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Introduction/Abstract 31 

Toxicogenomics aims at characterising the mechanism of action (MOA) of environmental 32 
exposures, and often relies on transcriptomics to investigate the responses of exposed 33 
biological systems. However, the identification of shared toxicogenomics-derived signatures 34 
across exposed biological systems is hampered by the complexity and heterogeneity of 35 
transcriptomics data. 36 
Given the lack of a clear transcriptomic signature of exposure, we hypothesise that common 37 
patterns of gene regulation could explain the response to engineered nanomaterials (ENM) 38 
across biological systems, disentangling the complexity of their MOA. We performed meta-39 
analysis of a large collection of transcriptomics data from various ENM exposure studies and 40 
identified deregulation of immune functions as a prominent response across different ENM 41 
exposures. This pattern of transcriptional deregulation differed significantly from exposure to 42 
drugs. By investigating the promoter regions of genes frequently altered both in vitro and in 43 
vivo following exposure to ENM, we identified a set of binding sites for zinc finger 44 
transcription factors C2H2 involved in chromatin remodelling and immunomodulation. We 45 
further demonstrate that this gene regulatory model also underlies the transcriptomic MOA in 46 
non-mammal species of ecotoxicological interest exposed to ENMs, suggesting that it may be 47 
part of the innate immune system conserved by natural selection. 48 
 49 
Main 50 
 51 
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Unravelling the potential mechanisms of toxicity of engineered nanomaterials (ENMs) is a 52 
major objective of nano-toxicogenomics, and to date a plethora of transcriptomics data have 53 
been generated for this purpose 1. Multiple efforts aim to use mechanistic data to find 54 
commonalities among environmental exposures, hence facilitating the grouping of ENM by 55 
MOA streamlining their safety assessment2. However, due to the high complexity and 56 
variability of biological systems, transcriptomic profiles are often heterogeneous, further 57 
biased by the typically small-scale datasets for ENMs (low numbers of ENM, limited doses 58 
and time points). This results in a myriad of toxicogenomic signatures, which show only a 59 
moderate degree of similarity to each other (Figure S1). 60 
Furthermore, the high heterogeneity of transcriptomic profiles prevents from finding 61 
relationships between the biological mechanisms observed in vitro with real life exposure 62 
scenarios. However, improving the in vitro-in vivo extrapolation (IVIVE) requires the 63 
definition of better models able to transpose the mechanisms of toxicity detected at shorter 64 
observations in vitro (hours or days) to long time scales (weeks or months) observed in vivo3.  65 
In contrast to the specificity of the transcriptional response to environmental signals, the 66 
regulatory circuits controlling gene expression are usually well conserved across species 4. 67 
Furthermore transcriptional changes usually follow an “impulse-like” kinetic, whereas 68 
regulation of transcription is achieved by multiple layers of sustained genetic and epigenetic 69 
signals 5. For this reason, gene regulation is associated with more stable physiopathological 70 
changes, and can be more reliable in detecting alterations induced by the exposure than the 71 
single gene expression. 72 
Here, we leveraged this concept by searching for common patterns of gene regulation 73 
underlying  the adaptive response of multiple biological systems exposed to a variety of ENM. 74 
We analysed the most comprehensive transcriptomics data collection for ENMs, in which the 75 
expression of 3,676 genes is measured across 584 experimental conditions 6–8. This data space 76 
includes multiple human and mouse cell types and tissues, both in vitro and in vivo, exposed 77 
to ENM varying in chemistry, geometry and size.  78 
In toxicogenomics studies, each significant variation observed between the exposed and 79 
unexposed samples is considered to be induced by the test compound, and it is commonly 80 
defined as its MOA signature. Hence, we first performed differential expression analysis for 81 
each dataset in the ENM collection, and computed the pairwise similarity among them. Our 82 
results suggest that the transcriptomic signatures of ENM exposures are substantially dissimilar 83 
from each other (Figure S1). This corroborates the hypothesis that transcriptional MOAs do 84 
not reveal common patterns of adaptation due to the high diversity of the exposures as well as 85 
the exposed biological systems 9. 86 
Consequently, we utilised an ensemble meta-analytical approach to highlight robust patterns 87 
of molecular alteration detected in multiple ENM exposure systems in vivo and in vitro. This 88 
allowed us to rank the list of 3,676 genes according to the robustness of their expression 89 
patterns across the conditions and datasets (Table S1).  90 
 91 
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 92 
Figure 1. A Comparison of the meta-analysis ranks obtained from ENMs and drug safety 93 
derived data (TG-Gates). Genes sharing the same position in both datasets are marked in green. 94 
Genes whose position difference is smaller or bigger than 10 are marked in light blue and grey, 95 
respectively. B Molecular descriptors correlated with genes at the top of the ENM ranking. For 96 
each molecular descriptor, the top 10% of genes in the dataspace whose expression is 97 
correlated, is selected. A GSEA approach is used to highlight the descriptors whose correlated 98 
genes are enriched at the top of the ENM rank. For more detail, see Methods. C Pie chart 99 
representing the functions associated with the meta-analysis rankings, grouped into 6 main 100 
biological categories. For each section, the number of pathways falling within the category is 101 
reported. The complete list of pathways is shown in Table S3.  102 
 103 
In order to assess the specificity of the transcriptional signature of ENM highlighted by our 104 
meta-analysis, we applied the same analytical pipeline to the Open Toxicogenomics Project-105 
Genomics Assisted Toxicity Evaluation System (TG-Gates) dataset, in which the 106 
transcriptomic adaptation of rat liver tissue is measured after treatment with 158 small 107 
molecules. Our analysis showed substantial difference among the two ranks (Figure 1A), 108 
suggesting that the transcriptional signature highlighted by our meta-analysis is indeed specific 109 
to ENM and is not overlapping with the effects of small molecules. ENMs differ from drugs 110 
due to their unique physicochemical properties and increased complexity, requiring more 111 
information to be described than just the structure (e.g., core chemistry, coating 112 
functionalization and biomolecule binding) 10,11. So we next investigated whether 113 
characteristics of ENMs would be associated with the transcriptional signature. To this aim, 114 
we curated a set of 159 molecular descriptors and 46 experimental labels, and computed their 115 
correlation with gene expression across the dataset (Table S2). A subset of descriptors 116 
associated with ENM solubility, charge, structure, molecular interactions, and stability of the 117 
ENM were correlated with genes at the top of our rank (Figure 1B). These results suggest that 118 
descriptors relevant to the ENM-bio interaction or biological activity, associated with charge 119 
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and solubility, (e.g. dipole moments, dispersion energy, zeta potentials, surface energies and 120 
hydrophilicity or Hamaker constants descriptors) strongly determine the host response to ENM 121 
exposure. Similarly, structure and stability (dissolution, heat of formation and absolute 122 
hardness descriptors) seem to be key players of the induced response. Finally, the size of an 123 
ENM and its surface appear to significantly affect the genes at the top of the meta-analysis 124 
rank. Interestingly, some of these descriptors have been previously successfully used to predict 125 
ENM toxicity, highlighting the significance of the ENM surface reactivity 12.  126 
The complete meta-analysis rank enriched biological pathways belonging to six main 127 
categories: cell stress response, innate immunity, cell death, perturbation of cell cycle, 128 
neurological diseases, and adaptive immunity (Figure 1C). Oxidative stress is a prevalent 129 
mechanism of ENM toxicity: the reactive surface of ENMs can promote the generation of 130 
intracellular reactive hydroxyl radicals, which in turn results in lipid peroxidation, interference 131 
with proteins, and DNA damage 13. Similarly, the overlap of the ENMs energy band gap, i.e., 132 
the energy levels of the valence and conduction band with the cellular redox potential have 133 
been correlated with oxidative stress 14 12. Cytotoxicity is a routinely tested effect of ENMs, 134 
which is often modulated by the particle physicochemical characteristics 15. Pathways 135 
associated with neurological diseases were also found enriched in the ENM toxicogenomics 136 
dataset. Indeed, many ENMs have been previously associated with possible neuronal toxicity 137 
2, and protein unfolding at ENM surfaces may also influence protein fibrillation 16.  138 
Finally, pathways related to both innate and adaptive immunity were strongly enriched. Among 139 
the innate immunity related pathways, IL-12, IL4, IL6, Jak-STAT signalling pathway and 140 
interferon responses clearly emerged (Table S3). Interferons are known to mediate the early 141 
innate and ancestral defence mechanisms, especially upon viral infections 17,18, and have also 142 
been reported as being activated by exposure to some ENMs 19–22 Interestingly, immune-related 143 
pathways appear to be frequently altered across multiple cell types and tissues, even those 144 
which do not have a primary immune function, such as hepatocytes, respiratory epithelial cells 145 
or human fibroblasts, in response to ENMs with diverse intrinsic properties. 146 
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 147 
Figure 2. A-B Genes prioritised through functional analysis in vitro (A) and in vivo (B) are 148 
clustered according to the deregulation frequency following short, intermediate and long term 149 
post-exposure monitoring. The cluster containing genes altered in at least 40% of the long-term 150 
monitoring samples (highlighted by the purple boxes), are selected for further investigation. C 151 
Venn diagram showing the overlap between the two clusters of genes (in vitro and in vivo). D. 152 
Venn diagram showing the overlap of the regulatory motifs whose expression was statistically 153 
significant in the promoter regions of the two clusters of genes. E. Conceptual pipeline of the 154 
promoter analysis performed in this study. First, the DNA sequence of the [-500,+100] region 155 
around the transcriptional start sites (TSS) is retrieved. Motif discovery is performed through 156 
the MEME suite, finding all the DNA motifs between 6 and 15 base pairs which would satisfy 157 
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a p-value threshold of 0.05. Finally, all the motifs are matched to the closest transcription factor 158 
binding site (TFBS) returned by the Factorbook database. F. Density plot of the position of 159 
genes regulated by the C2H2 family of transcription factors in the original complete ENM 160 
dataset.  161 
 162 
We hypothesised that the meta-analysis of the transcriptomics data sets could allow the 163 
identification of specific patterns of transcriptional alterations common to both in vitro-in vivo 164 
ENM exposures monitored over the long term. For this, we focused our attention on the subset 165 
of the top 1,872 genes of the meta-analysis rank, which showed the most significant enrichment 166 
in the functional analysis (see Methods). 167 
By comparing patterns of gene expression alteration in long term post-exposure monitoring in 168 
vitro and in vivo (cfr. Methods, Figure 2A-B), we identified two distinct clusters of genes 169 
altered in at least 40% of the samples (Figure 2C and Table S4-S5). The in vivo and in vitro 170 
clusters contained 319 and 273 genes, respectively, sharing a set of 56 genes. Functional 171 
annotation of these genes highlighted unfolded protein response (UPR) and apoptosis. UPR is 172 
induced after accumulation of misfolded proteins in the endoplasmic reticulum, activating 173 
multiple biological processes to ease the reticulum stress, and ultimately inducing apoptosis if 174 
it cannot be reverted 23. ENMs are known to induce endoplasmic reticulum (ER) stress through 175 
various mechanisms, including reactive oxygen species (ROS) production, which can 176 
eventually lead to UPR in many cell types 24,25. ENMs are also known to contribute to unfolding 177 
of proteins and protein fibrillation, and to shed proteins from extracellular locations 178 
intracellularly as they are transported into and around cells, potentially disrupting cellular 179 
proteostasis 16. The acquisition of complement proteins, acute phase, and tissue leakage 180 
involved proteins into the ENM corona have also been shown to act as “thorns” inducing a 181 
proinflammatory response 26 . 182 
Long term physiopathological changes are well captured by epigenetic modifications, while 183 
transient patterns of molecular response are usually associated with rapid transcriptional 184 
alteration 27. Therefore, we investigated whether these two clusters of genes that remained up-185 
regulated for extended periods, shared a regulatory mechanism underlying the transcriptomic 186 
response. 187 
We retrieved the promoter sequences of each gene both in vitro and in vivo, and searched for 188 
conserved motifs around the transcription starting site (TSS, Figure 2E). We identified ten and 189 
eight DNA motifs significantly (p-value < 0.05) associated with the in vivo and the in vitro sets 190 
of genes, respectively (Figure 2D, Table S6). Each of these motifs was then matched to a 191 
transcription factor binding site (Figure 2E).  192 
Of note, when the regulatory layer of the transcriptome is investigated, the similarity between 193 
in vitro and in vivo increases from 20% to more than 40% (Figure 2 C-D). More interestingly, 194 
the set of discovered motifs mainly binds members of the C2H2 zinc finger subfamily (C2H2-195 
ZNF), possibly suggesting a central role of this family of transcription factors in the conserved 196 
response to ENMs 28.  197 
C2H2-ZNF are a large family of transcription factors in the eukaryotic genomes with a key role 198 
in development and differentiation of several tissues 29. C2H2-ZNF are conserved throughout 199 
evolution and bind to repeated and contiguous motifs on target chromatin sites, often associated 200 
with transposable elements 30. It is estimated that more than 700 C2H2 ZNF genes exist in 201 
humans accounting for more than 2 percent of the total human genes 31.   202 
Some members of this family have been directly linked to immunomodulation and 203 
inflammation, including the transcription factors CTCF, Ikaros and ZAS 32–34. Disruption of 204 
the ZNF structures has been associated with metal-ion toxicity, as a secondary effect of the 205 
metal concentration changes, causing interference with gene expression and DNA repair 35. 206 
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Importantly, while they have already been studied in plants as abiotic stress master regulators 207 
36, their driving role in human toxicological responses remains to be clarified to date.  208 
Interestingly, C2H2-ZNF transcription factors play an important role in chromatin plasticity and 209 
recruiting of repressor complexes, such as polycomb 37. Modulation of chromatin structure is 210 
a commonly observed response of hosts to exogenous stimuli, e.g., reduction of chromatin 211 
accessibility to avoid possible viral insertion in the genome 38. However, epigenetic 212 
mechanisms are involved in generic stress responses, and can also alter the chromatin structure 213 
to produce transient translocation and nuclear reorganisation 39,40. This effect primes the cells, 214 
providing an epigenetic memory of the environmental stimulus 41. Notably, this mechanism 215 
has been observed already in plants, and in more simple eukaryotic organisms 39,40. 216 
Furthermore, topological associated domains (TADs) borders are enriched in the C2H2-ZNF 217 
member CTCF, whose binding determines chromatin domains 42. These results suggest that the 218 
epigenetic mechanisms found here can significantly aid the reconstruction of ENM MOA, but 219 
have remained largely unexplored to date. 220 
Next, we tested whether this gene regulatory model would result in information loss, when 221 
compared to the complete transcriptional profile in all the transcriptomics datasets previously 222 
curated (Table S7). Indeed, our results showed that the C2H2-ZNF regulatory model explains 223 
the most relevant transcriptional alterations in all the individual transcriptomic profiles (Figure 224 
2F and Figure S2). Taken together, these findings suggest that the C2H2-ZNF regulatory model 225 
resolves the complexity and disparity of individual transcriptomic responses to ENM 226 
exposures, allowing key epigenetic changes and longer-term, persistent regulatory gene 227 
expression responses to be unravelled. Moreover, analysis of DNA regulatory elements 228 
provides a higher and more stable level of similarity across biological systems, as compared to 229 
the gene-level toxicogenomic signatures. 230 
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 231 
Figure 3. Overview of the species included in our study, and relative proportion of C2H2 ZNF 232 
transcription factors binding sites in the promoter region of the genes involved in their 233 
adaptation response. The statistical significance is indicated by the number of stars (*). * p-234 
value < 0.005 **p-value = 1.4 e-08  and *** p-value < 2.2 e-16 235 
 236 
We further hypothesised that C2H2-ZNF could mediate the ENM transcriptomic responses in 237 
other species of eco-toxicological interest. To this end, we analysed seventeen datasets recently 238 
curated, including ENM exposures to D. rerio, C. elegans, E. albidus and A. thaliana 9,43 . Our 239 
results indicate that also in non-mammal organisms the adaptive response to ENM is regulated 240 
by the C2H2-ZNF transcription factors family (Table S8). Interestingly, the relative proportion 241 
of TFBS matching C2H2-ZNF members decreases down the phylogenetic tree, suggesting a 242 
possible association with organismal complexity 31 (Figure 3). The organisms included in our 243 
analysis have variable levels of organisation of the adaptive and innate immunity. Plants, such 244 
as A. thaliana, display host-immunity that is controlled by polymorphic host genes, where 245 
resistance protein-mediated activation of defence is based on an ‘altered-self’ mechanism of 246 
recognition 44. These mechanisms also commonly use epigenetic modification and chromatin 247 
remodelling to establish memory of the infection, achieving immunity even in absence of 248 
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specialised immune cells 45. Furthermore, in a recent study, Curtis et al. described immune-249 
deregulation and stress response as a shared feature to lithium cobalt oxide (LCO) exposure 250 
across taxonomic groups, including D. rerio 46. 251 
 252 
In conclusion, the response to exogenous stimuli is a primitive function of the cell. Response 253 
to the environment shapes the genome and influences evolution, developing epigenetic 254 
mechanisms to minimise potentially harmful events, and eventually increase the fitness of the 255 
host. Although ENMs are a result of industrialisation, all organisms have been exposed to 256 
nanoscale particles of natural origin across geological eras, generated during volcanic 257 
eruptions, wildfires, and other natural processes 47–49. This, in turn, suggests that the responses 258 
and mechanisms of adaptation are the result of a long evolutionary history of exposure to nano-259 
sized matter. Indeed, our results suggest that a very ancestral regulatory model may be 260 
conserved across the tree of life and can explain the adaptation of biological entities to ENM 261 
exposures. This proposed model solves the apparent heterogeneity of the transcriptomic MOA 262 
landscape and points to a shared immunomodulatory response to ENMs, even in cells whose 263 
primary function is not immunological.  264 
The stability of the regulatory layer across species paves the way to the design of new 265 
toxicological tests that can bridge ecotoxicology and human toxicology 50 , and eventually 266 
facilitate the development of more effective in vitro-in vivo extrapolation testing strategies. 267 
It is an established paradigm that the exposome impacts on the epigenome, often causing 268 
disease susceptibility 51. For this reason, the association between specific DNA modifications 269 
(e.g. DNA methylation) and exposures to environmental factors have been widely investigated 270 
52,53. Our results further suggest that the role of other layers of genomic regulation on priming 271 
future responses to ENM could be investigated.  272 
Finally, this study shed light on an unexplored layer of the adaptation response, in which ENMs 273 
induce a chromatin dynamic response and potentially point to epigenetic marks of the 274 
exposures. 275 
 276 
 277 
 278 

 279 

  280 
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Methods  281 

Data collection and preprocessing of nanomaterial datasets 282 

The meta-analysis of multiple toxicogenomics studies of different classes of ENMs in vitro and 283 
in vivo can help to identify common molecular mechanisms of action independent from the 284 
genotype of the biological system under evaluation. To this end, we implemented a meta-285 
analysis of 66 transcriptomic datasets derived from the public data collection curated by 286 
Saarimäki et al.6 (https://zenodo.org/record/3949890#.YlPUri0RqH0), supplemented with 287 
additional data previously published in Kinaret et al. 8 (GEO accession number GSE157266)  288 
and Gallud et al. 7 (GEO accession number GSE148705) (Table S1). From the original 289 
collection we excluded datasets derived from old microarray platforms, as they shared a small 290 
number of probes with the more recent versions (Table S1).  291 
The datasets GSE148705 and GSE157266 were pre-processed using the eUTOPIA software, 292 
as described in Saarimäki et al 6,54 . Briefly, for the probe filtering step we selected only probes 293 
with a value higher than the 0.8 quantile against the negative control in at least 75% of the 294 
samples. Data were normalised between arrays using quantile normalisation 55. No batch 295 
correction was needed for the dataset GSE148705, while, for dataset GSE157266 we corrected 296 
for technical variation associated with variables “dye” and “slide” using the ComBat method 297 
56. Finally, we used the limma package to compute the gene expression difference between 298 
each exposure in the dataset and the corresponding controls, further correcting the p-value 299 
using the Benjamini & Hochberg procedure. The aggregated, normalised and corrected 300 
expression matrix was then exported, applying no threshold on the log fold change value.  301 
In this study, we selected all pairwise comparisons between time/dose exposures and their 302 
respective controls. The final dataset comprised multiple human and mouse tissues and cell 303 
types exposed to various nanomaterials. From this selection, we were able to define a data 304 
space of 584 specific exposure conditions (treatment, exposure time and dose, and biological 305 
system) and 3,676 genes.  306 
The pool of 3,676 genes represents the intersection of the genes present in all the selected 307 
human and mouse experiments, limiting the mouse-human conversion to 1:1 orthology 308 
relationships (i.e., where both genes in the pair have only one ortholog in the other species, 309 
where an ortholog is a gene in a different species that catalyses the same reaction (i.e., has the 310 
same function)). The ortholog genes were converted using the getLDS function of the biomaRt 311 
R package 57. 312 
 313 
Collection and preprocessing of transcriptomics data for drug exposure 314 
 315 
In order to assess the specificity of the meta-analysis rank, we performed a similar analysis on 316 
a dataset of small molecules. To this aim, raw microarray data for 158 drugs was downloaded 317 
from the Open Toxicogenomics Project-Genomics Assisted Toxicity Evaluation System (TG-318 
GATEs) database 58. The microarray data comes from the in vivo exposure of rats to three dose 319 
levels for each drug. For each dose level, the rats received a single exposure of the drugs and 320 
subsequently liver samples were harvested at four different time points (3, 6, 9 and 24 hours 321 
post-exposure).    322 
Raw data was imported into R by using the justRMA function from the R library Affy 59. Probe 323 
annotation to Ensembl genes was performed by the custom annotation files rat2302rnensgcdf 324 
(v. 22.0.0), downloaded from the brain array website, leading to 12,153 genes. The expression 325 
values were quantile normalised by means of the normalizeQuantile function from the R limma 326 
library 55. 327 
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Lastly, differential expression analysis was performed by means of the R limma library 55. 328 
Differential expression analysis was performed for each drug, for each combination of dose 329 
level and time point available, leading to 1,839 comparisons. The analyses were performed 330 
comparing the treated samples to the matched control samples of the same time point. As a 331 
result, log2-fold-changes, p-values, and adjusted p-values (by means of the FDR correction) 332 
were retrieved for all genes for each comparison. In order to make a comparable evaluation, 333 
from the complete set of genes we selected only ones that were also included in our original 334 
meta-analysis set.  335 

Characterization of the 584 experimental conditions 336 

In our ENM meta-analysis dataspace we were able to identify 584 different experimental 337 
conditions, which are unique because of the biological system, nanomaterial or experimental 338 
condition used (e.g. time, dose). For each experimental condition, we manually curated the 339 
information provided in the original publications and annotated each instance into several 340 
categories (Table S9). First, we grouped samples according to the biological system properties 341 
and exposure setting (organism, biological system, biological system grouping, and whether 342 
the experiment was in vivo or in vitro). We also included information on the exposure duration 343 
(Time, Time_period, Time_h) by grouping samples into short, intermediate, and long 344 
exposures. Different thresholds were defined for in vivo and in vitro settings. In detail, for in 345 
vitro experiments, exposures have been considered short, intermediate and long at 24 hours, 346 
between 24 and 72 hours and after 72 hours, respectively. For in vivo post-exposure periods, 347 
thresholds were posed at up to 3 days for short exposures, between 3 days and 1 month for 348 
intermediate, and more than 1 month for long term ones.  349 
The nanomaterials used in the experiment were classified according to the generic chemical 350 
characteristics of the material (core Material, specific Material, chemistry, metal, oxide, 351 
geometry, material), and the presence or absence of functionalized groups.  352 
A panel of further information was extracted from the original publications (when possible), 353 
covering nanomaterial characteristics (crystal phase, purity, whether the absence of endotoxins 354 
was confirmed (or not), coating, stabiliser and supplier information) as well as protocol 355 
information (dispersant and description of dispersion).  356 
Finally, in the studies in which the ENM had been characterised, data were reported regarding: 357 
nominal diameter, length and specific surface area; TEM diameter, width, and length; BET 358 
surface area; number of walls; DLS mean diameter and PDI in water and medium; Zeta 359 
Potential in water and medium. 360 
Furthermore, a list of 159 molecular descriptors (MD) covering both molecular and electronic 361 
structure properties was computed, when possible, for each ENM (see next section).   362 

Computation of molecular descriptors 363 

A set of 159 descriptors have been computed for the ENMs, including liquid drop model 364 
(LDM) descriptors, electronic structure descriptors, interaction descriptors, image (shape) 365 
descriptors, periodic table descriptors. LDM  molecular attributes (commonly referred to as 366 
“nanodescriptors”) 60 are calculated based on the assumption that ENM can be represented as 367 
a spherical drop, in which elementary molecules are tightly packed, while the density of clusters 368 
is equal to the particle mass density 60,61. The LDM-based descriptors can be applied both in 369 
the case of analysing a single ENMs and agglomerates of ENMs 60. Among the calculated ionic 370 
parameters is: the Wigner-Seitz radius (rw), the number of ENMs in the analysed agglomerate 371 
(n), the number of surface elements (S), the surface – volume ratio (SV), the aggregation 372 
parameter (AP) 60. The Wigner-Seitz radius characterises the minimum radius of interactions 373 



12 

 

between individual molecules (or ENMs in agglomerates) and is represented by the following 374 
formula (1): 375 
 376 

𝑟! 	= 	 $ 3𝑀
4𝜋𝜌𝑁"+

#

$ 377 

 378 
where: M - molecular weight; - mass density, NA - Avogadro constant. 379 
The number of ENMs in the analysed agglomerate (n) is represented using the following 380 
formula (2): 381 
 382 

 𝑛	 = -%!
%"
. $ 383 

 384 
where r0 the radius of each ENMs. 385 
The number of surface elements (S) is represented by the following formula (3): 386 
 387 

 	𝑆 = 	4𝑛&#$ 388 
 389 

where: S describes the ratio of surface molecules to molecules in the volume (or surface EMs 390 
in agglomerates). 391 
The surface – volume ratio (SV) is represented using the following formula (4): 392 
 393 

𝑆𝑉	 = 	 𝑆
1 − 𝑆 394 

 395 
where: SV is the feature that describes the ratio of surface molecules to molecules in volume 396 
(or surface ENMs in agglomerates). 397 
Size-dependent interfacial thickness (h) was calculated with the following formula (5)  398 
 399 

ℎ	 = 	0.01 ⋅ 	 (𝑇 − 273) 	 ⋅ 	𝑟'.$) 400 
 401 

where r – is the nominal size of the ENM, T – temperature 62. 402 
The electronic structure descriptors of ENMs were computed by density functional theory 403 
(DFT) and semi-empirical quantum chemical methods, while the Hamaker constants are 404 
evaluated from  atomistic force fields and a continuum method 63,64. All results are obtained 405 
with a good resolution in a fast manner and the proposed methodologies can be applied on a 406 
broad range of ENMs. The bulk of the ENMs interacts via the long-range van der Waals 407 
interaction, which is a major contribution in the calculation of the adsorption energies of 408 
biomolecules in water. Therefore, Hamaker constants are evaluated to describe bionano 409 
interactions in water through an atomistic force field approach and via Lifschitz theory 64. In 410 
the Lifschitz theory 64 two materials are interacting through a medium; the Hamaker constant 411 
for the ENM and a biomolecule in water is calculated from optical parameters that are 412 
experimentally determined (Table S10), while in the force field approach long-range dispersion 413 
interaction is calculated using the Lorentz-Berthelot rules for sigma (atom size) and epsilon 414 
(atom-atom interaction amplitude) 65,66, i.e. combining rules that provide the interaction energy 415 
between two non-bonded atoms. In the case of metal ENMs, we use CHARMM force field 416 
parameters 67, and for metal oxides and carbon ENMs as well as amino acids, lipids and sugars 417 
the force fields as reported in 68. All the force field parameters have been applied in molecular 418 
dynamics simulations for many ENM properties, including potentials of mean force. 419 
Considering all atom-atom interactions between two molecular entities, the Hamaker constant 420 
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is derived by a simple approximation of the combined sigma and epsilon dispersion 421 
parameters69. In this work we considered the Hamaker constants of ENMs interacting with 422 
biomolecules (amino acids, lipids, hydrocarbons) in water or just the interaction between two 423 
ENM pieces in water. The geometric structures of the bulk ENMs were optimised with DFT 424 
and the PBE functional 70 employing the SIESTA code 71. The band gaps were also calculated 425 
by PBE 70, while the heat of formation, electronegativity, absolute hardness, dispersion energy 426 
per atom, dipole moment and static polarizability descriptors 63 were obtained on the self-427 
consistent field (SCF) level through the semi-empirical code MOPAC 428 
(HTTP://OpenMOPAC.net) using the PM6-D3 72 parametrization. Finally, ionisation 429 
potentials, electron affinities and the global electrophilicity index were computed through self-430 
consistent charge calculations (ΔSCC calculation) for the electronic states of the neutral and 431 
ion ENMs via the GFN1-xTB parametrization of the GFN-xTB code 73–77. 432 
We further included a set of atomistic descriptors that are based on the chemical composition, 433 
potential energy, lattice energy , topology, size, and force vectors 78,79. Constitutional 434 
descriptors are the counts of atoms of different identity and/or location. Potential energy 435 
descriptors are derived from the force-field calculations, corresponding to the arithmetic means 436 
of the potential energies for specific atom types and/or locations in the ENM. Lattice energies 437 
are based on the same potential energies but presented as per metal oxide nominal units (MxOy) 438 
and describe the energy needed to rip away said unit from the ENM surface. All potential 439 
energy-related descriptors are presented in eV units. The coordination number of atoms is 440 
defined as the count of the neighbouring atoms which lie inside the radius,  441 
 442 

𝑅	 = 	1.2	 ×	(𝑅* 	𝑎𝑛𝑑		𝑅+) 443 
 444 

where RM and RO are the ionic radii of metal and oxygen ions, respectively. A low coordination 445 
number indicates that some atoms have missing neighbours and thus makes the ENM more 446 
unstable. The representatives of the size related descriptors were derived from the actual 447 
calculated ENM diameter, obtained as the maximum separation (distance) between any two 448 
atoms in an ENM. The last group of descriptors represent different force vector lengths that 449 
have been derived from the structure optimization. For example to derive the average length 450 
(V) of the surface normal component of the force vector for a shell region atom, its coordinates 451 
(x, y, z), force vector components (fx,fy,fz) and distance from the centre-of-mass (d) are used:  452 

𝑉 = 	 (𝑥𝑓, + 	𝑦𝑓- 	+ 𝑧𝑓.)𝑑  453 

 454 

List of developed atomistic descriptors with sample values for 10 nm TiO2 ENM are presented 455 
in TS11. The described set of atomistic descriptors is also applicable to amorphous ENMs. 456 
Contrary to crystal ENMs, the generation of representative amorphous structures is a multistep 457 
procedure. It requires the simulation of bulk metal or metal oxide materials above their melting 458 
temperature, the extraction of ENMs with the desired size and shape and their subsequent 459 
cooling at the temperature of interest with a prescribed rate. Such a procedure has been applied 460 
in an automated way to build Au/Pt/Cu/Cr/Mo/SiO2 spherical amorphous ENMs with the aid 461 
of the Enalos Demokritos KNIME nodes. All the data are hosted at the NanoPharos database 462 
(db.nanopharos.eu) and were converted into a ready-for-modelling format for the development 463 
of in silico alternative testing strategies and integrated approaches to testing and assessment. 464 
The nanοPharos database provides structured, curated and harmonised datasets. All datasets 465 
are made publicly available and offered in a ready-for-modelling format so that users can 466 
directly import them into computational workflows. 467 
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Meta analysis implementation  468 

In order to identify genes associated with every ENM exposure, we implemented a consensus 469 
of 3 algorithms for meta-analysis, which produced a prioritisation of the 3,676 genes.  470 
As proposed by Kan et al. 80,81 our analysis pipeline is based on the effect size, p-value based 471 
and rank product methods. Usually, the most common meta-analysis framework is the Effect 472 
size methods, assessing within- and between-study variation across multiple studies. This 473 
method outperforms others when there is large between-study variation and small sample sizes. 474 
To implement the effect size-based method, the “effect_sizes” function from the esc R package 475 
was used to compute effect sizes using the p-value argument and the “chi_esc” function 82. The 476 
Fisher’s sum of logs method combines individual p-values, and is considered the most 477 
straightforward method, in that it does not require additional analysis. Fisher’s sum of logs 478 
method was implemented by using the “sumlog” function of the R package metap, giving as 479 
input the p-values of each gene 83. Finally, the rank product is a non-parametric statistical 480 
method that can be used to combine the results of the differential gene expression analysis from 481 
individual studies based on the within-study ranks of the genes. To this end, the genes in each 482 
experiment were ranked based on the relevance of their associated p-values, and the 483 
“RP.advance” function of the RankProd R package was used to merge them by means of the 484 
one-class analysis of the rank product method 84,85. This function allows combining of data 485 
coming from different studies, such as in the case of datasets generated by different 486 
laboratories. For each method, a rank based on the meta-analysis p-values was generated. 487 
Finally, all the ranks were combined through the Borda function of the TopKlists R package 488 
86. The final mean rank is reported in Table S1.   489 

Gene set enrichment analysis and feature selection step 490 

In order to select the most biologically relevant features on which to carry out further analyses,  491 
we performed a Gene Set Enrichment Analysis (GSEA) of the final meta-analysis rank on 5 492 
different databases: Wikipathways 87, Gene Ontology 88, Reactome 89, KEGG 90  and MsigDB 493 
91. In each case, the “fgsea” function from the fgsea R package was used 92. For each test, we 494 
identified the position of the rank having the highest peak value of cumulative enrichment 495 
statistics. By doing so, we created a reduced representation of the meta-analysis gene rank by 496 
setting as a threshold the top 10th percentile of such values. In this way, 1,873 genes were 497 
selected for further analyses. 498 

Computation of the frequency score and hierarchical clustering 499 

In order to find the genes associated in vitro and in vivo in long term exposures, we split the 500 
samples into in vivo and in vitro biological systems and grouped them according to the time of 501 
post-exposure. For each gene of the reduced meta-analysis rank, we calculated a frequency 502 
score as the percentage of samples in which the gene is statistically significant. 503 
Finally, the genes were clustered according to the euclidean distance of their frequency scores. 504 
The hierarchical clustering algorithm, with Ward linkage method, implemented into the hclust 505 
function of the R package “stats” was used. 506 
For each type of exposure system, we selected the cluster with the most frequently deregulated 507 
genes. In order to functionally annotate the set of genes frequently altered in long term 508 
exposures, we performed a pathway enrichment analysis through the EnrichR online tool, using 509 
the MsigDB and Reactome databases 89,91,93–95. 510 



15 

 

Computation of the molecular descriptors-gene expression correlation 511 

 512 
To identify associations between chemical properties of the ENMs and the molecular 513 
alterations induced in cells / organisms by their exposure, the Pearson correlation coefficient 514 
was computed for each pair of gene and molecular descriptor. Before computing the 515 
correlations, the two data layers were pre-processed. Particularly, a Winsorize function of the 516 
DescTools R package 96 was used to replace extreme values of log2-fold-changes with less 517 
extreme ones. Moreover, a cube root transformation was applied to the molecular descriptor 518 
values. 519 
Since the molecular descriptor data layer contains missing data, for each descriptor the Pearson 520 
correlation was computed across the subset of samples for which its values are computed.  521 
For each descriptor the top 10% of the most correlated genes were selected and further 522 
investigated. To this end, two different analyses were performed. First the gene sets were 523 
enriched against the KEGG pathways by means of the FunMappOne tool 97. Only pathways 524 
with FDR corrected p-values < 0.05 were considered significantly enriched. The molecular 525 
descriptors were further clustered in 9 groups based on the Jaccard Index similarity of the 526 
shared enriched pathways.  527 
Lastly, the fgsea R package 92 was used to perform a GSEA analysis and identify the molecular 528 
descriptors whose set of associated genes is enriched on the top of the ranked list of genes 529 
identified with the meta-analysis approach. Only molecular-descriptors with an adjusted p-530 
value < 0.01 were considered for further characterization. 531 
 532 
 Promoter analysis  533 

For each gene in the subset of interest, the promoter region [-500 bp, +100 bp] around the TSS. 534 
The sequence was downloaded using the biomart package and the getSequence function in 535 
'coding_gene_flank' mode 57. In this modality the function returns the flanking region of the 536 
gene including the UTRs, this must be accompanied with a given value for the upstream or 537 
downstream attribute. 538 
Motif discovery was conducted with the MEME suite 98. The motif site distribution was set as 539 
any number of repetitions, and the search was restricted to motifs ranging between 6 and 15 540 
bases. We selected a p-value threshold of 0.05. 541 
For each result, the Factorbook database was interrogated to explore the transcription factor 542 
binding sites in their genomic and epigenetic contexts [https://www.factorbook.org/]. 543 
Factorbook is a transcription factor (TF)-centric web-based repository associated with 544 
ENCODE ChIP-seq data, as well as multiple databases of transcription factors binding sites. 545 
The transcription factor binding site that best matches the query according to the tool is 546 
reported.  547 
For each organism we annotated whether the transcription factor binding site would be 548 
recognised by a member of the C2H2 ZNF or not. In order to evaluate the statistical 549 
significance of C2H2 ZNF overrepresentation, we performed a fisher test by using the 550 
fisher.test function in the stats R package. For the statistical test, we used as a background the 551 
set of non-redundant transcription factor (TF) binding profiles provided in JASPAR 99. The 552 
contingency matrix was built by using the set of TF binding sites for members of the C2H2 553 
family, and all the others, respectively.    554 
 555 
  556 
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