choosing 

which combinations of PCs should define the index, in order to test whether a concise, 

understandable, and externally validated form of TRI might be useful as a NAM-ready 

read-out for global changes in gene expression following exposure to TiO2-NPs [154, 

165]. 

 

3.2.2 Materials and Methods 

Using publicly available datasets of mouse lung transcription responses 

following intratracheal delivery of TiO2-NPs [41, 134–136, 154, 166]. I examined a set 

of five different TiO2-NPs, each at three levels of dose (18, 54, and 162 μg per animal) 

as well as at two time points following exposure (days 1 and 28), thereby generating 

a total of thirty distinct experimental conditions. The range of nanoparticles 

considered encompassed several key physicochemical and exposure-related traits – 

among them surface charge, primary particle size, Brunauer–Emmett–Teller (BET) 

specific surface area, and deposited surface area – and detailed descriptions of the 

properties of the particles studied as well as of the experimental set-up are given in 

Table 2. 

Gene expression datasets were derived from lung tissues of 5–7-week-old female 

C57BL/6 mice under the conditions standardized in the published works [21, 41, 

134–136, 154, 166]. Intratracheal instillation was used specifically in order to achieve 

comparable deposited doses of materials across the different experimental groups. 

For the purposes of transcriptomic comparison, previously normalized microarray 

data were analyzed, with each group being benchmarked against its 

contemporaneous control, and DEGs were called on the basis of a false discovery rate 

(FDR)-adjusted significance threshold of p ≤ 0.05 together with an absolute change 
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in expression of at least 1.5-fold [80, 132, 133, 137–139]. This filtering step produced 

a list of 621 DEGs that formed the starting point for all further work involving 

dimensionality reduction and the application of supervised ML methods. In order to 

reduce dimensionality, I therefore performed PCA on the matrix of the 621 DEGs [93, 

95–97], making use of the fact that PCA converts correlated measures of gene 

expression into mutually orthogonal principal components – each of which can be 

seen as an independent direction of change within the space of transcriptomic 

phenotypes – and, on this basis, I defined the TRI as a weighted sum of these PCs, 

with the weighting of each component being proportional to the amount of variance 

it explains (formula 1). In order to study the effect of the particular make-up of the 

index on predictive performance, a range of different versions of TRI were generated, 

from those based only on PC1 + PC2 (named TRI2) up to those incorporating 

contributions from PC1 through to PC29 (named TRI29).  

In order to relate the TRI to characteristics of TiO2-NPs as well as to the 

conditions under which these particles were encountered, supervised ML models 

were constructed combining ridge regression with a GA-based approach to feature 

selection [101, 102, 140, 165]. The starting set of predictors comprised a range of 

experimental and physicochemical parameters measured for the TiO2-NP samples – 

such as concentrations, particle sizes, surface charges, BET surface areas, deposited 

surface areas, and times following exposure – and, in order to allow for possible 

nonlinear effects among these factors, second-degree polynomial features were 

generated from this initial set. For the purposes of model building, the 30 cases were 

ranked according to their TRI values and, beginning with the third case, every fifth 

entry was allocated to an external test set, resulting in a training set of 24 cases and 

a held-out set of six cases that were broadly representative of the full range of 

responses. The test set was fixed prior to optimization of the models and did not 

influence the choice of predictors, the constitution of the TRI, or the setting of 

hyperparameters. All work on model building and on subsequent optimization was 

carried out on the ChemBioML Platform.  
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Table 2. TiO2-NP types, their physicochemical characteristics, and exposure conditions 

TiO2-

NPs_IDs  

NPs  Post-

exposure 

duration 

[days]  

Concentration 

[µg/animal]  

Charge*

  

Size 

[nm]  

BET 

[m2/g]  

Deposited 

surface 

area**  

[cm2]  

NP_1  NRCWE-001  1  18  0  10  99  17.8 

NP_2  NRCWE-001  1  54  0  10  99  53.5 

NP_3  NRCWE-001  1  162  0  10  99  160.4 

NP_4  NRCWE-002  1  18  1  10  84  15.1 

NP_5  NRCWE-002  1  54  1  10  84  45.4 

NP_6  NRCWE-002  1  162  1  10  84  136.1 

NP_7  NRCWE-001  28  18  0  10  99  17.8 

NP_8  NRCWE-001  28  54  0  10  99  53.5 

NP_9  NRCWE-001  28  162  0  10  99  160.4 

NP_10  NRCWE-002  28  18  1  10  84  15.1 

NP_11  NRCWE-002  28  54  1  10  84  45.4 

NP_12  NRCWE-002  28  162  1  10  84  136.1 

NP_13  NRCWE-030  1  18  0  10.5  139.1  25.0 

NP_14  NRCWE-025  1  18  0  38  28.2  5.1 

NP_15  NRCWE-030  1  54  0  10.5  139.1  75.1 

NP_16  NRCWE-025  1  54  0  38  28.2  15.2 

NP_17  NRCWE-030  1  162  0  10.5  139.1  225.3 

NP_18  NRCWE-025  1  162  0  38  28.2  45.7 

NP_19  NRCWE-030  28  18  0  10.5  139.1  25.0 

NP_20  NRCWE-025  28  18  0  38  28.2  5.1 

NP_21  NRCWE-030  28  54  0  10.5  139.1  75.1 

NP_22  NRCWE-025  28  54  0  38  28.2  15.2 

NP_23  NRCWE-030  28  162  0  10.5  139.1  225.3 

NP_24  NRCWE-025  28  162  0  38  28.2  45.7 

NP_25  UV-Titan L181  1  18  0  20.6  107.7  19.4 

NP_26  UV-Titan L181  1  54  0  20.6  107.7  58.2 

NP_27  UV-Titan L181  1  162  0  20.6  107.7  174.5 

NP_28  UV-Titan L181  28  18  0  20.6  107.7  19.4 

NP_29  UV-Titan L181  28  54  0  20.6  107.7  58.2 

NP_30  UV-Titan L181  28  162  0  20.6  107.7  174.5 

* [0 - no charge; 1 - positive charge(contains positively charged amino groups on the surface2)]; ** calculated based 

on specific surface area, size and concentration   

The quality of the resulting models was judged in terms of goodness-of-fit, 

robustness, and the ability to make predictions on new data: goodness-of-fit was 

appraised through use of the R2 as well as the RMSEC; robustness was appraised by 

means of leave-one-out cross-validation, through the use of the Q2
CV and of the 

RMSECV; the quality of external prediction was judged through use of the external 

validation Q2 as well as the RMSEEXT. The AD was explored by means of the leverage 

method and illustrated with a Williams plot, which permitted the detection of points 

of structural importance as well as of possible outliers [107, 130, 141]. The same 

validation protocol was applied to all versions of the TRI in order to identify the 

configuration that gave the best trade-off between retained transcriptomic signal and 

predictive accuracy. 
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3.2.3 Results and Discussion 

The goal of the work was to refine the use of the TRI as a concise measure of 

pulmonary effects resulting from exposure to TiO2-NPs, and to do so on the basis of 

previously experimentally measured transcriptomic datasets from mouse lungs 

subjected to TiO2-NP instillations. By applying cut-offs of FDR-adjusted p-values of 

≤0.05 together with an absolute fold change of at least 1.5, a total of 621 DEGs were 

selected for further work. This group of significantly affected DEGs was selected to 

represent the core set of transcriptomic changes triggered by TiO2-NP exposure and 

served as the basis for subsequent dimensionality-reduction procedures, the 

construction of the TRI, and the training of supervised machine-learning models. Due 

to high dimensionality inherent to transcriptomic data – where each DEG might be 

regarded as an independent endpoint, a situation that would entail the need for many 

(on the order of hundreds) separate predictive models and would tend to fragment 

the biological interpretation of the data – I reduced the set of 621 DEGs into a single 

composite measure, the TRI, defined through PCA. This approach allowed the whole 

of the global transcriptomic response to be summarised as a single continuous 

variable whilst still allowing individual genes to be traced back to their influence on 

the composite through the use of PC loadings. Several versions of TRI were produced, 

incorporating progressively larger numbers of principal components (from TRI2 up 

through TRI29). For example, TRI2, based on the first two principal components (PC1 

and PC2, figure 3), accounted for roughly 44 % of the overall variance in the 

transcriptomes, whereas TRI29 was able to reconstruct virtually all (99.9 %) of the 

full range of transcriptomic variation. Consequently, the complete set of models up 

to TRI29 was able to give a near-total reconstruction of the matrix of differentially 

expressed genes, whereas the much smaller TRI2 retained a highly compact view of 

the most important axes of variation. Importantly, the authors did not presume that 

the form of the TRI that explained the largest amount of variance would automatically 

be the best predictor of interest, and therefore optimized the make-up of the various 

TRI variants by balancing the amount of variance explained against the performance 

of the supervised predictive models. 
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Figure 3. PC1-PC2 scatter plot, representing TRI2, Dose expressed as Deposited Surface Area. 

 

Analyses of the projection of the experimental conditions of TiO2-NPs exposures 

onto the first two PCs suggested that the resulting transcriptomic data occupy a 

broadly continuous space rather than being neatly segregated into discrete clusters: 

PC1 accounted for 29.62 % of the total variance and PC2 for 14.31 %. Along the axis 

of PC1 there was evidence of a gradient that correlated partially with deposited 

surface area – a finding that underscores the importance of dose in shaping the global 

transcriptional response to the particles – although a number of high-dose conditions 

did not conform to a simple dose-dependent trajectory, suggesting that additional 

factors such as particle size, charge and the length of time after exposure may also 

play a role in modulating the observed effects. Taken together, these data support the 

view that changes in gene expression induced by TiO2-NPs cannot be attributed to 

dose alone. Examination of the loadings for PC1 and PC2 provided insights into the 

nature of the transcriptomic responses to the TiO2-NPs instillation: among the genes 

contributing to PC1 (such as Saa3, Saa1 and Serpina3n) many have known links to 

the acute phase response and to inflammation [75, 80, 167], and the activity of these 

genes appears to be closely tied to systemic inflammatory signaling – of note for risks 

to the lungs and to the cardiovascular system [168, 169]. Other contributors to PC1, 

such as Pigr, Irg1 and Ccl2, also support the idea that the dominant axis of variation 

reflected inflammatory and immune responses to exposure to TiO2-NPs, whereas PC2 

appeared to capture a separate biological signal (involving, for example, genes such 
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as Ccl3, which is linked to lung fibrosis, and Hspa1a, which is associated with stress 

and with cardiovascular pathology [170, 171]).  

In order to identify the most suitable formulation of the TRI for characterizing 

lung reactions to TiO2-NPs instillation, I trained predictive models for each of the TRI 

variants ranging from TRI2 through to TRI29, using cross-validation as the primary 

benchmark for model usefulness – quantified in terms of the cross-validated 

predictivity metric Q2
CV – while also considering cumulative explained variance as a 

means of gauging how much of the original transcriptomic signal was retained. Such 

a validation-driven approach was required because, although the incorporation of 

additional PCs can broaden the scope of transcriptomic capture, it can also add noise, 

reduce the generalisability of the findings, and increase the risk of overfitting; 

therefore, it was important to guard against these problems in our analyses. 

Comparison of the different TRI versions showed that TRI2 offered the best 

compromise between predictive ability and informational richness, while noting that, 

despite the fact that TRI29 was able to reconstruct almost the entirety of the 

transcriptomic space, its greater dimensionality did not confer any advantage in 

terms of model robustness – in fact, I found that, as additional components beyond 

the first two (i.e. beyond PC1 and PC2) were added, explained variance tended to rise 

but at the cost of reduced performance on cross-validated prediction (Figure 4). These 

findings show that the PCs that explain the greatest amounts of variance are not 

necessarily the same ones that are most useful for predicting outcomes of interest, 

an observation that is noteworthy given that, in a previous study on MWCNTs, TRI19 

had been singled out as the most predictive index [165]. The fact that I found 

differences between TRI2 (for TiO2-NPs) and TRI19 (for MWCNTs) suggests that the 

choice of TRI – and its optimization – is dependent on both the particular material 

under study and on the characteristics of the available data. Exposure to TiO2-NPs 

appears to provoke a relatively focused, compact transcriptional response dominated 

by pathways of immune activation, acute phase signaling, and oxidative stress, in 

contrast to the effects of MWCNTs, which appear to drive a wider, longer-lasting 

program of inflammation and fibrosis [172–176], and suggest that the concept of TRI 

as a sort of fixed endpoint with a fixed number of principal components is 

inappropriate: rather, the constituent PCs of TRI should be re-optimized whenever a 

new class of nanomaterials, or new data sets, are examined. 

Following the identification of TRI2 as the most suitable endpoint, we 

constructed a ridge-regression model that incorporated a GA-driven feature selection, 

in order to relate this index to physicochemical properties of TiO2-NPs as well as to 

contextual factors of exposure. The resulting predictor demonstrated strong fit, 



50 
 

robustness, and good performance both internally and on the external validation set, 

achieving values of R2 = 0.79, RMSEC = 0.15, Q2
CV = 0.70, RMSECV = 0.18, Q2 = 0.79, 

and RMSEext = 0.15. Because R2 and Q2 were equal – and their difference did not 

exceed the generally accepted tolerance of 0.3 [111, 177] – this equality is taken as 

evidence that the model was not overfit, and the comparison of experimental versus 

predicted values on the observed–predicted plot showed a good degree of agreement, 

supporting the conclusion that the optimized TRI2 can be predicted quantitatively 

from descriptions of TiO2-NPs together with relevant exposure circumstances (Figure 

5a). The AD of the final model was examined with a leverage-based method and 

illustrated graphically with a Williams plot, and all cases fell within the accepted 

range of ±3 for standardized residuals, indicating a lack of problematic outliers, whilst 

none of the points lay outside the domain defined by leverage criteria – suggesting 

that predictions were made within the range of physicochemical and exposure 

conditions represented in the training set, and giving support to the view that the 

model is internally consistent (Figure 5b). 

 

Figure 4. Plot presenting the dependency of Q2CV (higher is better) and explained variance (higher 

is better) of TRI based on the number of included PCs. 

 

The final predictive model produced by the ChemBioML Platform (formula 3) 

identified that the optimized response of TRI2 was largely dependent on BET-specific 

surface area, primary particle size, the concentration of nanoparticles to which mice 

were exposed, and the time elapsed following removal of those particles. These factors 

are all mechanistically plausible and broadly concordant with already known 

mechanisms of pulmonary toxicity induced by TiO2-NPs.  

𝑇𝑅𝐼2 = 0.13 ×  𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 − 0.195 ×  𝐵𝐸𝑇2 − 0.071 ×  𝑇𝑖𝑚𝑒 ×  𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 − 
          0.167 ×  𝑇𝑖𝑚𝑒 ×  𝑆𝑖𝑧𝑒 − 0.201 ×  𝑆𝑖𝑧𝑒                    (3)                                           
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Figure 5. (a) Observed–predicted plot illustrating the accuracy of predictions in two-dimensional space; 

(b) Williams plot depicting the model’s AD. 

 

In particular, specific surface area, as a surrogate for the quantity of reactive 

surface available to cells, has been linked to oxidative stress as well as to 

inflammatory signaling pathways that involve NRF2, MAPK and NF-κB [178, 179], 

while the size of primary particles is biologically relevant – smaller particles typically 

have greater surface-area-to-mass ratios, may exhibit higher curvature and defect 

densities, and can behave differently in terms of cellular uptake and intracellular 

trafficking [179–183]. Consistent with findings in the field, concentration of the 

nanoparticles continued to emerge as a major determinant of changes at the 

transcriptional level in response to TiO2-NPs, in line with the dose–response 

relationships documented in a number of studies [184–186]. At higher levels of 

exposure, cellular responses shift from patterns of adaptive stress signaling to ones 

characterized by more overtly harmful processes such as inflammation, apoptosis, 

necroinflammation, and disruptions of the cell cycle [184–187], while the contribution 

of post-exposure time to predictions of TRI2 reflected the inherently dynamic 

character of transcriptomic readouts. Early time points are usually dominated by 

signals of oxidative stress, innate immunity, and cytokine activity, whereas later time 

points may instead be more reflective of processes of resolution, of tissue repair and 

remodeling, of extracellular-matrix assembly, or of persistent inflammatory activity 

[136, 176, 186, 188]. Interactions that involved terms combining time with 

concentration and with size suggest that the effect of TiO2-NP exposure on gene 

expression is dependent not only on the physicochemical properties of the particles 

themselves but also on the way in which biological responses evolve after exposure – 
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of particular note given that pulmonary transcriptomic responses are dynamic and 

may differ markedly between measurements taken shortly after exposure and those 

taken at later times – and the final model therefore supplies a quantitative linkage 

between the properties of materials, the conditions of exposure, and the resulting 

large-scale molecular changes. 

The findings show that the concept of TRI, although originally developed in the 

context of MWCNT studies, can be transferred to investigations of other metal oxide 

nanoparticles, including TiO2-NPs-induced pulmonary transcriptomic responses. 

This transfer, however, concerns the overall workflow rather than the establishment 

of a single, universal definition of TRI. Because the numerical value of TRI depends 

on the particular set of genes analyzed, the specific experimental set-up, the methods 

of pre-processing applied, and the structure of the PCs used in a given study, values 

of TRI are only directly comparable within the context of a harmonized dataset from 

which they have been derived.  For this reason, the application of TRI to new 

nanomaterial classes or exposure paradigms requires recalculation and optimization 

of the index rather than direct reuse of previously established values. A key 

contribution of this work is the formalization of a data-driven rule for the choice of 

the most appropriate index of TRI – namely, that the choice of the ‘optimal’ index 

should take into account, in tandem, measures of cross-validated predictive 

performance, of the amount of transcriptomic variance explained, of results from 

external validation, and of assessments of the AD. By doing so, I have taken steps to 

move TRI from a proof-of-concept measure into something that is more standardized 

and compatible with NAM approaches. In the case of TiO2-NPs, the optimized TRI also 

provides a quantitative bridge between physicochemical and exposure-related 

nanoparticle descriptors and the global pulmonary transcriptomic response. This 

suggests that in regulatory or screening settings, TRI might be useful as a 

continuously valued measure of transcriptomic bioactivity – for purposes such as 

early prioritization of test items, ranking of potency, grouping, providing support for 

read-across arguments, and for extrapolation within a given study. 

The present work demonstrates that the global changes in gene expression 

triggered by TiO2-NPs can be represented within a single, optimally-tuned index and 

that the endpoint designated as TRI2 proved particularly effective at capturing the 

major biologically relevant dimensions of the transcriptomic response, avoiding the 

loss of predictive power that can accompany the addition of too many components. 

The resulting ML model was shown to perform well on external validation, to be 

interpretable, and to be driven by variables of clear mechanistic relevance – among 

them BET surface area, primary particle size, concentration, and time elapsed after 
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exposure – and the results support the view that TRI constitutes a transferable, 

though at least somewhat dataset-dependent, approach for reducing complex 

transcriptomic outputs to endpoints that are suitable for use in a NAM context for 

assessing the hazards of nanomaterials. 

 

3.3 Titanium-based ENMs exposure 

biomarkers 

3.3.1. Introduction 

Biomarkers represent quantifiable signs of perturbation of biological systems, 

disease pathology, or specific responses to foreign substances [189]. In the fields of 

toxicology and risk assessment, those biomarkers that are derived from omics data 

are considered highly informative because such measures can detect early, 

subclinical molecular changes that occur before visible damage to tissues and can 

thereby illuminate the mode of action (MoA) of stressors in disease states [190–192]. 

This importance is underscored by the growing focus on NAMs, within which high-

throughput and detailed, high-content methods are increasingly being recognized as 

useful for evaluating the safety of chemicals and ENMs [153]. 

The practical application of omics technologies to assess the hazards of 

nanomaterials is still limited, in part because traditional statistical methods – while 

capable of detecting changes in gene expression in response to TiO2-NPs – often lack 

the power to predictively integrate a range of ENM physicochemical traits together 

with varied experimental circumstances; they are not always able to predict how 

groups of such factors jointly influence biological readouts. ML methods offer a way 

forward, since they are well-suited to analyses of high-dimensional toxicogenomic 

data, to the optimization of which features are used as predictors, and to the 

construction of models that link properties of the material with consequent biological 

effects [159, 193]. This is particularly important for studies of lung biology, where 

responses may depend on many intertwined variables such as particle size, the 

surface area of deposited particles, charge, dose, and time elapsed after exposure. 

The aim of the work was to use supervised ML techniques to detect 

transcriptomic signatures that signal pulmonary damage caused by TiO2-NPs, as well 

as to predict such changes based on the physicochemical traits of the particles. By 

modeling the behavior of over 600 differentially expressed genes, I aimed to pinpoint 

those genes whose expression patterns are particularly responsive to characteristics 

of TiO2-NPs and that have close links to processes of inflammation and fibrotic 
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pathology [41, 166]. In doing so, the study seeks to overcome a major drawback of 

traditional transcriptomics – namely, the difficulty of turning measurements of gene 

expression into actionable predictive models of biomarkers – and therefore 

contributes to efforts at early hazard detection, to the development of SSbD 

approaches, and to wider adoption of omics-driven NAMs within regulatory 

toxicology. 

 

3.3.2 Materials and Methods 

The present investigation relied on transcriptomic datasets that had been 

generated in earlier studies concerning exposure of mouse lungs to TiO2-NPs 

possessing a range of physicochemical traits [41, 134–136, 166]. In those original 

works, detailed descriptions were given of both the in vivo experiments and of the 

resulting global patterns of transcription in lung tissue following treatment with TiO2-

NPs. Gene-expression measurements were taken from lung tissue of female C57BL/6 

mice aged 5-7 weeks after a single intratracheal instillation of five different TiO2-NPs, 

at two time points following exposure (days 1 and 28), and included groups of 6–8 

female mice treated with the nanoparticles, with vehicle-only controls, and with a 

reference group exposed to the well-known carbon black nanoparticle Printex90 [41, 

134, 135]. The dosages of TiO2-NP used in the original work – 18, 54, and 162 µg per 

mouse – had been chosen on the basis of earlier toxicological work as well as of 

estimates of typical occupational exposures, and correspond to roughly 1.5, 5, and 

15 eight-hour workdays at the maximum level of permissible exposure for TiO2 in 

Denmark [41, 134, 135]. The set of nanoparticle properties that were analyzed – 

which included variables such as time after exposure, dose, primary particle size, 

BET surface area, charge, and deposited surface area – was used as input for the 

construction of predictive models based on machine learning, and key details 

regarding the physicochemical properties of the TiO2-NPs studied, together with their 

experimental contexts, are collated in Table 2. 

Gene-expression data were subjected to filtering in order to isolate those 

transcripts that showed a significant response to at least one condition of TiO2-NP 

treatment. A gene was therefore deemed differentially expressed when it satisfied the 

criteria p ≤ 0.05 together with |fold change| ≥ 1.5 – a cut-off that is in line with 

previous work in this area and that is thought to retain sufficient detail for 

subsequent modeling efforts [41, 80, 133, 137–139]. For each combination of gene 

and condition, responses were then recoded as binary variables: genes that met the 

criteria for differential expression were placed in a ‘responsive’ group (coded as "1"), 
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and those that fell below the cut-offs were placed in a ‘non-responsive’ group (coded 

as "0").  

Random Forest (RF) classifiers were constructed in order to predict changes in 

gene expression in response to various physicochemical and exposure-related 

characteristics of TiO2-NPs, and hyperparameter optimization was carried out via grid 

search with cross-validation (GridSearchCV). Other tree-based methods, including 

Extreme Gradient Boosting (XGBoost) and Light Gradient Boosting Machine 

(LightGBM), were also tested in order to benchmark different approaches to 

prediction, although none of these alternatives led to improvements sufficient to 

justify their use; therefore, the analyses proceeded with the use of RF models alone. 

In addition, a distinct classifier was built for each different DEG, giving rise to a set 

of more than 600 individual models that linked properties of TiO2-NPs, together with 

details of their use, to specific classes of gene expression change.  

Due to frequent imbalances between gene-response classes, I employed the 

Synthetic Minority Oversampling Technique (SMOTE) in order to even out the 

composition of our training sets; by generating synthetic examples of the minority 

responses, this approach helped to better represent under-sampled phenotypes and 

to mitigate bias in favor of the majority class. In order to evaluate the predictive 

performance of our models, 6 observations were randomly withheld from the training 

process and subsequently used as independent test cases – these points were never 

part of the calibration procedure, thereby permitting assessment of the models’ 

capacity to generalize to new data – and, in parallel, I carried out 5-fold cross-

validation in order to probe the robustness of the methods.[98] The quality of the 

various classifiers was appraised on the basis of a range of metrics, including 

Accuracy, Precision, Recall, the F1 score, area under the receiver operating 

characteristic curve (ROC-AUC), and confusion matrices, with the aim of 

determining, for each method, how well they could discriminate between responsive 

and non-responsive patterns of gene expression. These measures were then used 

together to evaluate overall performance. For an additional test of generalisability, 

the predictor of the response of Saa3 was applied to quantitative reverse-transcription 

polymerase chain reaction (qRT-PCR) data arising from separate studies of TiO2-NP 

exposure of the lung that had been conducted under the same experimental [194, 

195]. Those data comprised measurements at post-exposure times ranging from 1 to 

180 days, as well as deposited exposure totals in the range 13.2–481.3 cm2, and I 

calculated fold changes both from mean values and from the associated standard 

deviations taken across the different groups of animals. 
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AD was delineated by first normalizing the input variables used to train the 

classifiers and then detecting outliers (denoted as X-outliers) within this normalized 

set of training cases; the AD was consequently characterized as the space of 

responses, together with the associated physicochemical properties, represented in 

the training material. Because cases that differed markedly from the distribution of 

the training set were regarded as potentially unreliable (given the possibility that the 

learning algorithm may not have captured the behavior of sparsely populated regions 

of feature space), predictions for such atypical test examples were treated with 

caution. In order to identify robust biomarker classifiers, I applied cuts on overall 

performance, retaining only those models that scored at least 0.7 on measures of 

ROC-AUC, Accuracy, Precision, Recall, and F1-score [196–199]. In addition, any 

models that contained genes without informative symbols were removed from 

consideration in subsequent work on biological significance, so that the end result 

was a collection of transcriptomic biomarkers whose behavior could be reliably 

predicted from the properties of TiO2-NPs, and which were also biologically 

interpretable. 

 

3.3.3. Results and Discussion 

The primary aim of the work was to determine whether machine-learning 

methods could be harnessed to identify and predict transcriptomic changes 

accompanying exposure of mouse lungs to TiO2-NPs. By applying thresholds of 

statistical significance (p ≤ 0.05) together with a criterion on the magnitude of change 

(absolute fold change ≥ 1.5), I selected 621 DEGs for subsequent modeling. These 

data encompassed 30 different experimental conditions, which included five distinct 

types of TiO2-NPs characterized by differing physicochemical properties, three 

different concentrations of exposure, and two time points following exposure. Each 

gene was recoded as a binary outcome – ‘responsive’ when its expression was 

significantly altered, and ‘non-responsive’ when it was not – allowing the construction 

of a separate supervised classifier for each DEG. Altogether, 621 Random Forest 

classifiers were trained, linking information about the physicochemical 

characteristics of the particles as well as various measures of exposure (such as 

deposited surface area, particle size, concentration, surface charge) and the post-

exposure time, to the responsive/non-responsive status of each gene. These 

classifiers were assessed through cross-validation as well as on independent test sets, 

with a range of standard classification metrics (Accuracy, Precision, Recall, F1-score, 

ROC-AUC) together with confusion matrices, and alternative tree-based approaches 
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such as XGBoost and LightGBM were tried, although none of these were found to 

outperform the Random Forest approach; consequently, Random Forest was adopted 

as the final method of analysis. An exemplar case of model performance was provided 

by the model for Saa3, which showed strong discriminative power both in cross-

validation and on external data, and the Saa3 model was further tested on 

independent quantitative polymerase chain reaction (qPCR) measurements from 

earlier studies of TiO2-NP exposure, where it yielded high balanced accuracy and thus 

evidence for robust predictive power beyond the original training set [194, 195]. 

In order to isolate the most dependable and biologically interpretable classifiers, 

I applied cut-offs on overall predictive performance – retaining only those models that 

scored at least 0.7 on measures of ROC-AUC as well as on Accuracy, Precision, Recall 

and F1-score – which resulted in a set of 22 high-quality models. Among these, five 

that corresponded to genes without informative symbols were excluded from 

subsequent biological analyses, leaving 17 property-driven transcriptomic 

biomarkers (namely, Saa3, Saa1, Pigr, Irg1, Hspa1a, Ccl2, Il1b, Serpina3n, Ccl3, 

Bcl6b, Il18bp, Nxph3, Hmox1, Mcam, H2-K1, Serpine1, and Malt1). These genes were 

chosen in part on the grounds that changes in their expression could be predicted 

from the physicochemical properties of TiO2-NPs as well as from details of the 

exposure, and that they are of known biological relevance to lung disease – many of 

them are linked to inflammatory pathways, acute phase responses, immune 

activation, oxidative stress, and to fibrotic processes (for example, Saa3, Saa1, Il1b 

and Serpina3n are closely tied to acute inflammation and to the acute phase 

response, whereas Ccl3 and Malt1 are involved in inflammatory signalling and in 

pathways associated with lung injury and fibrosis [75, 80, 168–170, 200, 201]). The 

identification of these 17 genes therefore shows that the transcriptomic changes 

induced by TiO2-NPs are not random but are systematically linked to particular 

properties of the particles as well as to specific conditions of exposure; notably, 

several of the genes identified here have also been implicated at the protein level in 

inflammatory responses following inhalation of particles – for instance, Ccl2, Il1b and 

Ccl3 have been found in lung tissue after exposure to UV-Titan L181, and levels of 

Ccl2 in bronchoalveolar lavage have correlated with neutrophil influx in the context 

of pulmonary exposure to diesel exhaust [166, 202]. Likewise, circulating levels of 

Saa3 have shown correlations with neutrophil activity after exposure to metal oxides 

[195] – findings that reinforce the biological relevance of the biomarkers that I have 

selected. 

Through a series of feature-importance analyses aimed at elucidating which 

physicochemical properties of TiO2-NPs most strongly affected predictions for 17 
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chosen biomarkers, it emerged that deposited surface area was by far the most 

influential factor on average, followed in importance by post-exposure time and by 

surface charge – findings that suggest that changes in transcriptomic responses to 

TiO2-NPs arise from a combination of dosage-related, temporal, and surface 

chemistry factors rather than from any single characteristic of the particles 

themselves (Figure 6). In particular, the finding that deposited surface area was the 

dominant predictor is in line with previous work showing the importance of retained 

particle surface area as a driver of pulmonary inflammation following exposure to 

nanomaterials [41, 45, 203], and this property, which combines information about 

dose, particle size and surface properties, may therefore be seen as a more biologically 

relevant measure of exposure than simple mass concentration. As smaller particles 

tend to have higher surface area per unit mass, this may account for increased 

contact with lung tissue, greater rates of cellular uptake, and more pronounced 

effects on oxidative stress and inflammatory signaling in these contexts [41, 203–

205]. The prominent role of deposited surface area therefore supports the view that 

interactions mediated at the surface of the particles are central to the perturbation 

of gene expression induced by TiO2-NPs. Surface charge also made a substantial 

contribution to predictions of gene expression changes – a result that is biologically 

plausible given the known effects of nanoparticle charge on interactions with cell 

membranes, on the formation of protein coronas, on cellular internalisation, and on 

intracellular trafficking [206] – and the fact that positively charged particles may 

show enhanced uptake and longer retention, with consequent amplification of 

transcriptional changes associated with inflammation, oxidative stress and immune 

signalling, suggests that differences in charge may partly underlie why otherwise 

comparable TiO2-NPs (in terms of size or dose) can give rise to different patterns of 

gene expression. Finally, post-exposure time was found to be an important predictor 

as well, signalling that the transcriptomic responses to TiO2-NPs are dynamic over 

time, with short-term changes tending to be associated with acute inflammation, 

innate immunity and acute-phase signalling, whereas later time points may reflect 

more persistent inflammation, immune modulation, tissue repair or recovery 

processes [207–210]; thus, the timing of observations is key to making sense of the 

effects of TiO2-NPs on the lung, and for discriminating between transient changes at 

the molecular level and potentially persistent pathological states. 

This investigation has defined a panel of seventeen genes whose expression 

patterns are directly relevant to assessments of pulmonary risk, many of which 

participate in acute inflammatory signalling, chemokine-mediated communication, 

recruitment of immune cells, oxidative stress responses, and regulation of the 
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extracellular matrix – all of which are mechanistically tied to adverse outcomes such 

as pulmonary inflammation, fibrotic changes and long-term alterations in tissue 

architecture (for instance, genes such as Ccl2 and Il1b play roles in 

monocyte/macrophage activation and inflammatory signalling, whereas Serpine1 

and Malt1 may be linked to pathways involved in tissue remodeling and lung [170, 

200, 201, 211]). The use of biomarker-driven predictive models such as those 

presented here therefore underpins the wider shift towards omics-informed NAMs, 

and, by linking physical–chemical characteristics of TiO2-NPs with transcriptomic 

biomarkers, provides a mechanistically interpretable means of flagging potential 

hazards at early stages – information that is of particular value for programmes aimed 

at designing safe and sustainable products, where groups of nanomaterials might be 

ranked or altered prior to synthesis or large-scale deployment on the basis of 

predicted biological responses. In addition, the models described here may prove 

useful to the field of regulatory toxicology, by offering quantitative data on the way 

that factors such as particle size, surface area, charge and length of exposure can 

affect early molecular events. 

 

 

Figure 6. Average Feature Importances for the models predicting the selected 17 biomarkers. 

 

The work shows that it is possible to use ML approaches to predict 

transcriptomic signatures of lung damage induced by TiO2-NPs on the basis of the 

physicochemical characteristics of those particles together with details of their 

exposure circumstances. The resulting set of 17 biomarkers appears to have both 

diagnostic and explanatory value, encompassing key molecular pathways involved in 

inflammation, acute-phase responses, immune activation, oxidative stress, and 

fibrotic signaling, and analyses of feature importance showed that deposited surface 

area, surface charge, and the post-exposure time are key factors in determining these 
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effects. Taken together, the models developed here offer a workable method for 

flagging potential hazards at an early stage, aid the wider adoption of omics-based 

NAMs, and may help to make the use of nanomaterials safer by allowing predictions 

– on the basis of particular physical properties – of how such materials might affect 

pulmonary molecular biology. 
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4. Conclusion 

This dissertation addressed a central problem in modern nanosafety 

assessment: how to convert complex, high-dimensional pulmonary transcriptomic 

responses induced by ENMs into predictive and biologically meaningful endpoints. 

The work was built around the hypothesis that transcriptomic perturbations caused 

by nanomaterial exposure are not random or purely descriptive signals, but 

structured biological responses that can be quantified, interpreted, and predicted 

from physicochemical and exposure-related properties using validated machine-

learning approaches. 

The results support this hypothesis. Across two distinct classes of engineered 

nanomaterials (MWCNTs and TiO2-NPs), the studies demonstrated that omics data 

can be transformed into endpoints suitable for mechanistic hazard assessment and 

potency ranking. For MWCNTs, thousands of differentially expressed genes were 

compressed into a TRI that retained the essential structure of the global pulmonary 

transcriptomic response. This showed that the broad biological effect of carbon-based 

nanomaterials can be represented by a compact systems-level endpoint and predicted 

from structural descriptors using a validated nano-QSAR model. The model, 

therefore, provided a practical alternative to modeling thousands of genes 

individually, while still preserving the broader transcriptomic signal relevant to 

pulmonary toxicity. 

The extension of the TRI concept to TiO2-NPs further demonstrated that the 

framework is transferable, but not mechanically universal. The TiO2-NPs study 

showed that the optimal TRI formulation must be adapted to the variance structure 

and biological characteristics of each dataset. While the MWCNT response required a 

broader principal-component representation, the TiO2-NPs response was best 

captured by a more compact TRI based on the first two principal components. This 

finding is important because it shows that TRI is not simply a fixed mathematical 

index, but a flexible modeling strategy for transforming omics complexity into a 

predictive endpoint. The optimized TiO2-NPs model linked global transcriptomic 

activity to biologically plausible descriptors, including surface area, particle size, 

concentration, and post-exposure time, confirming that nanomaterial-induced 

transcriptomic responses can be quantitatively connected to measurable material 

and exposure properties. 

In parallel, the biomarker-level analysis provided a more mechanistic layer of 

interpretation. The supervised machine-learning models identified a panel of TiO2-
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NP-responsive genes associated with acute-phase responses, inflammatory signaling, 

immune activation, oxidative stress, and tissue-remodeling processes. Genes such as 

Saa1, Saa3, Ccl2, Il1b, Hmox1, Serpine1, and others represent biologically 

interpretable markers of pulmonary perturbation and possible progression toward 

adverse outcomes. The feature-importance analysis further showed that deposited 

surface area, post-exposure time, and surface charge were among the dominant 

drivers of predicted gene activation. This supports the broader toxicological 

interpretation that nanomaterial hazard cannot be explained by nominal 

concentration alone. Instead, the pulmonary response reflects an interaction between 

biologically relevant dose, surface-mediated activity, particle-cell interactions, and 

time-dependent tissue response. 

Together, the global TRI models and biomarker-level models provide 

complementary views of nanomaterial-induced toxicity. The TRI captures the 

integrated magnitude and direction of transcriptomic perturbation at the systems 

level, whereas the biomarker models identify specific molecular signals connected to 

inflammation, oxidative stress, and fibrotic mechanisms. This combination 

strengthens the overall framework because it connects prediction with interpretation: 

the models  not only estimate whether a transcriptomic response is likely to occur, 

but also help explain which material properties may drive that response and which 

biological pathways may be involved. 

The dissertation therefore establishes a coherent properties-to-omics predictive 

framework for nanosafety assessment. It shows that physicochemical and exposure-

related properties of engineered nanomaterials can be linked to both global and gene-

specific transcriptomic outcomes through validated ML workflows. This directly 

addresses the need for NAMs and IATA that can reduce dependence on extensive 

animal testing while preserving mechanistic relevance. The developed approach can 

support early hazard identification, potency ranking, prioritization of materials for 

further testing, and SSbD strategies by identifying potentially hazardous properties 

before later-stage adverse outcomes are observed. 
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