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Abstract: The heterogeneity of engineered nanomaterials (NMs), with respect to physicochemical properties and observed (eco)toxicological effects, makes their case-by-case testing for Risk Assessment unsustainable in terms of costs, time, and number of test animals. This has required the development of Integrated Approaches to Testing and Assessment (IATA) in compliance with the 3R (Replacement, Reduction, and Refinement) principles of reducing animal testing to assist industries and regulators in decision making related to the safety of NMs. The application of non-testing in silico methods such as (Quantitative) Structure-Activity Relationships ((Q)SARs) and Grouping for Read-Across is fundamental to IATA. Therefore, the goal of this manuscript is to critically review the available in silico methods to predict the hazards for human health posed by NMs by applying the OECD (Q)SAR model validation principles. Moreover, we provide an overview on the existing databases, highlighting the importance of data curation. We find that available approaches are applied mainly to predicting in vitro endpoints, and that most of the models do not build on such internationally recognised databases, but on in-house datasets or on data retrieved from the literature. Our analysis shows that more efforts are needed to properly develop and validate in silico models for hazard prediction as alternatives to in vivo tests. Moreover, the Applicability Domain (highlighting the chemical space where such models were trained and hence provide more reliable results) of such models is not always assessed, and the uncertainty and sensitivity of the current methods are not sufficiently evaluated. To address these challenges, we propose a roadmap for future research in this area, including the adoption of more advanced Machine Learning techniques.
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[bookmark: _Toc506370829]1 Introduction
Nanotechnology is one of the Key Emerging Technologies identified in the European Union (EU) 2020 Strategy. Its enormous potential for innovation has fostered large investments in developing new industrial applications and consumer products. However, the outlooks for a rapid growth in the sector have raised not only high expectations, but also societal concerns about the adequacy of existing regulation to address the risks posed by nanotechnologies. Indeed, despite their clear benefits, nanomaterials (NMs) may pose environmental, health and safety (EHS) issues. Such possible risks are regulated by the Registration, Evaluation, Authorisation and Restriction of Chemicals (REACH) regulation 1, which applies the chemical Risk Assessment paradigm to identify the risks and to propose proportionate risk management measures. Risk Assessment consists in the estimation of the probability of health and environmental effects emerging from exposure to chemical substances. This paradigm has been considered applicable to NMs if properly implemented to address the complexity associated with their physicochemical identity, biological and environmental interactions and fate 2. However, the large diversity of NMs 3 used in nano-enabled products has made their case-by-case Risk Assessment very demanding both in terms of cost and use of animal experiments. Indeed, NMs are available in many different grades optimised in size, morphology, purity and surface properties for integration into products. The large number of nanoforms (NFs)[footnoteRef:2] and the high complexity associated with their interactions in biological and environmental systems have raised the call for Amendments of the REACH Annexes 4 to require additional information for the safety assessment of NMs. To address these challenges, it has been widely agreed by regulators, industries and scientists that the way forward is to develop robust Integrated Approaches to Testing and Assessment (IATA) that should be compliant with the 3R (Replacement, Reduction and Refinement) principles for reducing animal testing 5. These IATA would involve both experimental and modelling tools 6 to facilitate intelligent testing and Grouping and Read-Across to inform both regulatory Risk Assessment and safer design of quality products.  [2:  Under REACH, a nanoform (NF) is a form of a substance, which fulfils the EC recommended definition of nanomaterial. In addition to size, NFs are characterised by shape and surface chemistry 4.] 

The application of in silico methods for Grouping and Read-Across is subject to the REACH Annex XI. A group or category, according to REACH, is the arrangement of substances based on similar physicochemical and (eco)toxicological, toxicokinetic and/or environmental fate properties 3. OECD goes beyond identification of toxicological properties to support Grouping and identifies also mode of toxicological action as a relevant principle of similarity 7. Other possible ways to group NMs are based on commercial importance and volume of production, composition/chemistry (e.g. carbon-based; metal and metalloid oxides; metals, metal salts and metalloids; semiconductor quantum dots; organics and other classes) 8,9, on properties (such as dimension, shape, morphology, complexity and surface functionalization), or basing on synthetic and biological identity 10. Grouping can serve several purposes such as informing targeted testing for Risk Assessment, facilitating Safe-by-Design (SbD) practices, and filling data gaps. The latter is typically achieved through Read-Across, an established approach used to predict properties and/or effects for a “target” substance by using information from analogous “source” substance(s) 11. Furthermore, Grouping for Read-Across is not only accepted under REACH, but is also applicable under different chemicals regulatory frameworks 12: for instance for risk assessment of NMs in the food and feed chain, the European Food Safety Agency supports grouping for read-across from (other) NFs or non-NFs 13.
The foundations and basic principles for the Grouping and Read-Across of NMs/NFs have been established in a number of conceptual schemes 14–16, which were developed in the EU research projects MARINA, NANoREG, GUIDEnano and ITS-NANO, as part of the European Centre of Ecotoxicology and Toxicology of Chemicals (ECETOC) Nano Task Force 17, and as a result of the ECHA’s Partner Expert Group (PEG) 3. Moreover, a few case studies addressing Grouping of NMs for Read-Across hazard endpoints are available 18. The H2020 GRACIOUS project[footnoteRef:3] is currently building upon these developments to generate a highly innovative science-based framework to enable practical application of Grouping, leading to Read-Across and classification of NMs.  [3:  https://www.h2020gracious.eu/ (web address accessed in summer 2018).] 

REACH Annex XI recommendation to use when possible in silico methods such as (Quantitative) Structure-Activity Relationships ((Q)SARs) for either inferring whether material properties will produce biological effects by means of classification models (SARs) or predicting in numerical terms these relationships by means of regression models (QSARs). The goal is to reduce unnecessary testing by more effectively using the large volume of existing and emerging experimental data, generated in over a decade of nanosafety research 19,20. Moreover, in silico models can help designing NMs with desired properties and known (eco)toxicity 10,21: a first practical proof-of-concept of applying the SbD concept to NMs was recently published 22. 
For classical chemical compounds, a number of descriptors (directly derived or computed starting from physicochemical properties) are available and can be modelled, however the largest part of these descriptors are not applicable or not useful with respect to NMs 23–25. Indeed, recently ECHA provided a guidance on how to identify and characterize NMs and NFs 3: in addition to "substance identity" parameters specified in Section 2 of Annex VI of REACH regulation 1, which include composition of the substance, of impurities or additives, as well as information of surface chemistry and crystalline structure, other parameters that are relevant to characterize NFs are physical parameters such as Size, Shape and Surface area. Other relevant parameters include Solubility, Hydrophobicity, Zeta potential, Dispersibility, Dustiness, as well as Biological (re)activity and Photoreactivity. These properties are indeed the basis to implement the "Stepwise strategy for Grouping and Read-Across” 3. In addition to physicochemical and nanospecific descriptors, other biological descriptors may be adopted, such as protein-corona descriptors 26–28 and omics descriptors 29.
It is generally accepted that the difference between (Q)SAR and Grouping for Read-Across approaches lies in the fact that the latter are applied "when a small quantity of data is available", while the former are applied "when more data is available” 30–32. The difference between (Q)SARs and Read-Across approaches relies indeed in the fact that in the latter the endpoint information is inferred using data on the same endpoint from other (similar) substances, while in (Q)SARs the prediction is based on a model derived from the chemical structure or relevant nanospecific descriptors. The need for larger datasets for (Q)SARs is indeed a consequence to the fact that, in general, it is harder to build a relevant and predictive model when the available samples are limited in number. 
The use of (Q)SARs for the safety assessment of NMs in general has been previously reviewed, but not in the specific context of Grouping and Read-Across. Puzyn et al. (2009) were the first to discuss the role of in silico models for predicting the hazard of NMs 33, followed by Winkler et al. (2013) who provided an overview on the existing methods 24. More recently, Tantra et al. (2015) investigated the theoretical and experimental descriptors adopted to train (Q)SAR models 34, while Oksel et al. (2015,2017) highlighted additional descriptors and endpoints for in silico modelling 25,35. Jones et al., (2016) reviewed the application of data mining and Machine Learning (ML) techniques for the prediction of biomedical properties and fate of NMs used in medical applications 36, while Sizochenko and Leszczynsky (2016) focused on inorganic NMs, considering not only ML approaches, but also statistical (e.g. dose-response) models 37. Chen et al. (2017) in two different works investigated in silico methods for the prediction and classification of hazard endpoints for metallic NMs, discussing data sources and mechanistic interpretation of reported (Q)SARs 38, and proposing a roadmap for computational toxicology aimed at designing safer NMs 39. Finally, Quik et al. (2018) analysed a selection of models used for hazard and exposure assessment of NMs, giving an overview on available mechanistic models related to NMs properties, and their parameterization, identifying the best descriptors to use to characterize intrinsic and extrinsic properties, or measured hazard and exposure 40. In this manuscript, we critically analyse the existing approaches that make use of ML techniques for predicting human health hazard endpoints in terms of their predictive ability, thus providing a starting point for researchers, evaluating the existing methods and proposing possible future developments in the field. In addition, we provide an overview on the existing databases, highlighting the current limitations of such data systems.
To be able to predict the adverse (eco)toxicological effects of NMs by means of in silico tools, it is indeed fundamental to have access to high quality (meta)data. Many nanosafety projects have produced a huge amount of relevant physicochemical, toxicokinetics 41, fate, exposure and (eco)toxicity data in over a decade of focused research 42. However, these data have not been properly curated and are accessible mainly via disparate and heterogeneous sources, offering different types of data in different formats (e.g. technical reports, excel sheets, data inventories, knowledgebases, scientific publications). The data sources are also sparse, thus limiting data analysis and modelling 39. This has led to the need to develop advanced natural language processing (NLP) techniques and text mining methods to convert these unstructured sources to machine-interpretable format 43,44. This issue has been partially addressed in the biomedical domain through bioinformatics approaches 45, and there are tools for automatic retrieval of data from the literature, such as ContentMine 46. In addition, platforms like eNanoMapper 47, which is soundly collaborating with Jaqpot 48, a data analytics web tool, were created as means for collection and curation of data to establish their completeness and quality. 
[bookmark: _Hlk531273179]It is essential to make the best use of these data resources to develop robust in silico models as part of IATA for Grouping and Read-Across to inform regulatory Risk Assessment and SbD decision making. To facilitate this, the objectives of this manuscript are: (i) to critically review the in silico approaches (QSARs and other ML techniques) of relevance for predicting human health hazard endpoints, and discuss their data requirements, methodological strengths and limitations; (ii) to provide an overview on the available databases that may be useful for training and validating these in silico modelling tools, and (iii) to identify further steps in addressing the identified data and methodological concerns in order to contribute to the future adoption of in silico tools as part of IATA for the regulatory safety assessment of NMs. 
The manuscript is organized as follows: in Section 2 the criteria used to evaluate the reviewed in silico tools for the prediction of human health hazard endpoints are described, then in Section 3 first an overview on the freely available data sources is provided, discussing the known open issues (Section 3.1), then Read-Across (Section 3.2) and (Q)SARs (Section 3.3) approaches are reviewed against the criteria introduced in Section 2, and results for each criteria are summarized. Then, in Section 4 a comprehensive discussion on the results provided in Section 3 is provided, together with recommendations on how to target future research. Finally, in Section 5 the main results of this review are summarized.
2. Methods 
2.1 Critical appraisal of peer-reviewed literature
In this review, we have selected and reported peer-reviewed research papers that described specific in silico tools relevant for Grouping and Read-Across hazard endpoints in the context of the regulatory safety assessment of NMs. In the case of (Q)SARs we focused on peer-reviewed approaches that make use of ML techniques to predict human health hazard endpoints, while for Read-Across approaches, due to the small number of existing studies, we included environmental and human health hazard endpoints as relevant case studies, and considered approaches that make use of statistical methods (such as dose-response analysis), as well as approaches proposing Grouping or ranking of NMs by applying computational tools, as already suggested in the literature 18. This accounted for 11 articles reporting Read-Across approaches, and in 41 articles on (Q)SARs.
Moreover, we provided an overview on nanosafety databases that are freely available online or accessible by requesting registration. It is worth nothing that in addition of these databases, other relevant sources are available for supporting the development of in silico approaches, including datasets deriving from European and internationally funded projects.
2.2 Evaluation criteria 
[bookmark: _Toc506370830]The usefulness of in silico tools in the context of Grouping and Read-Across lies in their predictive ability. To address the reliability of predictive in silico models, the OECD designed five principles for the validation of (Q)SARs 7,49, which consist in a set of rules that such models must comply with. According to these principles, each model should be associated with (i) a well-defined endpoint, (ii) an unambiguous algorithm, (iii) a defined domain of applicability, (iv) appropriate measures of goodness-of-fit, robustness and predictivity, and (iv) a mechanistic interpretation, if possible 7,49. These principles are fundamental also when dealing with Read-Across and with in silico models in general; however they are not always respected, even in the case of conventional chemicals 50. The OECD principles on the validation of (Q)SARs inspired the eight evaluation criteria adopted in this review to critically evaluate the selected in silico models. These criteria, their evaluation rules and a scientific justification for adopting each of them are summarized in Table 1. In the case of Read-Across approaches, since the selected case studies do not necessarily imply model development and do not follow a standard reporting, some of these criteria were adapted as described in the table. 
[bookmark: _Ref506551752][bookmark: _Ref514753732]Table 1: Criteria adopted to evaluate in silico tools that predict (eco)toxicity endpoints of NMs and are applicable to Grouping for Read-Across (inspired by the OECD QSAR validation principles 7,49); explanation on how the evaluation based on such criteria is performed in this manuscript.
	Criterion
	Motivation
	Evaluation
	References

	Modelled endpoint
	The model must describe a (set of) well-defined endpoint(s), thus addressing a defined scientific or regulatory purpose. Moreover, response data should ideally be derived and measured through the same (internationally accepted) protocol. For Read-Across approaches the criterion reads "Endpoint to Read-Across".
	✓ A well-defined endpoint has been modelled.
✗ The modelled endpoint was not well-defined.
	7,49

	Dataset size
	While it is generally true that representativeness is more important than dataset size, it is well recognized that generally ML methods work better when trained with a sufficiently large number of samples. 
	Quantitative: dataset size is highlighted, together with the original reference.
	51,52

	Modelling approach 
	Relationships between intrinsic/extrinsic NM properties and biological effects can be discovered both using linear and nonlinear models, but in general these relationships are, by nature, highly non-linear. It is possible to describe some families of non-linear relationships using linear models by proper non-linear transformations of descriptors, but often this is not sufficient. The adopted model and the descriptors should be clearly reported. As Read-Across approaches do not necessarily present a model, the criterion reads "Applied method".
	✓ Adopted model/method and descriptors have been reported.
✗ Adopted model/method and/or descriptors have not been reported.
	7,35,49,53

	Model validation
	Internal validation provides an optimistically biased estimation of the real predictive ability of the provided model: for this reason, models that have been validated both internally and externally are considered more reliable than models that have been only internally validated. 
	✓ Both internal and external validation have been properly performed.
≈ Only internal validation has been performed; for Read-Across, comparison with measured data is provided.
✗ No validation or biased validation has been performed.
	7,49,52,54–57

	Statistics and metrics

	The goodness of fit of the model or of the classification can be measured by means of different statistics: each statistic highlights different aspects of the predictive ability of the model. Moreover, statistics that have grounds on statistical theorems should be preferred over heuristic measures. 
	✓ Proper statistic and metrics have been used.
≈ The statistics/metrics used were not proper or insufficient.
✗ Proper statistics or metrics have not been used.
	7,49,61,52,54–60

	Applicability Domain (AD) assessment
	It is important to indicate the descriptor space in which the model has been trained: predictions extrapolated outside the AD, indeed, may be less accurate than prediction on data that fall into the AD of the model. 
	✓ AD have been assessed.
✗ AD have not been assessed.
	7,49,52,56,62

	Uncertainty and variability assessment
	Information regarding robustness, sensitivity and variability help to better understand the uncertainty in model results, and hence facilitate subsequent decision making based on model predictions.
	✓ Uncertainty and variability have been assessed.
≈ Only a rough assessment has been provided.
✗ Uncertainty and variability have not been addressed.
	6,52,63


	Model interpretation
	A mechanistic interpretation of the model is needed, at least by giving a justification to the relation between selected descriptors and model output, possibly enforced by evidence reported in the literature. If this it is not reported, the model application would be hardly acceptable in regulatory submissions and for research purposes.
	✓ A mechanistic interpretation of the model has been provided.
✗A mechanistic interpretation of the model has not been provided.
	7,49,64,65


[bookmark: _Toc506370836][bookmark: _Toc506370832]3 Results
3.1 Data storage and curation
In silico modelling requires access to data on the investigated endpoint(s) that are sufficient both in terms of quantity and quality. Plenty of nano-EHS data have been generated over the last decade in many national, European and international research projects. Unfortunately, a lot of these data were never published and are therefore lost to the community, but there have been initiatives to collect as many of the data as possible in the inventories reported in Table 2 66–69. 
[bookmark: _Ref524537959]Table 2: Nano specific databases.
	Name
	Address *
	Access
	Description

	eNanoMapper
	http://search.data.enanomapper.net / 
	
Freely accessible ** 
	Contains primary research data from various nano-EHS projects and from literature.

	EUON
	https://euon.echa.europa.eu/enanomapper
	Freely accessible
	ECHA hosted user interface to eNanoMapper and NANoREG databases.

	OCHEM
	http://ochem.eu/
	Freely accessible
	Contains experimental data on nano and non-nano materials. Allows to build and validate computational models from the available data using ML techniques.

	NECID
	http://www.necid.eu/
	Registration required
	Contains information on occupational exposure to manufactured NMs.

	NanoDatabank
	http://nanoinfo.org/nanodatabank/
	Registration required
	Includes data on NMs toxicity, characterization, fate and transport.

	Nanowerk
	https://www.nanowerk.com/nanomaterial-database.php
	Freely accessible
	Contains physicochemical information and details on manufacturers of 4000 NMs from more than 150 suppliers worldwide.

	NM-Biological
Interactions
Knowledgebase
	http://nbi.oregonstate.edu/
	Freely accessible
	Contains annotated data on NMs characterization, synthesis methods, and NMs biological interactions.
 Computational and data mining tools are included.

	NanoMILE
	https://ssl.biomax.de/nanomile/
	Registration required
	Contains characterisation data and high throughput screening toxicity data.

	ModNanoTox 
	http://www.birmingham.ac.uk/generic/modnanotox
	Freely accessible
	Curated database on ecotoxicity data, focussed mainly on silver NMs. Currently included in the eNanoMapper database.

	MARINA
	http://marina.iom-world.co.uk
	Registration required
	Inventory of occupational and consumer exposure scenarios for different NMs, together with their physicochemical characterization. Currently included in the eNanoMapper database.

	SUN
	http://sun.iom-world.co.uk
	Registration required ***
	Includes physicochemical, release, exposure, in vitro and in vivo toxicological data. 

	NanoSolutions
	-
	Registration required ***
	Includes physicochemical and hazard data. 

	NIKC
	http://nikc.egr.duke.edu/ 
	Freely accessible
	The CEINT NanoInformatics Knowledge Commons (NIKC) platform consists of a data repository and associated analytical tools that allows visualizing and interrogating integrated datasets.

	DaNa
	https://www.nanopartikel.info/en/
	Freely accessible
	Contains information about products and applications with nanomaterials, including physicochemical properties and EHS information.

	Nanomaterial Registry
	http://www.nanomaterialregistry.org/
	Freely accessible
	Contains data related to NMs characterization and biological environmental interactions.

	Nanoparticle Information Library
	http://nanoparticlelibrary.net/
	Freely Accessible
	Data resource for NMs properties (including chemical composition, size, surface area and morphology) and nanoEHS information.


* Web addresses were accessed in the summer of 2018; ** No registration needed for public available eNanoMapper and NANoREG data. Private access after registration for project specific data; *** Data access is currently granted only to project partners, but the data will be made publicly available by the end of 2018.
Today these repositories contain a huge amount of data, but in most cases, there is need for substantial curation efforts as the data are often incomplete and their quality has not been properly verified. This is a critical issue as proper data curation is essential to ensure robust model predictions. The role of data curation in nanoinformatics was comprehensively studied in the USA as part of the Nanomaterial Data Curation Initiative (NDCI) 70. This study resulted in a proposal for a data curation workflow 71 that consists of: (i) assessing the quality and completeness of the selected data, (ii) extracting and annotating the data, (iii) contacting authors for any missing data, (iv) formatting the data for inclusion into the databases, (v) reviewing the data, (vi) releasing the curated data to target communities, and (vii) updating the curated data as new information is provided by the authors. 
Within the same initiative, the question of how to evaluate and score the degree of completeness and quality of curated NM data was addressed by reviewing existing approaches and proposing guidelines 72. “Data completeness” was defined as the measure of the extent to which data and metadata addressing a specific need are available, while “data quality” is the measure of the degree to which a single datum or finding is clear and can be considered correct. The NDCI also highlighted the importance of metadata in allowing the assessment of uniqueness and equivalence of data derived from different sources and different studies, thus making data integration for subsequent modelling possible. This is an important point as while a single datum can be considered of insufficient quality for certain purpose, it can become useful if combined with other (e.g. more reliable) data.
Due to the heterogeneity of methods and the paucity of standard operating procedures (SOPs) available to derive related (eco)toxicological data, standard specifications to represent and share data are needed: ISA-TAB-NANO is the most popular specification aimed at reaching this goal 73. Moreover, when evaluating completeness and quality of nano-EHS data, it is important to address several challenges related to uncertainties associated with the complex physicochemical identity of the NMs and the variability in the outputs of (eco)toxicological assays 72. 
Another known issue is related to data fragmentation. Indeed, being nanotechnology an intrinsically interdisciplinary field 74, researchers need to use data from different sources across diverse domains. This results in the fact that often the same concept (e.g. material composition, material core, surface modifiers, but also the relationship among them) is referred using completely different names, or incomplete. At the same time, the methods and techniques adopted to characterize the NM are often not accurately reported, or not comparable 72. It is thus important to develop common ontologies to be able to integrate such different sources 74, paying attention on providing unique identifiers for describing simple concepts. A recent article by Karcher et al. (2018) 75 addressed such issues, proposing strategies to accelerate the process of integrating the available data sources.
The NDCI guidance on assessing data completeness and quality, the respective challenges and the ISA-TAB-NANO protocol have been taken into account in the process of developing the GRACIOUS data curation system. This system will be based on the eNanoMapper database and ontologies and will assemble much of the data currently in the repositories reported in Table 2. The curation system will offer users a number of data analytical tools: it will apply quality assessment algorithms and will automatically enable the use the data in combination with statistical methods (e.g. principal component analysis, partial least squares regression, cluster analysis), and in silico modelling tools (e.g. (Q)SAR, physiologically-based pharmacokinetic (PBPK) modelling) for predicting the toxicokinetics and hazard of NMs for the purposes of Grouping and Read-Across to inform nanosafety assessments. Moreover, a lot of attention is being paid by the team developing the NIKC database (which allows a mapping to the ISA-TAB-nano file sharing format) for curating the existing data, and in future the system will include a web-enabled curation tool. Data curation based on a set of information about NMs 76 is performed also for the Nanomaterial Registry database. Similar efforts for curating and integrating the existing data in publicy available databases are being conducted in international projects such as NanoFASE [footnoteRef:4], NanoCommons [footnoteRef:5] and ACENano [footnoteRef:6].  [4:  http://www.nanofase.eu/ (web address accessed in summer 2018).]  [5:  https://www.nanocommons.eu/ (web address accessed in summer 2018).]  [6:  http://www.acenano-project.eu/ (web address accessed in summer 2018).] 

[bookmark: _Toc506370840]3.2 Grouping for Read-Across of NMs
[bookmark: _Toc506370835]Once suitable curated data are selected from one or more of the available sources, it is possible to start modelling to predict (eco)toxicity, kinetics, fate, and/or exposure. A detailed and unambiguous physicochemical and structural characterization of the materials is a fundamental prerequisite to correctly predict human health or environmental endpoints, as required by the REACH Annex XI. Specifically, when Grouping for Read-Across is applied, information on (at least) chemical and physicochemical properties on source and target substance, hazard/toxicokinetic data of the source materials relevant to the endpoint of interest, good data quality and a well described/documented test procedure are needed. 
There are not many case studies on Grouping for Read-Across of NMs as defined by the REACH Annex XI 18. The in silico modelling approaches adopted in the few reported cases are critically evaluated in Table 3, by applying the criteria from Table 1. In addition of such criteria, the descriptors used for modelling and other information (such as whether the developed model is available as a web tool, or the approach is contextualized into an existing Grouping framework, cfr. Section 1) are highlighted, together with a brief description of the reviewed approach.
1
[bookmark: _Ref517446312][bookmark: _Ref517446303]Table 3: Selection of peer-reviewed studies Grouping for Read-Across of hazard endpoints, evaluated using the criteria described in Table 1 
	Reference
	Description
	Modelled endpoint
	Dataset size
	Modelling approach
	Model validation
	Statistics and metrics
	AD assessment
	Uncertainty and variability assessment
	Model interpretation

	77
	In vitro tests in combination with computational data analysis (heat maps and SOMs of cell responses at different doses and exposure times) and zebrafish embryo screening are combined for hazard assessment, for metal oxides and a quantum dot.
	✗
(In vitro sublethal and lethal endpoints and in vivo response on Zebrafish embryo)
	7 + 1 78
	✓
(SOM) 
	✗
	✗
	✗
	✗
	✓

	79
	Predictive regression tree analysis, using as descriptors material conduction band gap and metal dissolution, to predict acute pulmonary inflammation caused by metal oxide NMs.
	✗
(In vitro oxidative stress; acute pulmonary inflammation)
	24 
	✓
(Regression tree)
	✗
	✗
	✗
	✗
	✓

	80
	Biological surface adsorption index (BSAI) for NMs surface characterization and biological/environmental prediction of metal oxides, Ag, and organic NMs, using five descriptors (molar refraction, polarity, hydrogen-bond acidity and basicity, and McGowan characteristic volume) obtained from adsorption measurements of a set of organic molecules.
	✗
(Biological surface adsorption index)
	23
	✓
(BSAI modelling 81 and PCA) 
	≈
	≈
	✗
	✗
	✓

	82
	Ranking of metal oxide NMs for hazard assessment (EC50 of human and murine cell lines), by dose response analysis on different cell lines.
	✗
 (EC50 of different cell lines)
	7
	✓
(Dose-Response analysis)
	✗
	✗
	✗
	✗
	✓

	32
	Approach for Quantitative Read-Across applied on two case studies on E. Coli and HaCaT cell line cytotoxicity (reduction of cells viability, EC50) of metal oxide NMs, reading-across toxicity using two quantum-mechanical calculated descriptors (in CS1 enthalpy of formation of a gaseous cation, in CS2 Mulliken’s electronegativity of the cluster).
	✓ 
 (Cytotoxicity via reduction of E. Coli viability and cytotoxicity via cellular uptake of HaCaT cells)
	CS1: 17 23, CS2: 18 83
	✓
(One-to-one, one-to-many, -many-to-one, and many-to-many class assignment after hierarchical clustering)
	≈
	≈
	✗
	✗
	✓

	31
	Approach for quantitative Read-Across, that consists in three steps: (1) exploration of multidimensional space of descriptors to obtain first information on structural similarities, (2) Grouping using pattern recognition techniques based on structural features, and (3) application of their approach, using one, two, or three points depending on availability. In the two Case studies, authors adopted as descriptors two quantum-mechanical calculated descriptors (in CS1 enthalpy of formation of a gaseous cation, plus Mulliken’s electronegativity of the cluster in CS2).
	✓ 
 (Cytotoxicity via reduction of E. Coli viability and cytotoxicity via cellular uptake of HaCaT cells)
	CS1: 17 23, CS2: 18 83
	✓
(One-point slope, two points formula, plane passing for three points)
	✓
	✓
	✗
	✗
	✓

	84
	Framework for downloading data and ontologies from the eNanoMapper database and developing and validating NMs Read-Across models. The developed tool is available online (https://nano-lazar.in-silico.ch/predict). In the case study authors compared different NM descriptor sets and local regression algorithms for the Net Cell Association endpoint using physicochemical, structural and protein corona descriptors. 
	✓ 
(Cell Association in A549 cells)
	121 85
(retrieved from eNanoMapper)
	✓
(Different regression techniques)
	≈
	≈
	✓
(Distance based)
	✗
	✗

	86
	Web platform (toxFlow, accessible at http://147.102.86.129:3838/toxflow) for Read-Across using physicochemical and omics data. The platform is Similar compounds are defined as such by using two similarity criteria, defined by physicochemical and biological characteristics. 
	✓ 
(Cell Association in A549 cells)
	84 85
	✓
(Weighted average of the corresponding values of the similar NMs)
	≈
	✓
	✗
	✓ 
(Sensitivity analysis)
	✓

	87
	A quantitative Read-Across case study of in vitro cytotoxicity (EC50/IC50) data for bacteria, algae, protozoa, human keratinocyte cell, Balb/c 3T3, on metal oxide NMs taken from different sources, using quantum-mechanical and structural descriptors.
	✗
(in vitro cytotoxicity EC50/IC50 for a large set of cells)
	30 23,83,88–92
	✓
(SOM)
	≈
	✗
	✗
	≈
(Considerations on the variability in toxicity outcomes)
	✓

	93
	Grouping of nano-TiO2 to Read-Across genotoxicity according to the ECHA guidance 3 including application of chemoinformatic approaches, by using measured physicochemical descriptors and nanospecific descriptors (mainly related to size distribution, zeta potential, and dispersibility).
	✓ 
(In vitro genotoxicity via Comet assay)
	6 + 2 94–96
	✓
(PCA, hierarchical clustering, random forest)
	≈
	✓
	✓
(WoE based)
	✓ 
(RAAF)
	✓

	97
	Grouping of MWCNTs to Read-Across genotoxicity according to the ECHA guidance 3 through the application of chemoinformatic approaches, by using measured physicochemical descriptors and nanospecific descriptors (mainly related to size distribution, zeta potential, and dispersibility).
	✓ 
(Genotoxicity measured in in vitro and in vivo data on Comet assay, micronucleus assay)
	19
	✓
(PCA, hierarchical clustering, random forest)
	≈
	✓
	✓
(WoE based)
	✓ 
(RAAF)
	✓


CS: Case Study; PCA: Principal Component Analysis; SOM: Self Organizing Maps; WoE: Weight of Evidence.
[bookmark: _Toc506370838]Only half of the approaches in Table 3 defined clearly the endpoint to Read-Across: one considered the in vitro Comet assay against different NFs of the same material (nano-TiO2 with different size, surface chemistry and shape) 93, one took into consideration available in vitro and in vivo genotoxicity tests (comet and micronucleus assays) against different multi-walled carbon nanotubes (different length, rigidity/straightness, impurities) 97, other two identified cytotoxicity endpoints, by reduction of viability in E. Coli and cellular uptake of HaCaT cell line 31,32, and in two of the reviewed approaches cell association was used as endpoint 84,86. All the other case studies reported in the table build their hypothesis on datasets composed by metal oxides of different composition and on their ability to elicit toxic effects on different cell lines, with different endpoints (EC50, IC50) 87 or taking into consideration different endpoints (e.g. in vitro oxidative stress and acute pulmonary inflammation) 79. 
It is important to notice that the study of Helma et al. (2017) is the only one in which authors reported retrieving their dataset from one of the databases in Table 2 84, while the other approaches reported using datasets already available in literature or created in house. It is also worth reporting on the descriptor selection, or on the selection of the physicochemical properties considered in the case studies reported in Table 3, where only 4 out of 11 case studies included in the final model nanospecific properties (size distribution, zeta potential, dispersibility and surface coating 93,97), protein-corona descriptors 84, or omics descriptors 86 in combination with physicochemical descriptors, while the remaining approaches used descriptors related to the chemical structure of NMs. 
Since Read-Across does not necessarily imply the development of a model, it is not surprising that for three of the reviewed approaches no validation was reported. Gajewicz et al. (2017) provided both internal and external validation of their model 31, while in the other cases either cross-validation was performed, or simple comparison between the expected and the predicted outcomes was reported.
The AD gives the dimension of how the Grouping hypothesis is generic for a set of NMs, and thus it should always be addressed in Grouping for Read-Across case studies, however only the tool presented by Helma et al. (2017) made consideration based on similarity in the training set for building an AD for the model 84, while Lamon et al. (2018) reported on this by stating that the hypothesis may extend to other NMs with the same core composition and that fall in the range of e.g. size and shape of the source NMs taken into consideration in their study 93. Aschberger et al. suggest extrapolation of their grouping should not be extended to MWCNTs that have different size or surface coatings or have a higher content of oxidising impurities 97. 
Only a few case studies in Table 3 report uncertainty related to the prediction or Grouping: Lamon et al. (2018) 93 and Aschberger et al. (2019) 97 addressed this aspect by applying the ECHA’s Read-across assessment framework (RAAF), thus providing a systematic assessment of all the uncertainties related to the result of their case study, while Sizochenko et al. (2018) discussed the variability in toxicity outcomes between different datasets, thus qualitatively addressing uncertainty 87. Varsou et al. (2018), instead, tested the sensitivity of their method varying the thresholds used to define similar compounds 86. The other case studies do not show or discuss uncertainty in their models or computational approaches. 
It is worth nothing that while Lamon et al. (2018) 87 and Aschberger et al. (2019) 97 based their analysis on a systematic, recognised framework 11, thus identifying uncertainties specific to the identified read-across scenario (category  approach,  different  compounds with the same effect, no variation in the effect), the other case studies were not contextualized in any of the existing Grouping frameworks. In most cases the similarities in structural and/or physicochemical properties of the NMs and/or their mechanisms of toxicokinetics and/or mode of action were indeed assessed by expert judgement rather than applying one of the frameworks. Moreover, the mechanistic understanding of the approaches adopted in most of the case studies is provided as a justification of the proposed Grouping hypothesis or hazard classification. Varsou et al. (2018), instead, suggested a different approach by forming grouping hypothesis based on the biological identity of the NPs and achieved that by retrieving prior knowledge from biological pathway databases 86, while Helma et al. (2017) focused on the approach and the performance of the adopted in silico tool, without providing a mechanistic interpretation nor giving a justification for the Grouping hypothesis 84.
3.3 (Q)SARs applied to NMs
(Q)SARs assume that an observed biological activity is correlated with the chemical structure or properties, enabling the identification of a mathematical function or a model. After this relationship is estimated, it is possible to apply it to newly developed or untested substances, thus assessing their potential effects. The biological activity can be predicted in a qualitative (toxic/non-toxic) or quantitative way depending on the endpoint of interest and on the datasets, respectively by means of classification and regression models. (Q)SARs are extensively applied in chemical toxicity modelling and drug discovery 53,98,99, and in the last decade lots of efforts have been put in practice to apply QSARs to NMs. A selection of peer-reviewed articles presenting models that predict human health hazard endpoints retrieved from the literature as specified in Section 2 is presented in Table 4: these tools were critically evaluated against the criteria described in Table 1. In addition of such criteria, the descriptors used for modelling and other information (such as whether the developed model is available as a web tool, or the approach is contextualized into an existing Grouping framework, cfr. Section 1) are highlighted, together with a brief description of the reviewed approach.
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[bookmark: _Ref506571074][bookmark: _Ref520455510]Table 4: Selection of peer-reviewed studies in which (Q)SAR models predicting human health hazard endpoints were provided, evaluated using the criteria described in Table 1.
	Reference
	Description
	Modelled endpoint
	Dataset size
	Modelling approach
	Model validation
	Statistics and metrics
	AD assessment
	Uncertainty and variability assessment
	Model interpretation

	100
	CS1: classification of metal cored NMs using four structural descriptors (size, R1/R2 relaxivity, zeta-potential). Activity was described by averaging for each NM 64 features (four doses, four different cell lines, and four different in vitro assays), thus setting arbitrarily a threshold that allowed to split the dataset in two balanced classes; CS2: QSAR modelling of cancer PaCa2 cellular uptake by Metal cored NMs, with respect to 150 different calculated chemical descriptors (using MOE software).
	✗/✓
(CS1: 64 features were averaged, setting an arbitrary threshold to indicate activity; CS2: cellular uptake in PaCa2 cells)
	44 101,
109 102
	✓
(CS1: Linear SVM Classifier
CS2: kNN)
	✓
	✓
	✓
(Distance based)
	≈
(Y-scrambling)
	✓

	103
	Theoretical model that predicts the oxidative stress potential of oxide NMs by comparing the redox potentials of relevant intracellular reactions with the energy structure, using reactivity descriptors.
	✓
(Oxidative stress potential)
	70
	NA
(Theoretical model)
	≈
	≈
	✗
	✗
	✓

	104
	CS1: regression model to predict cellular membrane damage of TiO2 NMs via lactate dehydrogenase (LDH) release using five nanospecific descriptors (size, size in water and phosphate buffered saline, concentration and zeta-potential). CS2: classification model to detect dense cell membranes and disrupted cell membrane after the exposure to ZnO NMs via LDH release using three nanospecific descriptors (size in water and cell culture medium, zeta potential).
	✓
(CS1 and CS2: Cellular membrane damage via LDH release)
	24, 
18
	✓
(CS1: MLR,
CS2: LDA)
	≈
	≈
	✗
	✗
	✓

	105
	Classification-based cytotoxicity of metal oxide NMs at different concentrations, using 14 nanospecific and calculated physicochemical descriptors and exploring all possible combinations of these descriptors, ending up with a model with three descriptors (period of the NM metal, atomization energy, and primary size).
	✓
(Cytotoxicity via propidium iodide uptake of BEAS-2B cells)
	9
	✓
(Logistic regression)
	✓
	≈
	✓
(Geometric: convex hull after PCA)
	✗
	✓

	23
	QSAR model describing the Cytotoxicity of a set of Metal Oxide NMs to bacteria Escherichia Coli using a single calculated chemical descriptor (enthalpy of formation of a gaseous catio).
	✓
(Cytotoxicity via reduction of E. Coli viability)
	17
	✓
(MLR combined with a Genetic Algorithm)
	✓
	✓
	✓
(Leverage approach)
	≈
(Y-scrambling)
	✓

	106
	CS1: Evaluation of a linear and of a non-linear model to predict the smooth muscle apoptosis (SMA) induced by Metal Oxide NMs, by using as descriptors three indicator variables (for core material, surface coating, and surface charge). CS2: linear and non-linear models to predict cellular uptake in PaCa2 dell line and in human umbilical vein endothelial cells (HUVEC), induced a set of NMs with the same core but different surface modifications. After finding best-performing models using the complete set of physicochemical and calculated descriptors, authors provided two additional models that made use of interpretable descriptors only, which were mainly related to molecular size and shape, and hydrogen bonding of the fucntionalization.
	✓
(CS1: SMA, CS2: cellular uptake in PaCa2 and HUVEC cell lines)
	31 101, 109 102
	✓
(CS1: MLR and Neural Network with Bayesian regularization; CS2: MLR with EM, and Neural Network with Bayesian regularization)
	✓
	✓
	✗
	✗
	✓

	107
	Application of the CORAL software[footnoteRef:7] to evaluate the Cytotoxicity to bacteria E. Coli of a set of Metal Oxide NMs, using SMILES descriptors 108. [7:  http://www.insilico.eu/CORAL (web address accessed in summer 2018).] 

	✓
(Cytotoxicity via reduction of E. Coli viability)
	17 23
	✓
(Least Square regression)
	✓
	✓
	✗
	≈
(Y-scrambling)
	✗

	109
	Consensus model derived from a pool of 2100 classification models (kNN, NBC, Logistic regression, and SVM) to predict the cellular uptake of metal cored NMs by pancreatic cancer cells. Calculated 3D descriptors included in the final model (from an initial pool of 100 descriptors) were mainly related to lipophilicity and hydrogen bonding.
	✓
 (Cellular uptake in PaCa2 cell line)
	105 102
	✓
(Consensus classifier)
	✓
	✓
	✓ 
(Multiple threshold method)
	✗
	✗

	110
	Non-linear model to predict cellular uptake of metal cored NMs in pancreatic cell lines. The model was described by six chemical descriptors computed by Dragon software and chosen by feature selection thanks to a SOM. Authors also provided a less performing linear model was derived by MLR using the same descriptors.
	✓
 (Cellular uptake in PaCa2 cell line)
	109 102
	✓
(Multi-layered perceptron neural network)
	✓
	✓
	✓ 
(Descriptor ranges + Leverage approach)
	✗
	✓

	111
	Demonstration of the dependence of QSAR models on the selection of trial descriptors sets computed by different softwares from the chemical structure of the NMs using six different endpoints (BSA binding, CA binding, HB Binding, CT binding, NO response, and Cell Viability) and a combination of these endpoints for decorated nanotubes.
	✓/✗
(Six different endpoints, and a combination of such endpoints)
	80 112
	✓
(MLR with Genetic Algorithm)
	≈
	≈
	✗
	✗
	✓

	113
	SAR model for metal oxide NMs toxicity using metrics based on dose–response analysis and consensus self-organizing map clustering. Authors explored different classification models (NBC, Linear regression, LDA, Logistic regression, quadratic logistic regression, and SVM) with different combinations of nanospecific, physicochemical and metal oxide descriptors, ending up with a model composed by two descriptors (conduction band energy and ionic index).
	✗
 (Cell viability in BEAS-2B and RAW264.7 cell lines)
	24 114
	✓
(SVM classifier with gaussian kernel)
	≈
	✓
	✓
(Probabilistic, based on kernel density estimation)
	✓ 
(Y-scrambling + considerations on the decision boundaries)
	✓

	115
	SAR binary models using different ML techniques, classifying diverse meta cored NMs based on combinations of different nanospecific, molecular and physicochemical descriptors. Activity was described by a “bioactivity profile” which averaged 64 features (four doses, four different cell lines, and four different in vitro assays.
	✗
(Normalized SNR ratio with respected to unexposed cell responses of the “bioactivity profile”)
	44 101
	✓
(LDA, Naïve Bayes Classifier (NBC), Logistic regression, and Nearest Neighbour)
	≈
	✓
	✓
(Probabilistic, based on the Naïve bayes classifier)
	✓ 
(Y-scrambling + considerations on the decision boundaries of the NBC)
	✓ 

	116
	Toxicology effects of Cobalt Ferrite NMs, at different doses and different exposure times, with respect to seven different cell types (representing different organs of the human body) and precision-cut lung slices. Descriptors were: cell type, concentration, exposure time, and extent of viability decrease.
	✓
(ROS level)
	2380
	✓
(Decision Tree compared against an NBC)
	≈
	✓
	✗
	✗
	✓

	117
	Application of the CORAL software to predict, using SMILES descriptors, NMs cellular uptake in PaCa2 pancreatic cancer cells. To validate their approach, authors repeated the model training and testing using five different random splits of the dataset.
	✓
(Cellular uptake in PaCa2 cell lines)
	109 102
	✓
(Monte Carlo optimization)
	✓
	✓
	✓
(Defined as NMs containing the same SMILES attributes)
	✗
	✓

	118
	Model predicting cellular uptake in PaCa2 cell lines of a set of NMs with common metal core and different surface modifications, in relation with a pool of 307 descriptors (structural, molecular, topological, spatial, and electronic) computed using different software (Cerius, Dragon and PaDeL-Descriptor). Genetic Function Approximation (GFA 119) was applied to find best descriptors from this pool, ending up with a linear model composed by six calculated descriptors, which were related to hydrophobicity, measure of electronic features relative to molecular size, wiener index of the chemical graph, and relative positive charge surface area.
	✓
(Cellular uptake in PaCa2 cell lines)
	109 102
	✓
(Stepwise MLR followed by PLS)
	✓
	✓
	✓
(Leverage approach + DModX)
	≈
(Y-scrambling)
	✓

	120
	Investigation of the reliability of two Ensemble Learning methods (Decision Tree Forests (DTF) and Decision Tree Boost (DTB)) applied to five different datasets (NMs with same metal core, NMs with common metal core and different surface modifications, different metal oxide NMs, surface modified multi-walled carbon nanotubes, and fullerene derivatives NMs), using nanospecific and simple structural descriptors.
	✗/✓
 (CS1: activity profile 100, CS2: cellular uptake in PaCa2 cell lines, CS3: cytotoxicity in E. Coli, CS4: Cell viability by dehydrogenase activity, CS5: Binding affinity with the HIV-1 PR virus)
	44 101,
109 102,
17 23,
29 112,
48 121
	✓
(Two different Ensemble Learning methods, for regression and classification purposes)
	✓
	✓
	✓
(Distance based)
	≈ 
(Contribution of each descriptor to the final prediction)
	✓

	122
	Model to simultaneously predict ecotoxicity and cytotoxicity of NMs under different experimental conditions and against different biological targets. The model, defined by authors QSAR-perturbation model, is a variation of the classical (Q)SAR principle that make use of perturbation theory to study how changes in the set of descriptors produce changes in the outcome, by random sampling NM pairs and using one as reference and the other as output. Four descriptors were used for each NM pair: three physicochemical descriptors depending on the chemical composition of the NM (molar volume, electronegativity and polarizability), plus the measured size.
	✗
 (Different measures of toxicity depending on biological target, namely Cytotoxicity, EC50, IC50, TC50, and LC50)
	229
	✓
(LDA)
	✓
	✓
	✗
	≈ 
(Area Under the Curve)
	✓

	123
	QSAR-perturbation model aiming at simultaneously predicting the cytotoxicity of different NMs against several mammalian cell lines, considering different times of exposure of the cell lines, as well as the chemical composition of NMs, size, conditions under which the size was measured, and shape. Four descriptors were used for each NM pair: three physicochemical descriptors depending on the chemical composition of the NM (molar volume, electronegativity and polarizability), plus the measured size.
	✗
 (Different measures of Cytotoxicity)
	41 79
	✓
(LDA)
	✓
	✓
	✗
	✗
	✓

	124
	Models to predict cytotoxicity of metal oxide NMs: the first model uses a single descriptor (charge of metal cation corresponding to a given oxide), while the second uses an additional descriptor (metal electronegativity), resulting to be more predictive. 
	 ✓ 
(Cytotoxicity via reduction of E. Coli viability)
	17 23
	✓
(stepwise MLR for the first model, and PLS for the second)
	≈ 
	✓
	✓
(Leverage approach)
	≈ 
(Y-scrambling)
	✓

	88
	QSAR relating photo-induced toxicity of metal oxide NMs to E. Coli, after exposure to natural sunlight irradiation in comparison to dark, with respect to different combinations of physicochemical and calculated descriptors.
	✓
(Cytotoxicity via reduction of E. Coli viability)
	17
	✓
(Least Square regression)
	✓
	≈
	✗
	✗
	✓

	125
	QSAR for the prediction of dark and photo-induced cytotoxicity, using SMILES and quasi-SMILES attributes as descriptors 108.
	✓
(Cytotoxicity via reduction of E. Coli viability)
	17 88
	✓
(Monte Carlo optimization)
	≈
	✓
	✓
(Probabilistic)
	≈ 
(Y-scrambling)
	✓

	126
	Linear and non-linear methods that employ Bayesian neural networks to model three different data sets using four nanospecific descriptors (size, R1 and R2 relaxivities, and zeta potential).
	✓
(CS1: Cellular apoptosis, CS2: cellular uptake in 4 different cell lines, CS3: protein adsorption)
	50 101, 109 102, 80
	✓
(Linear and non-linear Bayesian networks)
	✓
	✓
	✗
	✗
	✓

	127
	Model to predict cytotoxicity of SiO2 NMs by means of mathematical functions of size and concentration, through the CORAL software.
	✓
(Cytotoxicity via inhibition ratio of human lung fibroblasts)
	18 128
	✓
(Monte Carlo optimization)
	✓
	✓
	✗
	✗
	✗

	65
	Application of causation inference method to assist the development and the mechanistic interpretation of SAR models relating human BEAS-2B cell line and murine myeloid cell line RAW264.7 towards a series of metal oxide NMs. Ionic, fragmental, and “liquid drop model” 129 based descriptors were used.
	✗
 (Cell viability in BEAS-2B and RAW264.7 cell lines)
	24 114
	✓
(Random Forests)
	✓
	✓
	✓
(Minimum-cost-tree of variable importance)
	✗
	✓

	130
	QSAR model for the prediction of the cellular uptake of NMs in pancreatic cancer cells using SMILES descriptors. The workflow was made available online through the Enalos InSilicoNano platform [footnoteRef:8]. [8:  http://enalos.insilicotox.com/QNAR_PaCa2 (web address accessed in summer 2018)] 

	✓
(Cellular uptake in PaCa2 cell lines)
	109 102
	✓
(kNN)
	✓
	✓
	✓
(Distance based)
	✗
	✗

	85
	Characterization of the protein serum corona fingerprint of gold NMs, that have been used as descriptors to predict cell association. Performance of the model have been compared against another one that used only size, aggregation state and surface charge, resulting to be 50% more accurate.
	✓
(Cell association in A549 cells)
	105
	✓
(PLS regression)
	✓
	✓
	✓
(Leverage approach)
	✗
	✓

	90
	Investigation of the growth inhibitory for a set of metal oxide NMs in the bacterium E. Coli. The resulting model used as descriptors the conduction band energy levels and the hydration enthalpy.
	✓
(Cytotoxicity via reduction of E. Coli viability)
	24
	✓
(SVM classifier)

	✗
	≈
	✗
	≈ 
 (Assessment of the decision boundaries)
	✓

	131
	Investigation on the most responsible factors in gold NMs exocytosis in macrophages, using TEM extracted, experimental parameters and combinatorial descriptors. 
	✓
(Exocytosis in macrophages)
	12 132
	✓
(PLS regression)
	≈ 
	✓
	✗
	✗
	✓

	133
	Comparison of different classification techniques to predict the cytotoxicity of poly (amino amine) (PAMAM) dendrimers using different chemical and structural descriptors. Authors retrieved the data from 12 different nanomedicine journal articles using NanoSifter NLP as a tool for datamining 43, and performed five different analyses to classify NM, using different combinations of descriptors.
	✓
(Cytotoxicity in 
Caco-2 cells)
	103
	✓
(NBC, SMO, J48, Bagging, Classification via regression, Filtered classifier, LWL Decision table, DTNB, NBTree, Random Forest)
	✓
	✓
	✗
	✗
	✗[footnoteRef:9] [9:  A mechanistic interpretation of the model was provided only for the models resulting by the application of the J48 Decision Tree classifier.] 


	83
	Investigation on difference in modes of action of a set of metal oxide NMs between eukaryotic system (HaCaT cell line) and prokaryotic system (E. Coli) starting from a pool of 27 parameters quantitatively describing structure of NMs, and obtaining a model composed by two computed descriptors (enthalpy of formation of metal oxide nanocluster surface and the Mulliken’s electronegativity of the cluster).
	✗
(Cytotoxicity via reduction of E. Coli viability and cytotoxicity via cellular uptake of HaCaT cells)
	17 23, 
18
	✓
(MLR combined with a Genetic Algorithm)
	✓
	✓
	✓
(Leverage approach)
	≈ 
(Y-scrambling)
	✓


	134
	Regression and classification models for a set of ZnO and TiO2 NMs tested at different concentrations for their ability to disrupt the lipid membrane in cells by using two empirical descriptors (size and concentration). 
	✓
(Cellular membrane damage via LDH release)
	42
	✓
(MLR, SVM, Neural Networks, and J48 Classification Tree)
	✓
	✓
	✓
(Leverage approach, convex hull after PCA)
	≈ 
(Y-scrambling)
	✓

	135
	After an unsuccessful attempt to simultaneously find a relationship between a set of descriptors (10 related to NM size and size distribution, 2 derived from TE/SEM images, 2 derived from EPR measurements, 13 relate to surface area, 2 related to reactivity and 5 related to metal content measurements) and 18 different toxicological responses, authors selected a single endpoint and provided a QSAR model using all the available descriptors.
	✓
(Cell viability)
	10 136
	✓
(PLS regression)
	≈
	≈
	✗
	✗
	✗

	137
	Investigation on the relationships between NM-cell association, and protein corona fingerprints and NM physicochemical properties, through linear and non-linear models. The final (non-linear) model used as descriptors six serum proteins and the zeta potential. 
	✓
(Cell association in A549 cells)
	105 85
	✓
(SVM regression)
	≈
	≈
	✓
(Leverage approach)
	≈ 
(Y-scrambling)
	✓

	138
	R package (RRegres) for creating and validating multiple regression models, producing unified reports and selecting the best performing one. Authors tested their package against different datasets, including three case studies on nano-particles: two of these case studies were related to toxicity, and one to ecotoxicity (short-term aquatic toxicity). In CS1 protein-corona descriptors were included in the models, while in CS2 quantum-mechanical and image derived descriptors were used.
	✓/✗
(CS1: Cell association in A549 cells, CS2: Cytotoxicity via reduction of E. Coli viability and cytotoxicity via cellular uptake of HaCaT cells)
	84 85,
17 23,
18
	✓
(SVM regression, Elastic Net Regression)
	✓
	✓
	✓
(Leverage approach)
	≈ 
(Y-scrambling)
	✗

	139
	Assessment of toxicity of NMs in four different case studies through SAR decision trees, using nanospecific, physicochemical and molecular descriptors. Authors generated for each case study 600 decision trees using a genetic approach, selecting the best 100 trees with respect to the prediction on the training set. Then, for each case study they selected the best decision tree as the one providing the best results in the test set. The selection of the final models (and, consequently, the reported predictive abilities) is thus clearly biased: a better approach would have been for instance to average the results of the 100 trees (resulting in a decision forest).
	✗/✓
 (CS1: Cell viability in BEAS-2B and RAW264.7 cell lines, CS2: cellular uptake in PaCa2 cancer cell line, CS3: cytotoxicity to via cellular uptake of HaCaT cells, CS4: exocytosis in macrophages)
	24 140,
105 102, 18 83, 
12 132 
	✓
(Decision Trees)
	✗
	✓ 
	✗
	≈ 
(Y-scrambling)
	✓


	141
	Model composed by two theoretical descriptors (polarization force and enthalpy of formation of a gaseous cation) to predict cytotoxicity to E.Coli. Authors tested it to two new NMs and ranked other untested NPs according to predicted toxicity.
	✓
 (Cytotoxicity via reduction of E. Coli viability)
	16 23 + 51
	✓
(MLR)
	✓
	✓
	✓
(Leverage approach)
	✓ 
(Y-scrambling + assessment of uncertainty in prediction)
	✓

	142
	Cytotoxicity correlation models between E.Coli and HaCaT cell line for cytotoxicity of metal oxide NMs, using as descriptors chemical descriptors, quantum-mechanical descriptors and image descriptors. The resulting model (defined by authors nano-QTTR model) can be thus used extrapolate toxicity related to one species to the other, when data for one species is available.
	✗
(Cytotoxicity via reduction of E. Coli viability / Cytotoxicity via HaCaT cellular uptake)
	17 23, 
18 83
	✓
(stepwise-MLR + PLS)
	≈
	✓
	✓
(Distance based)
	✗
	✓

	143
	Investigation of the quantitative relationships between protein corona and activity by using several linear and non-linear ML approaches. Best performances were achieved by using six serum proteins as descriptors.
	✓
(Cell association in A549 cells)
	84 85
	✓
(MLR, SVM, Projection pursuit regression, kNN, Multivariate regression splines, Neural Networks, Random Forest)
	✓
	✓
	✓
(Distance based after PCA + Leverage approach for MLR)
	✗
	✓

	144
	QSAR modelling for predicting the cytotoxicity of various metal oxide NMs, making use of a descriptor that includes physicochemical features into SMILES descriptors, by means of the CORAL software.
	✗ 
(Cytotoxicity via reduction of E. Coli viability / Cytotoxicity via HaCaT cellular uptake)
	17 23, 
18 83
	✓
(Monte Carlo optimization)
	✓
	✓
	✗
	✓ 
(Y-scrambling + sensitivity analysis)
	✓

	145
	Multi-Quantitative Structure Toxicity Relationship for simultaneous prediction of multiple toxicity of metal oxide NMs to four different endpoints, having results comparable with ones provided for single QSAR models, using physicochemical calculated descriptors and constitutional and quantum mechanical descriptors retrieved from previous works.
	✗
(Cytotoxicity via reduction of E. Coli viability / Cytotoxicity via HaCaT cellular uptake)
	17 23 + 
17 88 +
2 141 +
18 83
	✓
(Random Forests)
	✓
	✓
	✓
(Leverage approach)
	≈ 
(Y-scrambling)
	✓

	146
	Three SAR models built starting from a pool of 285 descriptors and resulting in models that use respectively one, two and three descriptors (size, surface area and a quantum-mechanical calculated descriptor). The approach was contextualized to support the DF4nanoGrouping scheme, classifying NMs according to one in vivo and two in vitro studies.
	✓
(Protein carbonylation, ROS, NOAEC of a short-term inhalation study)
	19 147
	✓
(Decision Trees)
	✓
	✓
	✓
(Assessment in both test and training sets by standardization approach 148)
	✗
	✓


CS: Case Study; EM: Expectation Maximization; LDA: Linear Discriminant Analysis; MLR: Multiple Linear Regression; NA: Not Applicable; NBC: Naïve Bayes Classifier; kNN: k-Nearest Neighbours; PCA: Principal Component Analysis; PLS: Partial Least Square; ROS: Reactive Oxygen Species; SOM: Self organizing maps; SVM: Support Vector Machines.
(Q)SAR models have often been criticized not being sufficiently accurate when applied in practice 149. This may be due to a different number of motivations. 
As highlighted in Table 4, many studies analysed small datasets, and none of the reviewed approaches reported using any of the databases listed in Table 2. Although the modelling approach and the descriptors used in the final model were always clearly indicated, excluding the model provided by Burello and Worth (2011) where instead a theoretical model was applied 103, in roughly 50% of the reviewed approaches the descriptors used by the final model are related to the chemical composition of the NM and are not related to nanospecific properties, while the most common nanospecific descriptors included in the reviewed models are size (measured in different media), zeta potential, reactivity and surface area, while in three cases protein-corona descriptors where included in the final model 137,138,143. The predicted endpoint was in general clearly identified: in roughly 25% of the reviewed approaches (11 out of 41) more cell lines or endpoints were combined to predict a generic biological activity (e.g. viability and cellular uptake). Furthermore, only in one of the case studies of Gajewicz et al. (2018) an in vivo endpoint was predicted 146, thus confirming the model landscape presented elsewhere 150. It is worth noting that in some cases activity was assessed by arbitrarily defining a threshold on endpoint values, in such a way to have half of the dataset classified as “active”, and half as “non-active”.
The 65% of the reviewed approaches (27 out of 41) performed both internal and external validation, while roughly 25% of the approaches reported performing only internal validation through cross-validation, and one of the reviewed models was not validated at all 90. The validation of one of the reviewed approaches resulted to be biased, because authors reported selecting the final model by looking at the one maximizing performances in the test set 139. The statistics used to evaluate the goodness-of-fit or the classification accuracy were clearly reported in the 80% of the reviewed approaches (33 out of 41), while in 8 out of 41 of the approaches the reported statistics were not sufficient to fully evaluate model performances.
The Applicability Domain of the model was assessed in more than half of the reviewed approaches (24 out of 41), and usually in such cases the data samples that felt outside the AD were highlighted. The most used approach to evaluate the AD of the models resulted to be the Leverage Approach, often through a William’s Plot (i.e.: leverage values vs standardized residuals), but also geometric and distance-based approaches were adopted, as well as approaches that assess the AD basing on statistical properties of the model. It should be noted that the leverage approach is only scientifically valid when applied to linear regression models.
The robustness of the model was assessed in more of the 40% of the reviewed methods: in 16 out of 41 cases it was assessed by means of the Y-scrambling 52,151, while in one of the approaches 122 the Area Under the Curve method was adopted. The uncertainty assessment of the model prediction is insufficient, which is expected, given that the estimation of confidence intervals is an open research problem for ML beyond linear regression models. In only 3 cases the decision boundaries of the classification model were highlighted 90,113,115, only Mu et al. (2016) provided a raw uncertainty assessment of their linear regression model 141, indicating the confidence intervals of the predictions, while only Singh and Gupta (2014) highlighted the contribution of the selected descriptors to the final prediction 120, and only Pan et al. (2016) provided a sensitivity analysis of their model 144.
A mechanistic interpretation was provided for 34 over 41 of the reviewed approaches, while the remaining case studies focused only on comparing the predictive ability of the models with respect to previous studies on the same dataset.
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In this paper, we provided an overview of the available databases encompassing physicochemical and (eco)toxicological endpoints that may support development and application of predictive in silico models for engineered NMs, highlighting some of the known issues of such platforms and referencing relevant papers in which such issues are discussed and solutions for future developments are suggested. Moreover, we critically reviewed the available in silico methods for predicting human health hazard endpoints for NMs against eight criteria inspired to the OECD principles on the validation of QSARs. These principles have also been adapted to evaluate the existing Grouping and Read-Across approaches. 
Datasets currently modelled in material sciences are significantly smaller than those available in domains where ML is more established 152, like for instance computer vision or bioinformatics. Zhang and Ling (2018) 153 reviewed 15 recent case studies on the band gap of binary semiconductors, lattice thermal conductivity, and elastic properties of zeolites, to propose a strategy on how to increase the predictive ability of small datasets. Such case studies, selected as representative works modelling “small datasets”, modelled datasets ranging from 100 to about 20000 samples. Nanoinformatics usually deals with even smaller datasets: indeed, the approaches reviewed in this manuscript modelled datasets ranging from a minimum of 7 samples 82 to a maximum of 2308 samples 116 (cfr. Table 3 and Table 4), with roughly the 70% of the approaches modelling less than 100 samples, and being the approach of Horev-Azaria et al. (2013) 116 the only one dealing with thousands of samples. This is a potential issue affecting the predictive ability of he reviewed models, since it is well recognized that ML algorithms usually work better when trained with a sufficiently large number of samples 51,52.
It is thus fundamental to address the issues highlighted in Section 3.1, curating existing data in available datasources 70,71, improving the completeness and the quality of data in existing databases 72, and integrating as much as possible existing databases and datasets 75, to allow modellers to deal with larger sets of data: hence, we encourage scientists to share their (curated) data in those data repositories. At the same time, it is worth noting that some of the approaches reviewed in this manuscript have been implemented as web services that are freely available to the community 84,86,130,138. Such practices should be encouraged as well, being the availability of data and in silico tools fundamental for the definition of IATAs for Grouping and Read-Across.
There are not many case studies in the literature on Grouping for Read-Across of NMs (cfr. Section 3.2 and Table 3). Most of the 11 approaches reported in Table 3 are built on small datasets and do not predict well-defined endpoints. In case the endpoint selected to Read-Across is of relevance for REACH (i.e. in vitro or in vivo genotoxicity) it is either (i) not applied as an alternative method to animal testing (as the prediction is made for an in vitro assay) 93, or (ii) the data of the source materials are not provided following an internationally accepted SOP 97. In addition, because of the small dataset size, many of the case studies neither report on model validation, nor provide a comparison to experimental data. Moreover, in most cases the possibly large uncertainties in the predictions are not properly evaluated. On the other hand, almost all the case studies have a clear presentation of the Grouping hypothesis or relationship and provide mostly satisfactory interpretation of the results.
Similar conclusions may be drawn from the evaluation of (Q)SAR models for the prediction of human health hazard endpoints (cfr. Section 3.1 and Table 4) where 41 published studies have been reviewed: most of the approaches modelled small datasets, and none of the approaches reported using any of the databases in Table 2. It is also of note that 12 studies over the total studies reported in Tables 3 and 4 rely on the same datasets 23,83. The modelled outcome was in general well communicated. The prediction was related to in vitro endpoints, except in a single case study 154, and in roughly a third of the reviewed approaches the model outcome consisted in a combination of different endpoints. Even though the modelling approach, as well as the descriptors, were in most of the cases clearly reported, model validation was not always properly assessed, and in some cases the statistics supporting model performance are insufficient. The AD of the model was assessed only in half of the reviewed approaches, and the evaluation of the uncertainty, of the sensitivity, and of the robustness of the model predictions is missing in most of the reviewed approaches. A mechanistic justification of the model, on the other hand, is generally provided.
Roughly 50% of the approaches reviewed in this manuscript included in the final model nanospecific descriptors, in addition few approaches reported including in their analysis proteomics 84,137,138,143 and omics descriptors 86, with encouraging results (cfr. Section 3.2 and Section 3.3). Future research should keep in consideration such informative descriptors, which can complement physicochemical descriptors and nanospecific properties indicated in Appendix R6.1 of REACH 3.
Structured sources (e.g. databases), where data are well-defined, and semantics are implicit, could be easily mined with automatic methods that are already available for the scientific community. On the other hand, unstructured sources (e.g. technical reports, journal articles) generally provide data in free text format, making it more difficult to automate the process of information extraction and consequently making it harder for modellers to retrieve such data 155. It is thus surprising that only Helma et al. (2017) reported retrieving their dataset from one of the available databases (eNanoMapper) 84, and only Jones et al. (2015) reported using data mining techniques 133, while the other approaches modelled datasets created ad-hoc or fetched from previous studies or from the literature. On the other hand, Liu et al. (2013) 156, Kovalishyn et. al. (2018) 157, and Chen et al. (2016) 158, fetched their datasets from the OCHEM and the NBI databases for modelling ecotoxicity. This may indicate that for ecotoxicity endpoints data in publicly available databases is in the current state more suitable for modelling than data related to human health hazard endpoints. At present, indeed, research efforts are carried out in the nanosafety community in improving data curation and integration (cfr. Section 3.1), to enable subsequent development of in silico modelling as part of IATA for Grouping and Read-Across. 
In most of the reviewed approaches, despite the small sample size, many descriptors have been included in the final models (cfr. Section 3.1 and Table 3, Section 3.2 and Table 4). However, ideally most of the ML algorithms work better when a high number of samples is used to train them, and as the number of descriptors used by the model increase, the minimum number of samples required to train it should increase as well. Moreover, the concept of proximity, distance or nearest neighbour exploited by distance-based ML algorithms become less meaningful as the number of dimension become higher: this problem is known as the “curse of dimensionality” 159–161. Even though there are no general rules specifying the minimum number of samples required to train a model, experiments demonstrated that at least 10 samples per variable are required for logistic regression 162, while a more conservative rule 163 can be adapted from Latent Class Analysis, where the minimal sample size to include is suggested to be no less than 2k (where k is the number of variables), preferably 5*2k. Zhang and Ling (2018) 153, instead, suggested that 100 should be in their opinion the lowest sample size of the dataset to apply ML in materials research. In our opinion it is more meaningful to have a rule which is dependent to the number of descriptors used by the model and has statistical grounds, rather than having a fixed threshold derived heuristically or set up by scientists’ judgement, thus the most conservative rule proposed by Dolnicar (2002) 163 of having a training set with a sample size of at least 5*2k should be taken in consideration in future research. In many of the reviewed cases studies these rules are not fulfilled. In addition, it is fundamental to validate models both internally and externally, and to cross-validate models when the number of samples is not sufficiently high to perform also external validation, to provide an unbiased evaluation of the predictive ability of the models 29–32, and to reduce the risk of overfitting.
Other potential biases that may cause derived models to be inaccurate or even not useful in practice are related to non-i.i.d selection of samples. This results in poor representativeness of the data being modelled as compared to what the resulting model is expected to predict. Representativeness, indeed, is as important as sample size: it can potentially magnify bias effects in case of non-representative or not properly collected samples, instead of correcting it 164. Heckman (1979) studied the problem of sample selection bias in econometric problems and proposed a method to correct it for regression models, assuming that it is possible to estimate the probability that an observation is selected into the sample 165, being awarded to the Nobel prize for this work (there exists implementation of Heckman-type methods in different programming languages, including R 166). Later it has been shown that the same problem affects also classification models 167, and methods to correct it were proposed. It will be useful to study how these bias affects in silico models for NMs, and to test and if necessary, propose methods to correct it. 
Moreover, it is rarely taken into account that ML algorithms require that training and test data are drawn from the same distribution and the same feature space. However, in many real-world applications this assumption does not always hold. Transfer Learning 168,169, also known as Knowledge Transfer, is a trending topic in the ML community. It aims at extracting knowledge from one or more domains and to apply this extracted knowledge to the target domain and has been also shown to be a powerful tool to correct biases related to non-random sample selection. This class of approaches fits almost perfectly with the task required by Read-Across, where knowledge extracted within a group of NMs is to be applied to other NMs for which data are missing and may provide a powerful tool to try and correct the limitations of (Q)SARs (being also able to more reliably extrapolate outside the applicability domain of the models). The definition of the chemical space in which models provide reliable predictions is indeed fundamental, however it is not always properly assessed for (Q)SARs, and its assessment is currently lacking for most of the Read-Across approaches. In addition to Transfer Learning, another trending topic in ML is Deep Learning, where a neural network with a large number of hidden layers composed by nonlinear units is trained 170. Such class of algorithms are usually applied on dataset composed by thousands/millions of samples, even though there exist algorithms capable to deal with smaller datasets (i.e. datasets composed by few thousands of samples) 171, thus its application for nanoinformatics in the current state of the art is particularly suitable when dealing with electronic images. Another possible future development for nanoinformatics research is to apply Transfer Learning from a pre-trained deep learning model, adapting it for the task of interest 172–174.
Another issue that should be carefully addressed relies on the fact that hazard classes (toxic/non-toxic) are sometimes not balanced, meaning that the number of samples belonging to one class is higher than the number of samples belonging on the other class 175,176, and this is not always properly accounted in the modelling and in the evaluation phase. It is also important to provide proper metrics and statistics when evaluating model performances, possibly discussing it: for instance, for regulatory purposes, a model that overestimates the hazard of a NM would be preferred to another one having better performances, but which tends to underestimate it. 
Expert judgement is essential for Grouping, especially because a rigorous scientific justification of the Grouping hypotheses should be provided 3. It is straightforward to apply computational tools and combine them to expert judgement to strengthen the validity of the prediction or grouping hypothesis. Unsupervised learning techniques (e.g. Principal Component Analysis, Clustering and Self-Organizing Maps) have been already employed for instance to assist the development of (Q)SAR models and Read-Across approaches for NMs 22,32,83,100,106,113,115, for NMs classification 177,178, for quality assessment of nano-based dispersions 179, and to study how surface modifications by means of attaching organic ligands can affect the colloidal stability of NMs 180. 
Finally, there are several sources of uncertainty that must be taken into account when applying Read-Across and when dealing with (Q)SARs. Specifically, it may be required to apply assessment factors depending on the nature of uncertainty related to the endpoint taken into consideration 181, and there is a perception of greater uncertainty while reading across starting from non-toxic substances (negative Read-Across), while Read-Across to toxic substances is generally more accepted. Moreover, it is generally more accepted that Read-Across is performed on a substance that "falls" between substances already taken into account (interpolation), while extrapolation is less accepted, and it is considered more important to demonstrate the correctness of the Grouping than considering whether Read-Across results in interpolation or extrapolation. 
5 Conclusions
In silico models to predict properties of concern and (eco)toxicological endpoints should be seen as highly relevant components of IATA for the safety assessment of NMs. In this manuscript, we critically reviewed the available in silico computational approaches predicting human health hazard endpoints applied specifically in the context of Grouping and Read-Across. The main conclusions of our analysis are that: (i) considerably more efforts need to be invested into curating the available nano-EHS databases in order to establish the completeness and quality of the data, integrating as much as possible existing databases, thus providing larger datasets to modellers, (ii) Unsupervised ML techniques should be further explored as useful tools to facilitate Grouping for Read-Across of NMs, (iii) attention should be paid in future research on properly communicating model performance, (iv) the in silico models should be properly validated (both internally and externally) to avoid overfitting and to provide more reliable results, (v) the AD of the model is fundamental: while for (Q)SARs it is often assessed, it is needed to further explore methods to define it also for the Read-Across approaches, (vi) the uncertainty and sensitivity of the in silico models are often not evaluated or reported, while this is essential for interpreting the reliability of results, (vii) future research should explore advanced ML techniques, such as Transfer Learning and Deep Learning, to improve the current state of the art and to face the limitations of currently adopted approaches. 
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