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Abstract
Efficient and machine-readable representations are needed to accurately identify, validate and communicate information of chemical structures. Many such representations have been developed (as, for example, the Simplified Molecular-Input Line-Entry System and the IUPAC International Chemical Identifier), each offering advantages specific to various use-cases. Representation of the multi-component structures of nanomaterials (NMs), though, remains out of scope for all the currently available standards, as the nature of NMs sets new challenges on formalizing the encoding of their structure, interactions and environmental parameters. In this work we identify a set of principles that a NM representation should adhere to in order to provide “machine-friendly” encodings of NMs, i.e. encodings that facilitate machine processing and cooperation with nanoinformatics tools. We illustrate our principles by showing how the recently introduced InChI-based NM representation, might be augmented, in principle, to also encode morphology and mixture properties, distributions of properties, and also to capture auxiliary information and allow data reuse.
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Introduction
Nanotechnologies and nanomaterials (NMs) are among the key enabling technologies for European industry, with significant potential for addressing societal challenges in the twenty-first century. During the past decades, there was significant public and private investment to study potential environmental and human health risks of NMs, leading to the development of advanced experimental methods for extensive generation of nanotoxicity data. The rapidly developing field of nanoinformatics covers a variety of computational and decision making tools for data management and the extraction of useful information from available experimental datasets.
In silico modeling includes computational simulations ranging from quantum level, to molecular and coarse grain simulations depicting NM interactions, including agglomerate formation, as well as interactions between NMs and the environment or biological targets. NM characterization, design and discovery have been boosted by machine learning algorithms [1, 2], that take advantage of computational power, high dimension features and big data (when available). Quantitative Structure Activity Relationship models (QSARs) correlate NM properties and behavior according to calculated or measured descriptors of the chemical structure. These models can prove useful for preliminary risk assessment [3, 4] and are increasingly accepted as alternative methods to reduce animal testing. Finally, omics models leverage experimental assays for well-established end-points [5] to study the biomolecular processes involving NMs and link from a Molecular Initiating event through a set of key events to an adverse outcome pathway (AOP) [6].
To support these data-driven models, there has been significant effort during the past decade to create and populate large databases of experimental data produced from industry and research supplemented with calculated descriptors for NMs [7]. Wilkinson et al. [8] provided guidelines for Findable, Accessible, Interoperable and Reusable (FAIR) data, to increase the capacity of machines to access, curate, search, reuse, exchange and analyze large and complex datasets. The European Commission (EC) has invested in coordinated efforts to collect and make available the NM characterization data and biological and toxicological information generated from several large EU-funded projects under the e-NanoMapper database [9]. The e-NanoMapper and the NanoCommons research infrastructure and KnowledgeBase [10, 11] proposed a computational infrastructure for toxicological data management of engineered NMs based on open standards, ontologies and an interoperable design, embracing the FAIR principles and facilitating the development of predictive models [12].
There is a lack of a standardized semantic characterization of NM structural features (such as NM size, shape, number of components and their relations) and environmental variables (such as temperature, medium and other external factors) which are an inseparable part of NM description. This makes it difficult to aggregate, compare, curate and evaluate NM data from different sources and (re)use them for simulations or for training new models.
For conventional chemical substances, web-databases and repositories (e.g., ChEMBL [13], PDBe [14], ZINC15 [15], Pubmed [16] etc.) use standardized linear notations for substance identification (e.g., SMILES [17], SYBYL Line Notation [18], or InChI [19–21]). These notations are also used in deep learning tools [22] to guide the generation of feasible molecular structures featuring desirable properties (e.g., Generative Adversarial networks (GANs) [23], Variational Auto-Encoders (VAEs) [24], Recurrent Neural networks (RNNs) [25] etc.). Extension of e.g., InChI notations have been proposed to consider polymers, mixtures and reactions, and are currently considered for other cheminformatics-relevant components and procedures.
NMs entail additional challenges compared to conventional chemicals. Recently, Lynch et al. [26] initiated an extensive discussion among various stakeholders and proposed a framework for an InChI standard for NMs and a roadmap for its development. They aimed to address the variety of complex nanostructures, using a hierarchical approach which introduces new layers on the InChI notation for the size, shape, crystal structure and ligand binding of the NM, and possibly extrinsic and surface properties.
In the current work we continue and extend this discussion, responding to the need for data normalization, NM description, and protocols for entering, curating and representing data and datasets in NM databases. To achieve this, we present representation assessments on top of which we build concrete extensions that provide standardized methods to represent NMs. Our approach provides the needed framework, according to the principles set out in “Methodology” Section that the representation needs to be accurate, flexible, complete and computable, to enable the systematic building of representations able to depict the complexity of NMs. The proposed principles will allow the construction of representations that should be able to encode all relevant information that a user might need to convey using a higher-level representation. The relevant information, we should note, is not necessarily the most detailed possible, as that is conveyed by, for example, a .mol file (which would include atomic, molecular, crystal structure / unit cell, surface etc.). Such detailed information could not be a substitute for characterization of the NM.
As a proof of concept implementation of our work, in “Results” Section we focus on suggesting layer extensions (e.g., to the morphology and mixture layers) and generic extensions (e.g., for distributions and auxiliary information) to the recently proposed nano-InChI framework developed for accurate encoding and communicating of NMs [26]. We also propose an extension that allows users to create and communicate their own data structures. This enables future-proof solutions for better communication of the intrinsic or extrinsic differences between NM objects, mixtures of NMs/impurities etc. This is important for the development of data-driven approaches for the prediction of NM properties/activities and their correlation.
Finally, by promoting unique representations we aim to facilitate the development of reverse engineering tools for the design of NMs with desirable functionalities, as well as safety and sustainability features under the Safe and Sustainable by design (SSbD) framework [27, 28]. Note that in the case of NMs, the representation should also consider the dynamic nature of real systems, i.e., the extrinsic properties of NMs. This is a very challenging aspect in terms of implementation that has not been considered in past works. “Conclusions and Outlook” Section, discusses how the proposed work can assist the step towards the consideration of non-pristine materials and NM dynamics.

Methodology
To devise appropriate representation extensions, we first extracted the representation requirements by performing a two-stage analysis in order to (a) define the requirements for a representation that could facilitate the development of data-driven structure-property models, and (b) identify a set of descriptors to focus on and propose extensions to make them more fit for structural representation of NMs and to facilitate machine-based applications.
Specific objectives and requirements
In this section we identify a set of principles that a NM representation should adhere to in order to provide “machine-friendly” or machine actionable encoding of NMs, that is able to support data management and curation, development and application of modeling tools for phys/chem/bio property prediction, and other machine-oriented operations essential to nanoinformatics. As a whole, an ideal representation should:	provide a standardized language able to depict the complexity of NMs and able to support similarity assessments and complex search queries in databases;

	be able to encode all relevant NM information at all description levels, meaning that it should accurately describe the core components, shapes, sizes, distribution of those elements, the chemical composition, type of structure or phase and surface characteristics of the NM; and

	be easily extendable by being able to provide—or at least facilitate—future-proof definitions and extensions so that new features can be accurately recorded and communicated, without the need for revising the model.




In this sense, the three crucial features for a machine-friendly NM representation considered here are: accuracy, completeness and flexibility [22, 29–33], as explained below in more detail. In addition, we also consider computability as a desirable characteristic for a machine-friendly representation.
A representation, therefore, following these principles is:	Accurate, when a descriptor can be represented without loss of information, meaning that when we have the representation of a descriptor we can retrieve the descriptor instance exactly as it was before the representation encoding. For example, using a real number to represent average nanoparticle size is an accurate representation. Or, for another example, a .mol or a .xyz file enables an accurate representation of the atoms' position of a chemical substance since all known relevant information can be extracted by the representation without any ambiguities or loss of information. It is evident that the term “accuracy” refers to a specific aspect of the information that is conveyed, so a representation can be accurate in some sense but not accurate in another. In the example of the .mol or .xyz files, these they are not an accurate representation of, for example, the dynamics or the stability of the structure. Since an accurate descriptor does not lose information, this could also cover the need for reversibility. Note that linear chemical identifiers are not always able to fully capture the 3D structure of conventional chemicals [34]. However, NMs comprise a distribution of individual particles (in terms of sizes, surface properties etc.) and, therefore, a distribution of chemical compositions. So, the challenges in nano-identifiers lie beyond the representation of chemical composition and include how to fully capture the 3D structure of the particles or a median representation.

	Flexible, when it can encode incomplete information and can be used in different contexts. Therefore, a flexible representation is also incremental, since it should be able to capture information in various stages of completeness without sacrificing the accuracy of the representation. A direct result of this is that a flexible representation can be used as a building block for new representations, for example by reusing small components as parts of bigger new structures or even defining incomplete components as placeholders/generic reusable structures. Therefore, in a sense, flexibility defines successive layers of information-content where the current representation is accurate. For example, the recently proposed NInChI [26] representation is flexible regarding the use of existing InChIs for the small molecule functionalizing ligand. Similarly, but in a much different context, a flexible representation for describing sizes could include layers for increasingly detailed information content such as: knowing the mean size, knowing the general distribution of the sizes, etc.

	Complete, if it can encode the entire range of descriptor instances. For example, a representation that encodes nanoparticle shapes using categorical descriptors (e.g., “sphere”, “rod”, “tube”, etc.) is not “complete”, since it cannot capture all possible nanoparticle shapes. Similarly, encoding nanoparticle size using a real number is not “complete” in the sense that a single number is not enough to capture all the nanoparticle size information, which is usually a distribution or a value in some confidence interval, etc.




Two additional important characteristics of a machine-friendly representation are its ability to form general queries, and its computability (or calculability). The combination of those two characteristics enables a wide range of calculations that are of importance to machine operations, and would include similarity calculations to facilitate searches within a database, grouping/read across, pattern extraction etc., as well as quantification of deviations from desired features with respect to shape and size, composition etc. of the NM. To allow the formation of general queries, a representation has to encode the relevant information using a consistent and uniform structure, that is, a structure that stays the same for all—or as many as possible—different realizations of a representation. Moreover, the structure and type of the information encoded should be known before-hand in full detail and the information should be encoded in such a way that retrieval is, ideally, efficient. These calculations would find use, for example, in setting boundaries for nanoforms or sets of nanoforms, or for quality control in materials production e.g., to ensure a NM production is within the allowed deviation from the required characteristics.
Note that we will only consider computability as a required characteristic of a machine-friendly representation. The ability to form general queries is implied, to some extent, by computability as computability enables the ability to form queries of a consistent and uniform structure.
Also, the characteristic of “uniqueness” is not absolutely necessary in order to facilitate machine operations. It is, in general, desirable that representations be unique: two datastructures that represent the same chemical structure should produce identical string outputs. This is achieved by “canonicalizing” the representation; if a chemical structure can be represented more than one way, specific rules are put in place so that only one of these acts as the “valid”/”canonicalized” representation. In the case of NMs, though, the requirement for uniqueness would, among other things, obstruct the incremental properties and increase the complexity of the representation excessively. Therefore, a machine-friendly representation will not guarantee uniqueness and will allow for the possibility that a certain NM corresponds to more than one representation instance. This is not as important as it might seem since (a) it does not apply to the individual components for which already existing, canonical representations are inherited, and (b) the “computability” of machine-friendly representations will allow for similarity comparisons thus making the identification of identical representations and NMs a trivial task.
Finally, a consistent and uniform approach sets the groundwork for creating user friendly representations. Even though user-friendliness is not a requirement for an approach which is good for machine applications, it still needs to be considered as interactions between users and systems are unavoidable and should thus be facilitated. Computability/calculability, on the other hand, is very important for predictive models [35, 36].

Key challenges to be addressed
The second step of our analysis considers the structural descriptors most commonly used in current NM databases, as well as in simple datasets dedicated to the development of specific prediction models. The e-Nanomapper database [37] is an excellent paradigm for a FAIR and extended database built to support model development. Among the descriptors investigated, we identified those that showed a high usability rate but either failed to accurately describe all use cases or lacked a standardized representation. We then investigated the potential of the InChI implementations, like the recent NInChI [26] on the representation of these descriptors according to the requirements set out in “Specific objectives and requirements” Section. Through this analysis, we identified 11 key challenges, which we grouped into 5 categories according to the strategy used herein to address them.
An important challenge is how to deal with the many missing values or incomplete information in the databases. We consider this in all of the proposed extensions presented in “Results” Section by using incremental representations according to “Specific objectives and requirements” Section.
One large category of challenges has to do with the morphology/shape representation of NMs. Shape representation is especially important for NMs but it is also very challenging to construct appropriately. For example, we see it as important to have a generic description of the particle morphology, and not to depend on a set of predefined shapes. Furthermore, the use of categorical variables introduces discontinuities in QSAR models, and makes it difficult to search in databases, quantify structural similarity and investigate morphology-based behavior. NMs of the same shape might not even be directly comparable, or might be more similar to different shapes than to others of the same shape. For example, shapes marked as “rods” might be closer to “nanotubes” or “spheres” than other “rods”, depending on the characteristic one is more interested in (for example surface/volume ratio or main axis ratio, etc.). Figure 1 showcases three pairs of shapes of the same and different morphologies along with metric for their comparison (surface/volume ratio). Other similar issues have to do with the easier extraction of shape similarity metrics enabling user definable morphologies and providing consistent, continuous and comparable ranges/distributions. For all these issues, our general approach, described in “Distributions and ranges” Section and “Morphology” Section, is to use abstract mathematical formulations to describe shape, size and ranges.[image: ]
Fig. 1Showcasing the multitude of shapes of NMs and the difficulty of describing and comparing them. Different shapes might share common characteristics, while similar shapes might differ significantly in their parameters. In this figure: sphere/ellipsoid, pyramids, and solid versus hollow tubes


The other group of issues that we would like to address have to do with: a) the representation of more complex hierarchies and relations in a way that is consistent with the main principles and requirements we presented, and b) the facilitation of the description of mixtures, defects and, ideally, other impurities present in NMs. We approach these by introducing relevant abstract structures and operators, as described in detail in “Mixtures & Interfaces” Section.
Finally, it is important to include a method that will enable one to capture and query auxiliary information. To address this, we propose the introduction of a structured comment layer as discussed in “Auxiliary info/Comments” Section.
The results of this analysis of issues hampering development of structural representation of NMs are summarized in Table 1, along with the proposed approaches to address these shortcomings. Note that the abstract mathematical formulations to describe shape, size and ranges can consider distributions as discussed in “Distributions and ranges” Section. Regarding the dependence on standard representations, alliance with existing standards is certainly beneficial e.g., for cross-referencing across databases.Table 1Summary of issues hampering the development of structural representation of NMs in a machine-readable format, and proposed approaches to overcome them


	Issue
	Proposed approach

	Missing or incomplete information
	Incremental representations (see “ Specific objectives and requirements” Section)

	Description of general shapes
	Use abstract mathematical formulation to describe shape, size and ranges

	Shapes and Sizes as continuous variables (not categorical)

	Easier extraction of shape similarity metrics

	User definable morphologies

	Consistent, continuous and comparable ranges/distributions

	Represent complex hierarchies and relations
	Introduce operators that allow abstract nested structures and flexible hierarchies

	Streamline dependency on other InChIs
	 
	Missing description of defects
	Introduce modification operators

	Capture auxiliary info
	Introduce structured comment layer

	Query auxiliary info
	 



In addition to the requirements described in “Specific objectives and requirements” Section, we also consider the following practical issues to extend the applicability potential of our approach. Firstly, we try to keep our results compatible with existing InChI notations, particularly the recent NInChI proposal which aims to become a universal standard for NM notation. Also, the extensions aim to improve the NInChI dependencies on other InChIs, so that we confine the complexity of the representation when mixture or reaction InChIs are used, and promote a more consistent and uniform approach. Note that consistency and uniformity are herein understood in the context of machine implementation: i.e., readable, able to support queries etc. Therefore, a consistent and uniform approach is consistent in the use of keywords, operators and the structure of the representation. Secondly, we explicitly try to focus on extendable approaches, meaning that the proposed definitions should be made as future-proof as possible. This will circumvent the need for specification-setting meetings, improve user-to-user communication, achieve faster communication cycles, and create a NM representation that adapts to specific user needs.
Table 2 provides a summary of the requirements identified as being critical for a NM representation suitable to facilitate machine processing and cooperation with existing and future nanoinformatics tools.Table 2Summary of requirements for a machine friendly representation of NMs


	Primary requirements
	Secondary requirements

	Accurate
	NInChI compatible

	Flexible
	Reduced complexity

	Complete
	Extendable/future-proof

	Computable/Calculable






Results
The NInChI proposal [26] extends the InChI representation of chemicals by suggesting new layers aiming to encode specific features of the multi-component structures of nanomaterials. The initial proposal suggests 6 new layers with the first 5 being “sublayers” of the “structural representation layer”. Each (sub) layer includes information related to different properties of a specific component. More specifically, these layers are (Fig. 2):[image: ]
Fig. 2An example of an alpha version (indicated by the 1A) NInChI string that encodes a nanomaterial with two components. Component 1 is a Au shell coating, component 2 is a SiO2 spherical core. Note: the working group on NInChI are aware of some inconsistencies in this approach and its alignment with InChI that will be addressed in the next iteration (beta version or standard extension for nanomaterials 1.0 once accepted by the InChI Trust)


Composition layer that provides elemental-chemical composition information using the notation inherited from the InChI representation.	Morphology layer providing information on the morphology of a component.

	Size layer that specifies the size of a component.

	Crystal layer that specifies the crystaline structure of a component, if such a structure can be specified.

	Chirality layer, which, at the moment, is focused on describing the chiral vector (n,m) for carbon canotubes (CNTs).

	Overall structure layer that specifies the overall structure, i.e., the relation between the individual components. This layer is defined as a “top” layer in the initial proposal, unlike the previous sublayers that are part of the “structural representation” layer.




The (sub) layers are separated from each other using the symbol “/”. The components are separated from each other with the symbol “!”. The sublayer is specified by a prefix: ‘m’ for the morphology layer, ‘s’ for the size layer, ‘k’ for the crystal layer, ‘w’ for the chirality layer and ‘y’ for the overall structure layer. Each (sub) layer, then, uses its own “dictionary” to convey the needed information (see Fig. 2 and [26]).
We now present in detail the proposed extensions that aim to address the identified key issues (Table 1) while conforming to the set principles for a structural representation of NMs (Table 2). We propose 5 extensions to the existing NInChI alpha version proposal, as follows:	(1)
an extension to describe particle distributions; this extension should be available to be applied everywhere where a real number needs to be represented (“Distributions and ranges” Section),

 

	(2)
an extension to the morphology layer that bypasses categorical variables (“Morphology” Section),

 

	(3)
an extension of the way that mixtures and interfaces are represented (“Mixtures & Interfaces” Section), based on the introduction of logical operators that apply to other already defined layers. This is built on top of the mixture-InChI [38], which has the goal of facilitating the representation of defects.

 

	(4)
an extension for structured comments (“Auxiliary info/Comments” Section) that allows consistent and uniform capturing of auxiliary information and facilitates database curation, and finally

 

	(5)
an extension that allows the definition of macros and shortcuts allowing, thus, the definition of reusable, parametrizable and human-readable components (“Macros & Aliases” Section).

 




Distributions and ranges
Most values in NMs are described as ranges or distributions, rather than specific values, for example size distributions, non-uniform charge distributions, non-uniform surface coverage of ligands/polymers etc. Our database investigation highlighted patterns in range and distribution use (Table 3) that we can categorize into two groups. Firstly, we observe large inconsistencies in how distributions are presented, and secondly properties that can be presented as distributions in the database but are not. These properties include all those related to morphology (size and shape) on one hand, and other properties like purity or doping on the other hand. The proposed extension covers both cases in a consistent way. As already discussed in “Methodology” Section, a machine-friendly NM representation should allow for the consistent and uniform description of such ranges through a predefined set of functions that can be easily manipulated. The results of this investigation also illustrated the challenges in searching and integrating data, and the need for harmonization.TABLE 3Typical distributions and range excerpts found in NM databases


	Less than 100 nm

	90% is below 20 nm

	Size between 60–100 nm

	50% < 5 nm, 30% 5–10

	Mean 27 nm, stdev 8 nm

	15 nm (size distribution 99%)

	Mean 115 nm, mode 95 nm




A complete set of such functions should at the very least include a function that can easily describe ranges, such as a sigmoid function (e.g., logistic, error or Heaviside-step function), and a function that can easily describe simple distribution functions from their probability density function (pdf), such as a commonly used pdf (e.g., the normal pdf or the gamma pdf). A sigmoid function (Fig. 3) also allows the description of inequality relationships and can be derived from a cumulative distribution function (cdf) of the respective probability distribution (see Fig. 3).[image: ]
Fig. 3a Probability distribution functions (pdf), and b their corresponding sigmoid-type cummulative density functions (cdf)


Such functions have been exhaustively studied and there are many ways to query specific values and ranges, and many ways to compute similarities between them. For example, since the employed distributions are known, one could use metrics such as the Jensen-Shannon divergence or the Kolmogorov-Smirnov distance to measure discrepancy or the similarity between two NMs distributions. Also, it is impossible to make a meaningful comparison of the NM size histogram and TEM images data in Fig. 4 by inspection alone, or just by knowing the mean and standard deviation of the data. By simply including a general pdf fit for the data in the representation, the comparison is straightforward: assuming a gamma distribution fit of Γ(0.44, 23.8) and Γ(0.5, 18.4) respectively, we calculate their Jensen-Shannon divergence at 0.8. General queries then work in a similar manner where a needed feature is calculated as a distance from a desired value, or using geometric means to compare across NMs.[image: ]
Fig. 4Nanoparticles of various sizes and their respective size distributions. The distributions are fitted to a gamma pdf after calculating the distribution parameters


Rules for the combination of the above cdf, pdf etc. functions should also be specified. For example, the functions could be combined via multiplication, addition or other more complex functions. Furthermore, their respective reversed functions and inverse functions could be defined, providing a very flexible framework for describing the necessary distributions and ranges, based on very few components (see Table 4). Table 4 uses a pdf and a cdf function, based on gamma distributions. The known parameters can be specified (for example the confidence interval, the standard deviation or the mean) and the corresponding gamma distribution parameters would be inferred as the best fit to the given parameters. A ‘mixing’ function (denoted by “*” in Table 4) ensures that multiple conditions can be specified simultaneously (e.g. size  ≥ 60 nm and size  ≤ 100 nm). Figure 5 gives a graphical example of a possible implementation.Table 4Distribution examples using an example set of functions for some pdfs, the respective cdf, the reversed cdf (rcdf) and a mixing function (*). Where parameters are missing, default values are implied that should be defined in the representation implementation


	Before
	After

	Less than 100 nm
	[image: $$\mathrm{cdf}\left(100\right)$$] nm

	At least 99.5% purity
	[image: $$\mathrm{cdf}\left(1, 0.995\right)$$]→ use in mixture extension ("Mixtures and Interfaces" Section)

	90% is below 20 nm
	[image: $$\mathrm{cdf}\left(20, 0.9\right)$$] nm

	Size between 60-100 nm
	[image: $$\mathrm{rcdf}\left(60\right)*\mathrm{cdf}\left(100\right)$$] nm

	50% < 5 nm, 30% 5–10
	[image: $$\mathrm{cdf}\left(5\right)$$] nm, [image: $$\mathrm{rcdf}\left(5\right)*\mathrm{cdf}\left(10\right)$$] nm
combine with mixture extension ("Mixtures and Interfaces" Section)

	Mean 27 nm, stdev 8 nm
	[image: $$\mathrm{pdf}\left(27,\sigma =8\right)$$] nm

	15 nm (size distribution 99%)
	[image: $$\mathrm{pdf}\left(15,ci=\left(u,0.99\right)\right)$$] nm

	Mean 115 nm, mode 95 nm
	[image: $$\mathrm{pdf}\left(115,m=95\right)$$] nm



[image: ]
Fig. 5A graphical example of a possible implementation for numbers, distributions & ranges: a pdf for “larger than 40 nm” (left), a specific number that implies a normal distribution (middle) and a range “30–50 nm” (right)


As a proof of concept implementation, it is very easy to extend the layer definitions of the InChI/NInChI framework [26] to include the proposed functions. Below is an example of how the proposed extension can be implemented in the NInChI notation for Au (/Au/) spherical (/[image: ]
/) nanoparticles of diameter 30 nm (/[image: ]
/). Note that the shape description is discussed in “Morphology” Section. The /[image: ]
]/ part describes the crystal structure of the core NM by providing the relevant space group information.

[image: ]
.
We now consider that more information was available but is lost when using the usual representation, such as the diameter of the Au nanoparticles, following a normal pdf with mean 30 nm and standard deviation 2 nm. This can be represented as follows:

[image: ]
.
Regarding the particle distributions of Fig. 5, they can be represented with the following notations (assuming that they correspond to Au spherical nanoparticles):

[image: ]
.

Morphology
During our analysis, it became evident that the shape description was mostly given either qualitatively through visual-inspection or approximately by simple image analysis. At times, a more accurate shape descriptor might be given [39] but in most cases the morphology description was given as a general shape through generic identifiers like “sphere”, “prism”, etc. Table 5 lists some of the most frequently found shapes in NM databases. The requirements of a machine-friendly approach that were set in “Methodology” Section dictate that a morphology representation should use a consistent and uniform way to encode all description cases (however accurate or approximate), ideally in a flexible/incremental method.Table 5Most frequently found shapes reported in NM databases


	Spherical

	Irregular

	Spherical mixed with irregular

	Mixture of spherical, prismatic and rod-shaped

	Wire

	Triangular or rhombic

	Cylindrical

	Hexagonal, clubbed

	Tubes

	Rods

	Nanohorn




In the NInChI proposal [26] a NM shape is described by selecting a category from a predefined set of shapes: for example, tube, sphere, shell, etc. In our view this solution is problematic as it is very difficult to predict what will be needed in terms of morphology, and the categorical approach lacks the expressiveness needed to easily and accurately query for shapes and similarities between shapes. It is, therefore, very important that shapes can be abstractly defined. Varsou et al. (2020)[40] proposed geometric mean as a way to compare across particles. TEM images of the particles have also provided the basis to calculate a set of parameters (e.g., boxivity etc.) [41].
In general, it is very difficult to abstractly define shapes in a way that is at the same time accurate, flexible and complete. Additionally, we need a user-friendly representation of the morphology, although this is not strictly necessary to meet the requirements we have set out in “Methodology” Section. However, user-friendliness needs to be considered here since at some point there will be a user that has to manually encode a desired shape, and we deem it important that such interaction should be facilitated.
We propose that all shapes be described by an approximation using a set of predefined functions. Such sets of functions have been studied in depth in the relevant field of digital geometry, where encodings of arbitrary 3D shapes are being studied. NM descriptors could borrow techniques from these digital geometry paradigms or use simplified representations through shape descriptors. Another option is to use a combination of sets of 3D orthogonal functions like the spherical harmonics. In any case, a way to combine functions/methods should be provided to allow for the incremental description of the NM morphology, capturing the appropriate level of detail that is available.
Through the known set of functions, it is now much easier to extract a needed characteristic and compare it between NMs. Calculations of relative volumes or surface/volume ratios, for example, are now straight forward, and other similarity measures can be easily constructed through the functions’ parametrization, to assist general queries.
Table 6 provides examples for the form of possible morphology extensions, using the NM shapes given in Table 5. Here, approximations through expansion to spherical harmonics have been used to describe the shapes. A series of spherical harmonics paired with scaling parameters for each term can be used to approximate arbitrary 3D shapes [42]. In the simplest cases, a series of 1 to 3 terms will suffice. In the InChI/NInChI framework, the proposed functions could replace the categorical values of the morphology layer. Using the example of the spherical Au nanoparticles of the previous subsection, the categorical variable [image: ]
 that is set to denote a sphere:TABLE 6Examples for the form of possible morphology extensions


	Before
	After

	Irregular
	Use bounding box distributions

	Spherical mixed with irregular
	As above + combine with mixtures extension (“Mixtures & Interfaces”Section)

	Mixture of spherical, prismatic and rod-shaped
	As above + combine with mixtures extension (“Mixtures & Interfaces”Section)

	Wire
	Y(0,0)*scale(100, 1, 1)[image: ]

	Cylindrical
	Y(0,0)*scale(…) + Y(0,1)*scale(…) + Y(0,2) …

	Rods
	Y(0,0)*scale(4, 1, 1)}

	Nanohorn
	Y(3, 5)[image: ]





[image: ]
.
can be replaced by using spherical harmonics:

[image: ]
.
Using spherical harmonics enables the calculation of similarity metrics, so we can evaluate the similarity between this nanoparticle and, e.g., an Au rod nanoparticle in terms of their surface to volume or volume ratios characteristics. By combining this approach with the macros & aliases extension, an even more powerful representation becomes possible (see “Macros & Aliases” Section).

Mixtures and interfaces
The need for descriptions of mixtures of different NMs or the portion of impurities/defects which are ubiquitous, also emerged. Table 7 shows some of the many different ways where a notation for mixing is needed. In the current NInChI proposal [26] the description of mixtures is approached through a dependency on the Mixture-InChI [38] representation while interfaces are not yet implemented. A key difference, though, between NM relation description and mixtures descriptions is that, in the NM case one mostly needs to describe the structure of the relations. Mixture-InChI on the other hand has the goal of capturing definitely what is known about the composition of a given mixed substance. Here we treat mixtures and interfaces as different parts of the same structure since a mixture always has some components and each component always has some relation with the others. Therefore, a successful mixture and interface representation should allow the complete graph representation of the NM structure in an incremental way, describing all known structural information including interfaces, relations-hierarchies and defects.Table 7Typical descriptions of mixtures, defects and interfaces found in NM databases


	(Size) &50% < 5 nm, 30% 5–10

	(Size) 90% is below 20 nm

	(Shape) mixture of spherical, prismatic and rod-shaped

	(Shape) triangular or rhombic

	(Media) 0.45% NaCl w/ 0.1% glucose

	(Media) mass-concentration proportions (96 mg/L A, 60 mg/L B, 60 mg/L C, 4 mg/L D)

	(Defect) at least 99.5% purity




We propose the introduction of hierarchy and interface operators that can be applied on top of the existing definitions to capture information about component relations, interfaces, bonds, etc. The hierarchy operators are representation operators that should at least describe the spatial relation between components so that a “hierarchy” graph can be built as, for example, the structure seen in Fig. 6.[image: ]
Fig. 6Tree structure using the hierarchy and interface operators. Left: a gold-coated silicon nanoparticle. Right: An abstract nanomaterial with some components “A”–”E”. Component “C” is connected through some “bond-a” to component “D”, etc. The percentages 30%, 70% make specific sense in specific contexts; e.g. a mixture with 30% of “B” and 70% of the structure “C–D–E”


Note that the graph structure on the right of Fig. 6 refers to a Silica coated Au sphere. Using the NInChI framework, it may correspond to NInChI = 1A/Au/msp/s20d-9!/O2Si/msh/s3t-9/y1&2, where the “!” separates the two components, namely component 1 “/Au/msp/s20d-9” and component 2 “/O2Si/msh/s3t-9/”, and the structural layer “/y1&2/” sets the order of the components from the inside-out. The graph structure on the left is an abstract representation of a mixture of two substances or components in a 30:70% mixture; bond information (“Bond-a”, “Bond-b”) is also given for two of the constituents. The interface operators, on the other hand, should at least describe the most common possible interfaces—in a way explaining the type of hierarchy—between components and other relevant information concerning the relation between components such as bonds, functionalization etc. (represented by the information on the edges of the graph in Fig. 6). Ideally, the definition would be future-proof, allowing the extension of the interfaces that can be described by the user. The defect operators should at least describe the most common possible point defect types, through unions, intersections, etc. The above allows the creation of a graph that describes the structure of the NM. For example, a chemical component and other relevant information could be translated to a graph structure by firstly forming nodes (purple circles in Fig. 6) representing each component. One, then, can define the hierarchy and interface operators as operators that annotate the edges between the nodes, defining the complete structure of Fig. 6. Based on the graph one can easily construct efficient queries as a graph is already a data structure particularly suited for this task.
In terms of implementation, the operators could be realized as incremental descriptors that specify the aforementioned relationships as shown in Table 8. There, the mixture specifications have been replaced by groups of descriptors where the information is now split among the groups. The first group now specifies the main information content (e.g., size, shape or component) while the second group provides the interface information (in this case the mixing percentages) in a one-to-one correspondence. It is already evident that information can be easily processed using this representation; in the first line of Table 8, for example, one can directly confirm that there is missing information for 20% of the input (even if such information can be inferred, it should be noted that it is missing from the original representation).Table 8Examples of operators used to describe particle distributions in terms of particle size or shape


	Before
	After

	50% < 5 nm, 30% 5–10
	{5 nm, 5–10 nm}:{0.5, 0.3}

	Mixture of spherical, prismatic and rod-shaped
	{sphere, prism, rod}:{}

	0.45% NaCl w/ 0.1% glucose
	{NaCl, glucose}:{0.0045,0.001}

	Mass-concentration proportions:(96 mg/L A, 60 mg/L B, 60 mg/L C, 4 mg/L D)
	{A, B, C, D}:{96, 60, 60, 4}mg/L

	At least 99.5% purity
	…:{[image: $$\mathrm{cdf}\left(1,0.995\right)$$]} → combine with distributions extension (see "Distributions & Ranges" Section)




In the InChI/NInChI framework, the layer definitions can be extended to include the proposed operators. The new NInChI layer could be defined to include these operators as a core component or could simply by extended by appending the operators to the structural layer. For example, a two component NM with [image: ]
 and an [image: ]
, in the NInChI proposal [26] would be written as:

[image: ]
.
The “overall structure” layer [image: ]
 would either be replaced or extended with operators signifying the specific relation of the components. For example, “component 2 includes component 1 with a relation (or bond) of type “b” in a 70:30 ratio”:

[image: ]
.

Auxiliary information/comments
NM databases are full of important auxiliary information (Table 9). Such information is usually lost in the representation but it is often crucial and should be both query-able and user-definable so that auxiliary data can be canonically curated, stored and communicated. Table 10 gives some typical examples of defined data types, not confined to NM databases.Table 9Some of the auxiliary information appearing in the NMs databases


	Zeta potential

	Test organism

	Test conditions

	Dates (in various contexts)

	Other descriptors



Table 10Examples of defined data types


	Data type
	Values

	Date
	ISO date

	Float
	Real numbers or distributions

	Text
	Utf-8 string

	Units
	SI-unit

	URI
	URLs, ISBNs, DOIs, etc

	Enumeration
	List of acceptable values




We propose that a method to capture and query auxiliary information should be included in a representation specification. We define a comment structure that includes a formally defined header followed by the content of the comment. The header serves three purposes: (1) it defines the type and structure of the content; (2) it describes the type of the content; and (3) it names this structure so that it can be reused. Ideally, the header could be stored externally so that it is made publicly available for communication and re-use. The existence of a structure alone greatly facilitates queries. It is very easy to search for and convert from the comment structure to an application-appropriate data structure that will make any query easy and efficient. Table 11 provides examples of comment header structures.Table 11Examples of header structures


	Title
	Description
	Type1[;type2;…]

	Zpotential
	Zeta potential values; units; URL to medium description
	Float;units;uri

	Publication
	Publication date; Authors; Journal name
	Date;text;text

	Taxonomy
	Subphylum name; Link to taxonomy database
	Enumeration;uri




In the InChI/NInChI framework, a comment layer could be defined which would follow our proposed definitions. For example, if we know the zeta potential of a NM:
NInChI = 1A/Au/msp/s30d-9/k[P4_2/mnm]/y1.
it can be included in a comment as follows:

[image: ]

This structured comment makes it very easy to curate, search and find the relevant information. Note that zeta potential is strongly pH and salt-dependent and the solution pH needs to be measured and reported with every zeta potential measurement. This information should be provided at the web address URL that provides the description of the medium, denoted above as “[image: ]
”.
We stress that an InChI implementation of the comment-extension could be made very easily by simply allowing InChI to respect but not define the comment layer structure. The comment structure itself can be specified elsewhere leaving the specification-work to an external entity, instead of amending the InChI specification itself. Table 12 provides example uses of the header structures defined in Table 11, in the comment extension.Table 12Example uses of the defined header structures that can be included in NInChI specifications


	Before
	After

	Zeta potential
	Zpotential[− 35;mV;urlx]

	Type of test organism
	Taxonomy[crustacean]

	Date of publication and authors
	Publication[21/10/2019;"Author A., Coauthor B.";"J.Nan"]





Macros and aliases
A complementary proposition of high importance is the inclusion of a macros & aliases extension that would provide a method to define NMs components that are reusable, parametrizable and human-readable. These can be used to describe complete layers in InChI (e.g., sphere(30e-9)) or specific sub-features of NMs such as crystallographic structures, standardized mixtures, specific doping or defects, or an abstract structure (for example a core-coating structure) etc. This would greatly facilitate future-proof definitions, curation, communication etc. using the NInChI. We propose the inclusion of a macro/alias layer that could contain such extra information as detailed below. In the (N)InChI framework, and in the absence of an appropriate tool-chain that could process such information, this layer should be silently discarded. In an ideal scenario, the appropriate tool-chain will be developed to automatically process and curate this information. The intended workflow would also include pointers to a public database of commonly used alias/macro definitions.
An important goal with the introduction of a macro-layer is to enable one to meaningfully store and/or communicate part of a NM characteristic or feature (NM structure, component, shape, etc.) keeping its structure and making it available for communication and reuse. This way, for example, a partially defined component can be shared as a template or complex shapes can be defined and reused in a database (Table 13).Table 13Example uses of the macros & aliases extension


	Definition
	Use

	Anatase: = 2O.Ti/k[Ir_1/amd]
	Anatase

	Sphere(%x): = Y(0,0)*%x
	Sphere (30e-9)

	Mystructure (%a,%b,%c): = core (%a) coating (%b) sphere (%c)
	Mystructure (Au,C8H8,30e-9)




As with the comment layer, in the InChI/NInChI framework, a macro/alias layer could be defined. For example, following our proposed structure to define and replace shape ([image: ]
 denotes a morphology yet undefined):

[image: ]
.
or define and replace crystal phase:

[image: ]

A second driving point for the introduction of a macro/alias layer is opening the door to more general representations encompassing many different descriptors and facilitating NM curation and standardization of representations. A macro/alias extension could serve as a first step towards a programmatic approach to NM representation (see “A language for NM representation” Section).


Conclusions and outlook
In this work we have analyzed the needs and specified the requirements for future NM representations suitable to facilitate machine processing and cooperation with nanoinformatics tools. At the same time, we have identified in this context, challenges that existing NM representation proposals face, and which the approach described here aims to address. We have laid out the basic principles for an ideal machine-friendly representation. Namely, such a representation should provide a standardized language able to depict the complexity of NMs and support similarity assessments and complex search queries in databases. It should be able to encode all relevant NM information at all description levels and also be easily extendable. We codified these principles into four requirements: a machine-friendly representation should be accurate, flexible, complete and computable.
We also presented specific extensions which can improve existing NM representations on the basis of the principles set here. We have shown how the recently introduced InChI for NMs, in principle, might be augmented through these extensions. The extensions concern the notation layers which define: (a) ranges and distributions, (b) NM morphology, (c) mixtures and interfaces, (d) capturing auxiliary information (comments), and (e) macros and aliases. There are still certain open issues at various levels, for example for the representation of morphologies, and the handling of missing values for mandatory fields, which are key topics currently being discussed in the Nanomaterials InChI Working Group (https://​www.​inchi-trust.​org/​nanomaterials/​). The incremental approach presented here is the key to addressing these yet enabling implementation immediately.
Toolchain development
An immediate next goal for this work is to build the appropriate tools that are needed to realize such a representation. The representations discussed in this work are not meant to be handled manually by the users but are designed around an assumed workflow that is based on the existence of appropriate tools. These tools should provide the users with the necessary tool-chain and library support that actually enables the use of such representations. These tools crucially include user interfaces and application programmable interfaces (UI and API) that (a) validate representations, (b) translate between representations and descriptions, and (c) canonicalize representations. Moreover, tools to connect to endpoints, share the representations, etc. would also prove useful to end users and should be considered.

A groundwork for further discussion
Τhe proposed principles set the groundwork for a useful, universal, NM representation, able to address current challenges in machine processing of NM data. It would be advantageous for a NM representation to be as compatible as possible with other standardized representations like InChI and its extensions to mixtures, reactions and NMs. Thus, the details and specific forms of the proposed extensions need to be discussed with and approved by the NM community and other stakeholders involved in the stages of development, implementation and adoption of a standard notation. To this end, the authors participate actively in relevant discussions as members of the Nanomaterials InChI Working Group (https://​www.​inchi-trust.​org/​nanomaterials/​).
One important issue to be addressed, specific to NMs and a key component of accurate and correct NM description, is NM dynamics. NMs rarely are only useful or found in their pristine (i.e., as synthesized) forms. NMs constantly evolve through interactions and through their integration with biofluids, the environment etc. Such information is currently available, e.g., in terms of time-resolved data about specific NMs under specific environmental conditions (so-called instances of a NM in the terminology developed by the US CEINT NIKC database which was integrated into the NanoCommons KnowledgeBase [10] to allow aged NMs to be linked to pristine (parent) NMs) [43].
Linear representations usually only consider the pristine forms (as, for example, Lynch et al. [26]) and only represent a frozen-in-time special case of the NM. We are confident that the principles we set out in “Methodology” Section for an accurate, flexible/incremental, complete etc. approach, can provide the theoretical background to gradually capture the real particle dynamics. A lot of decisions will need to be made, so that dynamic aspects are represented efficiently, consistently, accurately, and would enable data processing and extraction of useful knowledge. For instance, consideration is needed on how to include the time dimension within the representation (e.g., using a commonly acceptable discretization of the time domain); how to register additional information on the different media where NMs are dispersed; or how to consider surface stabilizing or functionalizing ligands which can be displaced by proteins or other ligands with higher binding affinities etc. The proposed extensions provide practical solutions for implementation of such cases, e.g., allowing users to: (i) easily define aged NM-variants using parts of their parent structure, and enable the tracking of similarities (common parts) between them; (ii) define mixtures and interfaces for NMs bearing surface-conjugated ligands; (iii) handle variabilities or uncertainties in transformation data e.g., for particle sulfidation, partial dissolution, etc.

A language for NM representation
An interesting perspective addressing all the above would be the creation of a domain specific language (DSL) for NM representation. A DSL has the “feel” and structure of a general programming language, but is intended for use by specialists in the specific domain (in this case NM experts, handlers, experimentalists etc.) providing tools, methods and language syntax greatly facilitating NM data curation, communication and processing. A DSL would, therefore, incorporate all of the ideas discussed in this work, in a consistent, practical, reusable and extensible programming framework. Based on the requirements set in this work, a DSL would, essentially, form a lingua franca for NMs, able to address the peculiarities of NMs description and accessible to experts and non-experts alike. Clearly, the DSL implementation should include interfaces to standard notations.
Following the discussion in “A groundwork for further discussion” Section, the DSL would move further from pristine forms and would enable, at the same time, the consideration of the particle dynamics and hence the time evolution of these systems. For example, by taking advantage of the ideas on hierarchy and interface operators (see “Mixtures & Interfaces” Section), a DSL could offer the tools to describe relationships between different states of a NM and information on the transitions between those states. A DSL, therefore, would extend to the description of NM dynamics, evolution and interactions. Through these, the DSL could greatly facilitate the curation and processing of NM data and, ultimately, play an important role in predicting the properties of and designing new NMs.


Author contributions
Conceptualization, KB, KC, EM; methodology, KB, KC, EM, IL; formal analysis, KB; investigation, ΚΒ, KC; resources, EM; data curation, KC; writing—original draft preparation, KB, KC; writing—review and editing, IL, EM; visualization, KB; supervision, EM; funding acquisition, EM, IL. All authors read and approved the final manuscript.

Funding
This work was partly funded via the EU H2020 projects NanoInformaTIX (Grant agreement No. 814426), NanoCommons (Grant agreement No. 731032) and NanoSolveIT (Grant agreement No. 814572).

Availability of data and materials
Not applicable.

Declarations
Competing interests
There are no competing interests to declare.


References
	1.
Liu Y, Zhao T, Ju W, Shi S (2017) Materials discovery and design using machine learning. J Materiomics 3:159–177. https://​doi.​org/​10.​1016/​j.​jmat.​2017.​08.​002Crossref

	2.
Donskyi I, Drüke M, Silberreis K, Lauster D, Ludwig K, Kühne C, Unger W, Böttcher C, Herrmann A, Dernedde J, Adeli M, Haag R (2018) Interactions of fullerene-polyglycerol sulfates at viral and cellular interfaces. Small 14:1800189. https://​doi.​org/​10.​1002/​smll.​201800189Crossref

	3.
Gajewicz A, Rasulev B, Dinadayalane TC, Urbaszek P, Puzyn T, Leszczynska D, Leszczynski J (2012) Advancing risk assessment of engineered nanomaterials: application of computational approaches. Adv Drug Deliv Rev 64:1663–1693. https://​doi.​org/​10.​1016/​j.​addr.​2012.​05.​014CrossrefPubMed

	4.
Afantitis A, Melagraki G, Isigonis P, Tsoumanis A, Varsou DD, Valsami-Jones E, Papadiamantis A, Ellis LJA, Sarimveis H, Doganis P, Karatzas P, Tsiros P, Liampa I, Lobaskin V, Greco D, Serra A, Kinaret PAS, Saarimäki LA, Grafström R, Kohonen P, Nymark P, Willighagen E, Puzyn T, Rybinska-Fryca A, Lyubartsev A, Alstrup Jensen K, Brandenburg JG, Lofts S, Svendsen C, Harrison S, Maier D, Tamm K, Jänes J, Sikk L, Dusinska M, Longhin E, Rundén-Pran E, Mariussen E, El Yamani N, Unger W, Radnik J, Tropsha A, Cohen Y, Leszczynski J, Ogilvie Hendren C, Wiesner M, Winkler D, Suzuki N, Yoon TH, Choi JS, Sanabria N, Gulumian M, Lynch I (2020) NanoSolveIT project: driving nanoinformatics research to develop innovative and integrated tools for in silico nanosafety assessment. Comput Struct Biotechnol J 18:583–602. https://​doi.​org/​10.​1016/​j.​csbj.​2020.​02.​023CrossrefPubMedPubMedCentral

	5.
Fadeel B, Farcal L, Hardy B, Vázquez-Campos S, Hristozov D, Marcomini A, Lynch I, Valsami-Jones E, Alenius H, Savolainen K (2018) Advanced tools for the safety assessment of nanomaterials. Nat Nanotechnol 13:537–543. https://​doi.​org/​10.​1038/​s41565-018-0185-0CrossrefPubMed

	6.
Serra A, Fratello M, Cattelani L, Liampa I, Melagraki G, Kohonen P, Nymark P, Federico A, Kinaret PAS, Jagiello K, Ha MK, Choi JS, Sanabria N, Gulumian M, Puzyn T, Yoon TH, Sarimveis H, Grafström R, Afantitis A, Greco D (2020) Transcriptomics in toxicogenomics, part III: data modelling for risk assessment. Nanomaterials 10:708. https://​doi.​org/​10.​3390/​nano10040708CrossrefPubMedPubMedCentral

	7.
Ji Z, Guo W, Sakkiah S, Liu J, Patterson T, Hong H (2021) Nanomaterial databases: data sources for promoting design and risk assessment of nanomaterials. Nanomaterials 11:1599. https://​doi.​org/​10.​3390/​nano11061599CrossrefPubMedPubMedCentral

	8.
Wilkinson MD, Dumontier M, Aalbersberg IJ, Appleton G, Axton M, Baak A, Blomberg N, Boiten JW, da SilvaSantos LB, Bourne PE, Bouwman J, Brookes AJ, Clark T, Crosas M, Dillo I, Dumon O, Edmunds S, Evelo CT, Finkers R, Gonzalez-Beltran A, Gray AJ, Groth P, Goble C, Grethe JS, Heringa J, ‘t Hoen PA, Hooft R, Kuhn T, Kok R, Kok J, Lusher SJ, Martone ME, Mons A, Packer AL, Persson B, Rocca-Serra P, Roos M, van Schaik R, Sansone SA, Schultes E, Sengstag T, Slater T, Strawn G, Swertz MA, Thompson M, van Leider J, van Mulligen E, Velterop J, Waagmeester A, Wittenburg P, Wolstencroft K, Zhao J, Mons B (2016) The FAIR guiding principles for scientific data management and stewardship. Sci Data 3:160018. https://​doi.​org/​10.​1038/​sdata.​2016.​18CrossrefPubMedPubMedCentral

	9.
Jeliazkova N, Chomenidis C, Doganis P, Fadeel B, Grafström R, Hardy B, Hastings J, Hegi M, Jeliazkov V, Kochev N, Ko-honen P, Munteanu CR, Sarimveis H, Smeets B, Sopasakis P, Tsiliki G, Vorgrimmler D, Willighagen E (2015) The eNanoMapper database for nanomaterial safety information. Beilstein J Nanotechnol 6:1609–1634. https://​doi.​org/​10.​3762/​bjnano.​6.​165CrossrefPubMedPubMedCentral

	10.
NanoCommons knowledge base. https://​ssl.​biomax.​de/​nanocommons/​cgi/​login_​bioxm_​portal.​cgi. Accessed 10 Jan 2023.

	11.
Ammar A, Bonaretti S, Winckers L, Quik J, Bakker M, Maier D, Lynch I, van Rijn J, Willighagen E (2020) A semi-automated workflow for FAIR maturity indicators in the life sciences. Nanomaterials 10(10):2068. https://​doi.​org/​10.​3390/​nano10102068CrossrefPubMedPubMedCentral

	12.
Hastings J, Jeliazkova N, Owen G, Tsiliki G, Munteanu CR, Steinbeck C, Willighagen E (2015) eNanoMapper: harnessing ontologies to enable data integration for nanomaterial risk assessment. J Biomed Semantics 6:10. https://​doi.​org/​10.​1186/​s13326-015-0005-5CrossrefPubMedPubMedCentral

	13.
Gaulton A, Bellis LJ, Bento AP, Chambers J, Davies M, Hersey A, Light Y, McGlinchey S, Michalovich D, Al-Lazikani B, Overington JP (2012) ChEMBL: a large-scale bioactivity database for drug discovery. Nucleic Acids Res 40:D1100–D1107. https://​doi.​org/​10.​1093/​nar/​gkr777CrossrefPubMed

	14.
Velankar S, Kleywegt GJ (2011) The protein data bank in Europe (PDBe): bringing structure to biology. Acta Crystallogr D Biol Crystallogr 67:324–330. https://​doi.​org/​10.​1107/​S090744491004117​XCrossrefPubMedPubMedCentral

	15.
Sterling T, Irwin JJ (2015) ZINC 15—ligand discovery for everyone. J Chem Inf Model 55:2324–2337. https://​doi.​org/​10.​1021/​acs.​jcim.​5b00559CrossrefPubMedPubMedCentral

	16.
NCBI Resource Coordinators, Agarwala R, Barrett T, Beck J, Benson DA, Bollin C, Bolton E, Bourexis D, Brister JR, Bryant SH, Canese K, Cavanaugh M, Charowhas C, Clark K, Dondoshansky I, Feolo M, Fitzpatrick L, Funk K, Geer LY, Gorelenkov V, Graeff A, Hlavina W, Holmes B, Johnson M, Kattman B, Khotomlianski V, Kimchi A, Kimelman M, Kimura M, Kitts P, Klimke W, Kotliarov A, Krasnov S, Kuznetsov A, Landrum MJ, Landsman D, Lathrop S, Lee JM, Leubsdorf C, Lu Z, Madden TL, Marchler-Bauer A, Malheiro A, Meric P, Karsch-Mizrachi I, Mnev A, Murphy T, Orris R, Ostell J, O’Sullivan C, Palanigobu V, Panchenko AR, Phan L, Pierov B, Pruitt KD, Rodarmer K, Sayers EW, Schneider V, Schoch CL, Schuler GD, SherrySiyan ST, Soboleva A, Soussov V, Starchenko G, Tatusova TA, Thibaud-Nissen F, Todorov K, Trawick BW, Vakatov D, Ward M, Yaschenko E, Zasypkin A, Zbicz K (2018) Database resources of the national center for biotechnology information. Nucleic Acids Res 46:D8–D13. https://​doi.​org/​10.​1093/​nar/​gkx1095Crossref

	17.
Weininger D, Weininger A, Weininger JL (1989) SMILES. 2. algorithm for generation of unique SMILES notation. J Chem Inf Comput Sci 29:97–101. https://​doi.​org/​10.​1021/​ci00062a008Crossref

	18.
Homer RW, Swanson J, Jilek RJ, Hurst T, Clark RD (2008) SYBYL line notation (SLN): a single notation to represent chemical structures, queries, reactions, and virtual libraries. J Chem Inf Model 48:2294–2307. https://​doi.​org/​10.​1021/​ci7004687CrossrefPubMed

	19.
Coles SJ, Day NE, Murray-Rust P, Rzepa HS, Zhang Y (2005) Enhancement of the chemical semantic web through the use of InChI Identifiers. Org Biomol Chem 3:1832–1834. https://​doi.​org/​10.​1039/​B502828KCrossrefPubMed

	20.
Heller S, McNaught A, Stein S, Tchekhovskoi D, Pletnev I (2013) InChI—the worldwide chemical structure identifier standard. J Cheminform 5:7. https://​doi.​org/​10.​1186/​1758-2946-5-7CrossrefPubMedPubMedCentral

	21.
Goodman JM, Pletnev I, Thiessen P, Bolton E, Heller SR (2021) InChI version 1.06: now more than 99.99% reliable. J Cheminform 13:40. https://​doi.​org/​10.​1186/​s13321-021-00517-zCrossrefPubMedPubMedCentral

	22.
Elton DC, Boukouvalas Z, Fuge MD, Chung PW (2019) Deep learning for molecular design—a review of the state of the art. Mol Syst Des Eng 4:828–849. https://​doi.​org/​10.​1039/​C9ME00039ACrossref

	23.
Lima Guimaraes G, Sanchez-Lengeling B, Cunha Farias PL, Aspuru-Guzik A (2017) Objective-reinforced generative adversarial networks (ORGAN) for sequence generation models. https://​doi.​org/​10.​48550/​arXiv.​1705.​10843

	24.
Gómez-Bombarelli R, Wei JN, Duvenaud D, Hernández-Lobato JM, Sánchez-Lengeling B, Sheberla D, Aguilera- Iparraguirre J, Hirzel TD, Adams RP, Aspuru-Guzik A (2018) Automatic chemical design using a data-driven continuous representation of molecules. ACS Cent Sci 4:268–276. https://​doi.​org/​10.​1021/​acscentsci.​7b00572CrossrefPubMedPubMedCentral

	25.
Olivecrona M, Blaschke T, Engkvist O, Chen H (2017) Molecular de-novo design through deep reinforcement learning. J Cheminform 9:48. https://​doi.​org/​10.​1186/​s13321-017-0235-xCrossrefPubMedPubMedCentral

	26.
Lynch I, Afantitis A, Exner T, Himly M, Lobaskin V, Doganis P, Maier D, Sanabria N, Papadiamantis AG, Rybinska- Fryca A, Gromelski M, Puzyn T, Willighagen E, Johnston BD, Gulumian M, Matzke M, Green Etxabe A, Bossa N, Serra A, Liampa I, Harper S, Tämm K, Jensen AC, Kohonen P, Slater L, Tsoumanis A, Greco D, Winkler DA, Sarimveis H, Melagraki G (2020) Can an InChI for nano address the need for a simplified representation of complex nanomaterials across experimental and nanoinformatics studies? Nanomaterials 10:2493. https://​doi.​org/​10.​3390/​nano10122493CrossrefPubMedPubMedCentral

	27.
Gottardo S, Mech A, Drbohlavová J, Małyska A, Bøwadt S, Riego Sintes J, Rauscher H (2021) Towards safe and sustainable innovation in nanotechnology: state-of-play for smart nanomaterials. NanoImpact 21:100297. https://​doi.​org/​10.​1016/​j.​impact.​2021.​100297CrossrefPubMedPubMedCentral

	28.
Marcoulaki E, López de Ipiña JM, Vercauteren S, Bouillard J, Himly M, Lynch I, Witters H, Shandilya N, van Duuren- Stuurman B, Kunz V, Unger WE, Hodoroaba VD, Bard D, Evans G, Jensen KA, Pilou M, Viitanen AK, Bochon A, Duschl A, Geppert M, Persson K, Cotgreave I, Niga P, Gini M, Eleftheriadis K, Scalbi S, Caillard B, Arevalillo A, Frejafon E, Aguerre-Chariol O, Dulio V (2021) Blueprint for a self-sustained European centre for service provision in safe and sustainable innovation for nanotechnology. NanoImpact 23:100337. https://​doi.​org/​10.​1016/​j.​impact.​2021.​100337CrossrefPubMed

	29.
Winter R, Montanari F, Noé F, Clevert DA (2019) Learning continuous and data-driven molecular descriptors by translating equivalent chemical representations. Chem Sci 10:1692–1701. https://​doi.​org/​10.​1039/​C8SC04175JCrossrefPubMed

	30.
Himanen L, Jäger MOJ, Morooka EV, Federici Canova F, Ranawat YS, Gao DZ, Rinke P, Foster AS, Scribe D (2020) Library of descriptors for machine learning in materials science. Comput Phys Commun 247:106949. https://​doi.​org/​10.​1016/​j.​cpc.​2019.​106949Crossref

	31.
Na GS, Chang H, Kim HW (2020) Machine-guided representation for accurate graph-based molecular machine learning. Phys Chem Chem Phys 22:18526–18535. https://​doi.​org/​10.​1039/​D0CP02709JCrossrefPubMed

	32.
Seko A, Togo A, Tanaka I (2018) Descriptors for machine learning of materials data. In: Tanaka I (ed) Nanoinformatics. Springer, Singapore, pp 3–23. https://​doi.​org/​10.​1007/​978-981-10-7617-6_​1Crossref

	33.
REACH, 1.3., Qualitative or quantitative structure-activity relationship ((Q)SAR) :: ReachOnline. https://​reachonline.​eu/​reach/​en/​annex-xi-1-1.​3.​html

	34.
Ramakrishnan R, Dral PO, Rupp M, von Lilienfeld OA (2014) Quantum chemistry structures and properties of 134 kilo molecules. Sci Data 1:140022. https://​doi.​org/​10.​1038/​sdata.​2014.​22CrossrefPubMedPubMedCentral

	35.
Gajewicz A, Puzyn T (Eds.) (2019) Computational Nanotoxicology: Challenges and Perspectives (1st ed.). Jenny Stanford Publishing, New York. https://​doi.​org/​10.​1201/​9780429341373Crossref

	36.
Furxhi I, Murphy F, Mullins M, Arvanitis A, Poland CA (2020) Practices and trends of machine learning application in nanotoxicology. Nanomaterials 10:116. https://​doi.​org/​10.​3390/​nano10010116CrossrefPubMedPubMedCentral

	37.
Jeliazkova N, Doganis P, Fadeel B, Grafström R, Hastings J, Jeliazkov V, Kohonen P, Munteanu CR, Sarimveis H, Smeets B, Tsiliki G, Vorgrimmler D, Willighagen E (2014) The first eNanoMapper prototype: a substance database to support safe-by-design. IEEE Int Conf Bioinform Biomed (BIBM) 2014:1–9. https://​doi.​org/​10.​1109/​BIBM.​2014.​6999367Crossref

	38.
Clark AM, McEwen LR, Gedeck P, Bunin BA (2019) Capturing mixture composition: an open machine-readable format for representing mixed substances. J Cheminform 11:33. https://​doi.​org/​10.​1186/​s13321-019-0357-4CrossrefPubMedPubMedCentral

	39.
Choi JS, Ha MK, Trinh TX, Yoon TH, Byun HG (2018) Towards a generalized toxicity prediction model for oxide nanomaterials using integrated data from different sources. Sci Rep 8:6110. https://​doi.​org/​10.​1038/​s41598-018-24483-zCrossrefPubMedPubMedCentral

	40.
Varsou DD, Afantitis A, Tsoumanis A, Papadiamantis A, Valsami-Jones E, Lynch I, Melagraki G (2020) Zeta-potential read-across model utilizing nanodescriptors extracted via the nanoxtract image analysis tool available on the enalos nanoinformatics cloud platform. Small 16(21):1906588. https://​doi.​org/​10.​1002/​smll.​201906588Crossref

	41.
e-NanoMapper Image Descriptor Tutorial. https://​www.​enanomapper.​net/​library/​image-descriptor-tutorial. Accessed 10 Jan 2023.

	42.
Nortje CR, Ward WO, Neuman BP, Bai L (2015) Spherical harmonics for surface parametrisation and remeshing. Math Probl Eng. https://​doi.​org/​10.​1155/​2015/​582870Crossref

	43.
NanoCommons Demonstration Case—Best-practice in nanosafety study design and its documentation via visual experimental maps. https://​nanocommons.​github.​io/​user-handbook/​demonstration-cases/​StudyDesign-demonstration-case/​



Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/13321_2022_669_Fig3_HTML.png
qa/l.ﬂ? (x )

T T T L T T T

L (=0, 02=0.2, =
=0, 0?=1.0, =
=0, G2=50, w—
p==2, 0?=0.5, =—

(b)






OEBPS/images/13321_2022_669_Figb_HTML.png
s30d-9





OEBPS/images/13321_2022_669_Figh_HTML.png
NInChl=1A/Au/msp/s30d-9/k[P4_2/mnm]/y1





OEBPS/images/13321_2022_669_Fige_HTML.png
NInChl=1A/Au/msp/s+pdf(30, 2)e-9/k[P4 2/mnm]/y1





OEBPS/images/13321_2022_669_Figk_HTML.png
Ag shell(/Ag/msh/) of 35nm (/s35t-9/)





OEBPS/images/13321_2022_669_Figm_HTML.png
NInChl=1A/Ag/msh/s35t-9!Au/msp/s30t-9/y{2<b,1}:{0.7,0.3}
NInChl=1A/Ag/msh/s35t-9!Au/msp/s30t-9/y2&1,{<b}:{0.7,0.3}





OEBPS/images/13321_2022_669_Figs_HTML.jpg





OEBPS/images/13321_2022_669_Fig6_HTML.png





OEBPS/images/13321_2022_669_Figp_HTML.png
«

mun

”





OEBPS/images/13321_2022_669_Figa_HTML.png
msp





OEBPS/images/13321_2022_669_Figd_HTML.png
NInChl=1A/Au/msp/s30d-9/k[P4_2/mnm]/y1





OEBPS/images/13321_2022_669_Figq_HTML.png
NInChl=1A/Au/mun/s30gd-9/k[P4_2/mnm]/y1
NInChI=1A/Au/mMY/s30gd-9/k[P4_2/mnm]/y1l/mMY:=mY(3,2)





OEBPS/images/13321_2022_669_Figj_HTML.png
Au spherical (/Au/msp/) core of diameter 30nm (/s30t-9/)





OEBPS/images/13321_2022_669_Fign_HTML.png
NInChl=1A/Au/msp/s30d-9/k[P4_2 /mnm]/y1/'zpotential[pdf(-35,3);mV;urlx].





OEBPS/images/13321_2022_669_Figg_HTML.png
msp





OEBPS/images/13321_2022_669_Article_TeX_IEq10.png
cdf (1,0.995)





OEBPS/css/sidebar.gif





OEBPS/images/13321_2022_669_Figt_HTML.jpg





OEBPS/images/13321_2022_669_Figl_HTML.png
NInChl=1A/Ag/msh/s35t-9!Au/msp/s30t-9/y2&1





OEBPS/navigation.xhtml

    
      Contents


      
        		Principles and requirements for nanomaterial representations to facilitate machine processing and cooperation with nanoinformatics tools


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/13321_2022_669_Figi_HTML.png
NInChI=1A/Au/mY(0,0)/s30d-9/k[P4_2/mnm]/y1





OEBPS/images/13321_2022_669_Figo_HTML.png
urlx





OEBPS/images/13321_2022_669_Figf_HTML.png
NInChl=1A/Au/msp/s+pdf(>40)e-9/k[P4_2/mnm]/y1
NInChl=1A/Au/msp/s+pdf(40, 6=5)e-9/k[P4_2/mnm]/y1
NInChl=1A/Au/msp/s+pdf(40, x=10)e-9/k[P4_2/mnm]/y1





OEBPS/images/13321_2022_669_Figr_HTML.png
NInChI=1A/20.Ti/msp/s30d-9/k[I4_1/amd]/y1
NInChI=1A/anatase/msp/s30d-9/y1/anatase:=20.Ti/Kk[I4_1/amd]





OEBPS/images/13321_2022_669_Fig4_HTML.png
1.0

0.8

0.6

0.2

0.0

1.0

0.8

0.6

0.4

0.2

X (um)

X (um)

r(0.5,18.4)

10 A

T

=]

sa|aued jo saquiny

o

-

T
™~

04

I(0.44,23.8)

sajaiued jo Jaquiny

12 14 16 18

10

14 16

12

10
Diameter (nm)

Diameter (nm)





OEBPS/images/13321_2022_669_Fig1_HTML.png
s/

Sphere (r=1) Pyramid (d,h=1) Tube (r=1, h=10)
S/V = 3/x S/V = 8.93/d S/V = 2.2/x
Ellipsoid (a=b=1,c=4) Pyramid (d=1,h=5) Tube (r=1, h=2)

S/V = 2.4/a S/V = 3.39/d S/V = 3/x





OEBPS/images/13321_2022_669_Figu_HTML.png
y2&1





OEBPS/images/13321_2022_669_Figc_HTML.png
k[P4_2/mnm)]





OEBPS/images/13321_2022_669_Article_TeX_IEq1.png
cdf (100)





OEBPS/images/13321_2022_669_Article_TeX_IEq3.png
cdf (20, 0.9)





OEBPS/images/13321_2022_669_Article_TeX_IEq2.png
cdf (1,0.995)





OEBPS/images/13321_2022_669_Article_TeX_IEq5.png
cdf (5)





OEBPS/images/13321_2022_669_Fig5_HTML.png
pdf(40, 0=5.0)

pdf(48.0, a=10.8)

005
005
004 004
003 003
002 002
001 001
0.00

W00 W02 OO 006 008 010 012






OEBPS/images/13321_2022_669_Article_TeX_IEq4.png
redf (60) * edf (100)





OEBPS/images/13321_2022_669_Article_TeX_IEq7.png
pdf (27,0 = 8)





OEBPS/css/envelope.png





OEBPS/images/13321_2022_669_Article_TeX_IEq6.png
redf (5) * cdf (10)





OEBPS/images/13321_2022_669_Article_TeX_IEq9.png
pdf (115, m = 95)





OEBPS/images/13321_2022_669_Article_TeX_IEq8.png
pdf (15, ci = (u,0.99))





OEBPS/images/13321_2022_669_Fig2_HTML.png
First material
composition

s :structure
c: Bonds

Thickness given as lower . -
Ordering from inside out
and upper radius (2t-9) between atoms \

t
NInChI=0.00.1A/Au/msh/s2t10r1-9;12r2-9!/O2Si/c1-3-2/msp/s20d-9/k000/y2&1
S

NInChl version

(here alpha) Second k : crystal struct. layer
m : morphology material mh' mo_r)phology 000 amorphous
shell = sh composition sphere = sp

d : diameter

(20nm)





