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(although the existence of sub-optimal algorithms). This is 
an important issue since the computational time for learning 
the model and also for using it could be inadmissible. This 
is because some chemical compounds could be composed 
of thousands of atoms and chemical databases (for learning 
and testing) could have millions of compounds.

To overcome this problem, some researches have applied 
Graph Embedding, Graph Convolutional Networks or 
Graph Autoencoders to classify or to predict some proper-
ties of chemical compounds [6, 7]. These methods learn the 
local structures and semantics of the attributed graphs and 
convert them into a latent space, represented as a matrix or 
vector of Real numbers. Then, given this space, classical 
machine learning methods can be applied. Note it is key for 
these methods that not only the involved graphs have to be 
different (large graph distance) but also having a rich inter-
nal variability (composed of several different local struc-
tures and attributes). Unfortunately, there are some pattern 
recognition applications in which elements are represented 
by graphs that their internal variability is very low.

Chemical metal-oxide nanocompounds are chemical 
compounds composed by only tens of thousands of atoms 
and they only have two different types of atoms, oxygen and 

1  Introduction

An attributed graph, in general, is a data structure depicting 
a collection of entities represented as nodes, and their pair-
wise relationships represented as edges. Attributed graphs 
have been used for pattern recognition and machine learn-
ing for several decades to represent objects [1, 2].

In biotechnology, there is a growing interest in having 
graph-based techniques applied to machine learning. They 
are used to represent chemical compounds and then predict 
their toxicity [3]. This can be attributed to their effective-
ness in characterising instances of data with complex struc-
tures and rich attributes and also, the goodness of distances 
between graphs, such as the Graph edit distance [4, 5], to 
capture the dissimilarity between graphs. Nevertheless, this 
classical framework has the main drawback that comput-
ing a graph distance has usually a high computational cost 
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a metal. Moreover, their internal sub-structures are almost 
constant. Currently, there are several models to predict their 
properties, such as the toxicity, which are based on global 
properties but they do not use the information of their three-
dimensional structure. Supported by the European projects 
NanoInformatix1 and Sbd4nano2 we modelled, for the first 
time, the toxicity of metal-oxide nanocompounds based on 
their three-dimensional structure. To do so, we represented 
these structures by attributed graphs but it was not possible 
to use the methods commented in the previous paragraphs 
due to graphs were composed of almost constant sub-struc-
tures and only to types of attributes appeared in the nodes. 
Thus, graphs had not enough internal variability.

Considering this feature, we initially represented the 
nanocompound by an attributed graph and then embedded 
it as a vector with a model based on counting the graph-
lets of the graph [8]. We thought that a representation based 
on counting the local structures could properly match the 
small variability of the graphs that represents the nanocom-
pound. Nevertheless, we realised that some nodes (atoms) 
had a large number of edges (bonds), and also, some nodes 
(atoms) had a very small number of edges (bonds). Then, 
if we wanted the embedding to take into consideration all 
combinations of nodes, the embedding vector would have to 
be huge, and it was not acceptable in our application.

Moreover, we also wanted to compare or method to state 
of the art graph transformers [9]. Note this method includes 
the node position into the attention mechanism with the 
aim of distinguishing the position of each node. Neverthe-
less, due to the graphs are almost constant, the incorporated 
information relative to the position seems to be almost con-
stant throughout all the nodes in the graphs, thus, adding 
little information to the system.

The aim of this paper is to present a new graph embed-
ding specifically designed for applications of graph regres-
sion or graph classification in which attributed graphs are 
composed of almost constant sub-structures and attributes 
are almost the same. We have called GraphFingerprint to 
this graph embedding and it has been used for metal-oxide 
nanocompound toxicity prediction. In the next section, we 
recapitulate the old graph embedding and graph regression 
methods, and also we comment the new graph convolutional 
and graph autoencoder methods. In Sect. 3, we explain in 
detail our embedding method and in Sect. 4, we explain the 
application of GraphFingerprint in nanocompound toxicity 
prediction. We show that our method achieves better accu-
racy compared to current graph regression and classifica-
tion methods. Section 5 and Sect. 6 concludes this paper and 
presents future work, respectively.

1  ​h​t​t​​p​s​:​/​​/​w​w​​w​.​n​​a​n​o​i​n​f​o​r​m​a​t​i​x​.​e​u​​​​​​
2 ​​​ ​h​t​t​p​s​:​/​/​w​w​w​.​s​b​d​4​n​a​n​o​.​e​u​​​​​​

2  Graphs and graph embedding

Graphs are effective mathematical tools for characterising 
instances of data with complex structures and rich attri-
butes. For this reason they have been used for automatically 
classifying objects in pattern recognition or deducing global 
properties through regression methods for almost fifty years 
[1, 2].

The classical K-Nearest Neighbours algorithm could be 
used for graph classification or graph regression purposes. 
In this case, a distance between graphs have to be used, such 
as the graph edit distance [4, 5]. Nevertheless, one down-
side of these methods is the calculation of graph distances 
[10–12], which would increase the computational time in 
correspondence to the number of data elements.

With the aim of avoiding the calculation of graph dis-
tances, it is usual to move from the graph domain into a 
Euclidean domain. This conversion is achieved through 
graph embedding techniques. Some of these techniques 
were presented some years ago, in which the embed-
ding process did not use trainable parameters [13]. More 
recently, Graph Convolutional Networks [14, 15] and Graph 
Autoencoders [7, 16, 17] have emerged as tools to embed 
graphs. The main difference of these last methods and the 
old embedding methods is the ability to select the intrinsic 
features of the graphs through learned parameters.

3  Method: GraphFingerprint for graph 
embedding

GraphFingerprint is an attributed graph embedding defined 
as a vector of numbers, which has been designed to encode 
attributed graphs composed of almost constant small sub-
structures. Moreover, nodes are labelled in only two classes 
and edges are unattributed. This type of graphs appear in 
some specific and completely different scenarios, such as 
toxicity prediction of chemical nanocompounds (graphs 
represent the three-dimensional structure of the compound) 
or social networks analysis (for instance, nodes are people 
labelled by their voting tendencies).

More formally. We define a graph G = (V, E) as a set 
of nodes V and a set of edges E. Gi  is the i th node in V 
and Gi,j  is the edge in E between the i th node and the j th 
node in V. Moreover, γi = {Nk,Np}  is the label or attribute 
of node Gi . Nt  is a cardinal attribute, being, 1 ≤ t ≤ T . 
Note given a specific graphs, it can only have two types of 
attributes, Nk  and Np  and it is not possible to have three 
different types of attributes, such as, Nk , Np  and Nn , being 
k �= p �= n . For this reason, since now, we classify the nodes 
of a specific graph in two types: O and M, where class O are 
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the nodes that have attribute Nk  and class M are the nodes 
that have attribute Np , being k < p .

Figure  1 shows a naive example of a graph composed 
of twelve nodes, seven of them have attribute N2 and five 
of them have attribute N7. In this graph, class O represents 
nodes with attribute N2 and class M represents nodes with 
attribute N7.

The rest of this section is composed of two subsections. 
In the first one, we define the local substructures and in the 
second one we define the GraphFingerprint.

3.1  Local substructures

A local structure is a small set of connected nodes in the 
graph. In this section, we present some local structures that 
are used to define, in an organised manner, the GraphFinger-
print. They are summarised in Table 1.

Note graph in Fig. 1 shows a reproduction of the local 
structure O(2, 3)−M(3, 4), where class O represents nodes 
with attribute N2 and class M represents nodes with attri-
bute N7.

3.2  GraphFingerprint definition

A GraphFingerprint is a vector of Natural numbers that 
counts appearances of local structures. It is split up in four 
main sections: Global information, Node information, Edge 
information and Structural information. Note the number of 
nodes and edges involved in each local structure increases 
in each section, that is, in each section, larger local struc-
tures are considered.

In the rest of this section, we describe what is stored in 
each position of the vector that represents the GraphFin-
gerprint. For instance, the line "(MAX + 1)2 +MAX + 1

: Number of M(0, MAX)" in Section 3 represents that the 
value that appears at position (MAX + 1)2 +MAX + 1 of 
Section 3 is the number of appearances of the local structure 
M(0, MAX).

•  Section 1 : global information The first section only 
specifies the two attributes of the nodes and counts the 
appearances of the two types of nodes. Moreover, it imposes 
a maximum order of nodes: MAX. Nodes that have larger 
number are not considered. This value is a parameter in the 
construction of GraphFingerprint and it is useful to impose 
the length of the GraphFingerprint to be constant in a spe-
cific database or application. Table 2 details this section of 
the embedding.

•  Section 2 : Node information
Section 2 is composed of 2 ∗MAX  positions that count 

the number of appearances of nodes given their attribute (O 
or M) and number of edges. Table 3 details this section of 
the embedding.

Table 1  Local structures with their acronyms
Position Global features
O(x) It represents a node type O that have x edges
M(x) It represents any node of type M that have 

x edges
O(x, y) A local structure composed of a central node 

of type O connected to x nodes of type O 
and y nodes of type of M. Note these x O 
and y M could be connected to other nodes

M(x, y) Similarly, a local structure composed of a 
central node of type M connected to x nodes 
of type O and y nodes of type M

O(x,y)-O(x′,y′) A structure that is composed of two of the 
previous ones. It is composed of an O(x, y) 
and an O(x

′
, y

′
)  whose central O are con-

nected by an edge
M(x,y)-M(x′,y′) In a similar way, it is composed of an M(x, y) 

and an M(x
′
, y

′
) whose central M are con-

nected by an edge
O(x,y)-M(x′,y′) Finally, a similar structure but that connects 

an O(x, y) and an M(x
′
, y

′
) whose central 

nodes are connected

Table 2  Section 1: global information
Position Global features
1 MAX (Maximum number of edges per node)
2 Nk  (the attribute of nodes of type O)
3 Np  (the attribute of nodes of type M)
4 Number of nodes type O in the graph
5 Number of nodes type M in the graph

Table 3  Section 2: Node information
Position Appearance of the node features
1 O(1)
.. ..
MAX O(MAX)
MAX + 1 M(1)
.. ..
2MAX M(MAX)

Fig. 1  A graph composed of twelve nodes. In this case, class O rep-
resents nodes with attribute N2 and class M represents nodes with 
attribute N7
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The following sections explain the process of embed-
ding a nanocompound into a GraphFigerprint and the 
regression applied to GraphFingerprint to deduce their 
toxicity. Moreover, we also depict a web site from which 
users can generate GraphFingerprints, compute nano-
compound toxicity predictions or other graph-related 
operations.

4.1  From metal-oxide nanocompound to 
GraphFingerprint

Metal-oxide nanocompounds are chemical compounds 
composed of two types of atoms, oxygen and any type 
of metal, for instance, Al, Cu, Fe, Ti or Zn. The most 

•  Section 3 : Edge information
Section 3 includes the information of the local structures 

O(x, y) and M(x, y). It is composed of 2(MAX + 1)2  posi-
tions that count the number of appearances of nodes given 
their attribute (O or M) and also the number of edges they 
have connected to nodes type O or M. Table 4 details this 
section of the embedding.

•  Section 4 : Structural information
Section 4 includes the information of the local struc-

tures O(x, y)− O(x
′
, y

′
), M(x, y)−M(x

′
, y

′
) and 

O(x, y)−M(x
′
, y

′
). It is composed of 3(MAX + 1)4  

positions that count the largest considered local structure. 
As previously commented, Fig. 1 is an example of one of 
these structures. It shows a reproduction of the local struc-
ture O(2, 3)−M(3, 4). Table 5 details this section of the 
embedding.

The length of the GraphFingerprint 
depends on the maximum accepted node 
order MAX, length(GraphFingerprintMAX)= 
5+2MAX+2(MAX+1)2+3(MAX+1)4. Thus, the theoret-
ical worst computational cost of generating GraphFinger-
prints is in fourth power of the maximum order of nodes 
(MAX).

4  Experimental section

Modelling size-realistic nanomaterials to analyse some 
their properties, such as toxicity, solubility, or electronic 
structure, is a current challenge in computational and the-
oretical chemistry. The representation of all-atom three-
dimensional structure of the nanocompound would be 
ideal, as it could account explicitly for structural effects. 
However, the use of the whole structure is tedious due 
to the huge data management and the structural com-
plexity that accompanies the chemical nanocompound. 
Developing appropriate tools that allow the quantitative 
analysis of the three-dimensional structure, as well as the 
selection of regions of interest such as the most external 
atoms, is a crucial step to enable efficient analysis and 
processing of model nanostructures.

GraphFingerprints have been applied to embed chemi-
cal nanocompounds for their post processing and predict-
ing their toxicity. Specifically, they have been applied to 
metal-oxide nanocompounds, which are chemical com-
pounds that have the following three features: (1) They 
are composed of only some thousands of atoms. (2) They 
have only two types of atoms, the ones that are oxygen 
and the other ones that are metals. (3) Their local sub-
structures are almost constant. Thus, we performed nano-
compound toxicity prediction through graph embedding 
and regression.

Table 4  Section 3: Edge information
Position Appearance of the edge features
1 O(0, 0)
.. ..
MAX + 1 O(0, MAX)

MAX + 2 O(1, 0)
.. ..
2(MAX + 1) O(1, MAX)
.. ..

(MAX + 1)2 O(MAX, MAX)

(MAX + 1)2 + 1 M(0, 0)

.. ..

(MAX + 1)2 +MAX + 1 M(0, MAX)

(MAX + 1)2 +MAX + 2 M(1, 2)

.. ..

(MAX + 1)2 + 2(MAX + 1) M(1, MAX)

.. ..

(MAX + 1)2 + (MAX + 1)2 M(MAX, MAX)

Table 5  Section 4: Structural information
Position Appearance of 

local structures
1 O(0,0) − O(0,0)
.. ..

(MAX + 1)2 O(0,MAX) 
− O(0,MAX)

(MAX + 1)2 + 1 O(1,0) − O(1,0)
.. ..

(MAX + 1)4 O(MAX,MAX) 
− O(MAX,MAX)

(MAX + 1)4 + 1 M(0,0) − M(0,0)
.. ..

(MAX + 1)4 + (MAX + 1)4 M(MAX,MAX) 
− M(MAX,MAX)

(MAX+1)4+(MAX+1)4+1 O(0,0) − M(0,0)
.. ..
(MAX+1)4+(MAX+1)4+(MAX+1)4 O(MAX,MAX) 

− O(MAX,MAX)
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of them are aluminium (in grey). We can draw this com-
pound since we have its three-dimensional structure.3

Figure  3 shows the graph generated by the chemical 
nanocompound Al2O3 shown in Fig. 2. Figure 4 shows its 
GraphFingerprint. Since GraphFingerprint are usually very 
sparse, we show only the non-empty elements. The first 
number represents the position of the element in the vector.

3 ​​ T​h​e usual file format to describe the three-dimensional structure of 
nanocompounds is ’.XYZ’. It is a well-know and simple format that, 
for each atom, it keeps the information of the type of atom and its 
position (x,y,z). No information about the bonds is included and thus, 
it has to be deduced through chemical-physical properties.

common metal-oxide nanoparticles are Al2O3, CuO, 
Fe2O3, TiO2, SiO2 and ZnO. The analysis and prediction 
of their reactivity and toxicity is crucial for better under-
standing these compounds and their use in the industry 
[18]. Given that experimental evaluation of the safety of 
chemicals is expensive and time-consuming, computa-
tional methods have been found to be efficient alterna-
tives to predict their toxicity level.

The three-dimensional structure of chemical nano-
copounds can be represented as attributed graphs [19]. 
Attributed graphs have been applied in machine learn-
ing for chemical compound toxicity prediction for a long 
time [20, 21]. In our case, atoms in the nanocompound 
are represented by nodes and chemical bounds by edges. 
Due to the specific simplicity of metal-oxide nanocom-
pounds, nodes can be attached with the type of atom (O, 
Al, Cu, Fe, Ti or Zn) and edges do not have attributes 
since all bonds tend to be of the same non-covalent type. 
Specifically, and considering the graph definition in 
Sect. 3, we define γi = {O}  for the oxygen atoms and 
γi = {Al, Cu, Fe, T i, Zn}  for the metal ones. Then, class 
O atoms are the ones that γi = {O} and class M atoms are 
the ones that γi = {Al, Cu, Fe, T i, Zn} . Note the three-
dimensional position of the atoms is not represented in 
the graph.

As an example, Fig. 2 shows the chemical nanocom-
pound Al2O3 that has size 13 Angstroms. It is only com-
posed of 30 atoms, 18 of them are oxygen (in red) and 12 

Fig. 3  Graph that represents the 
chemical nanocompound Al2O3 
shown in Fig. 2. The first 12 nodes 
are Aluminium atoms and the rest 
of them are oxygen atoms. The 
order of appearance is not related 
to the three-dimensional position 
since the graph do not have this 
information

 

Fig. 2  Chemical nanocompound Al2O3 of size 13 Angstroms. Oxy-
gen atoms in red and aluminium atoms in grey
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The first one [23], presented in 2015, is a linear regres-
sion model that predicts the lactate dehydrogenase 
release (LDH)4 based on the following five parameters: 
nanocompound size, nanocompound size in water, nano-
compound size in PBS, Concentration and Zeta poten-
tial.5 The model was trained with 33 nanocompounds. 24 
of them were TiO2 and 9 of them were ZnO. TiO2 sizes 
are 30, 45 and 125 nm, and ZnO size are 50, 60 and 70 
nm. The first row of Table 6 shows the results presented 
in [23], which we recomputed and checked. In that paper, 
regression quality metrics were the mean square error and 
the standard deviation.6 A one leave out training method 
was used to train the linear regression model.

The second one [24], presented in 2021, is a logistic lin-
ear regression model for toxicity assessment of metal-oxide 
nanoparticles using the following nine physicochemical 
features: Core nanocompound size, nanocompound size in 
water, surface charge, surface area, Ec, reaction time, per-
centage of dose, energy and number of oxygen. The method 
returns two labels: Toxic and Non-toxic. The model was 
trained with 484 nanocompounds. 18 of them were Al2O3 
(size 39.7 nm), 18 of them were CuO (size 46.3 nm), 18 of 
them were Fe2O3 (size 42.5 nm), 195 of them were TiO2 
(sizes 10 nm, 20 nm, 21 nm, 25 nm, 30 nm, 33.7 nm, 35 
nm, 40 nm and 125 nm) and 234 of them were ZnO (sizes 
7.5 nm, 32 nm, 35.6 nm, 45.3 nm, 60 nm, 86 nm, 100 nm 
and 115 nm). The first row of Table 7 shows the results pre-
sented in [24], which we recomputed and checked. In that 
paper, quality metrics were Accuracy, Precision and Recall.7 

4  LDH is a stable cytoplasmic enzyme that is found in all cells. LDH 
is rapidly released into the cell culture supernatant when the plasma 
membrane is damaged, a key feature of cells undergoing apoptosis, 
necrosis, and other forms of cellular damage.

5  These parameters and the generated LDH were measured in vitro.
6  The data extracted from [23] is detailed in the Table 1 in the supple-
mentary material.

7  The data extracted from [24] is detailed in the Table 2 in the supple-
mentary ​m​a​t​e​r​i​a​l​.​​

4.2  Toxicity prediction based on global features

Some regression models have been reported for the pre-
diction of toxicity of metal-oxide nanocompounds [22]. 
Two of them have been selected as a ground truth of our 
method. The first one is based on a linear regression and 
in the second one is based on a logistic regression.

Table 6  Mean Square error and its standard deviation achieved in: the 
data and method in [23], regression on the GraphFingerprint generated 
by the 3D-structure of data in [23], regressions on the data in [23] 
concatenated to (represented by symbol ’+’) the embedding vector 
generated by GCN [25], generated by Graphlets [8] and generated by 
Graphormer [9]

MSE STD
Original experiment in [23] 0.12 0.08
Regression on GraphFingerprint 0.76 0.16
Regression on [23]+GraphFingerprint 0.08 0.08
Regression on [23]+GCN [25] 0.11 0.13
Regression on [23]+Graphlets [8] 0.34 0.23
Regression on [23]+Graphorner [9] 0.64 0.43

Table 7  Mean and standard deviation of the Accuracy, Precision and 
Recall achieved in: the data and method in [24], regression on the 
GraphFingerprint generated by the 3D-structure of data in [24], regres-
sions on the data in [24] concatenated to (represented by symbol ’+’) 
the embedding vector generated by GCN [25], generated by Graphlets 
[8] and generated by Graphormer [9]

Accuracy Precision Recall
Original experiment in [24] 0.81 (0.30) 0.81 (0.25) 0.98 (0.10)
GraphFingerprint 0.77 (0.40) 0.77 (0.23) 0.78 (0.35)
 [24]+GraphFingerprint 0.93 (0.43) 0.92 (0.21) 0.98 (0.60)
 [24]+GCN [25] 0.56 (0.32) 0.80 (0.15) 0.88 (0.20)
 [24]+Graphlets [8] 0.53 (0.40) 0.72 (0.22) 0.89 (0.3)
 [24]+Graphorner [9] 0.45 (0.24) 0.52 (0.17) 0.75 (0.31)

Fig. 4  GraphFingerprint of chemical nanocompound Al2O3 of size 13 
Angstroms shown in Fig. 2. The first element of the GraphFingerprint 
informs about the maximum number of edges (10). The next two ele-
ments of the GraphFingerprint inform about the elements are oxygen 
(atomic number: 8) and aluminium (atomic number: 13). Only the 
positions of the vector with a non-null value have been selected. Its 
position appears at the beginning of each line
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(linear in [23] and logistic in [24]) and we performed the 
same type of experiments as depicted in Sect. 4.2.

Rows from the third one to the last one of Table 6 and 
Table 7 show the results obtained given this process. Con-
sidering Table 6, we realise that GraphFingerprints con-
catenated to the original data obtained the lowest MSE 
and standard deviation. Moreover, note that some of the 
methods obtain higher or equal MSE, which means that it 
is not worth using the embedding of the three-dimensional 
structure in these cases. It is surprising the bad performance 
of the graph transformer [9]. We believe it is because the 
positional encoding brings almost no information due to the 
gaphs have almost constant structure. Considering Table 7, 
we realise the original data concatenated to GaphFinger-
print is the combination that obtains the best accuracy, pre-
cision and recall.

We conclude, from these three experiments that:

	● Structural information alone is not enough for the toxic-
ity prediction (Balanced accuracy, Precision and Recall 
are lower in the second row than in the first one in both 
tables.

	● Nevertheless, the structural information represented as 
a GraphFingerprint helps to increase the quality of the 
toxicity prediction combined to the global features (The 
third row returns better validation parameters than first 
one in both tables).

	● Finally, the current embedding methods are not able to 
capture the structural information of the three-dimen-
sional structure of the nanocompound.

4.5  ATENA: a web server to generate 
GraphFingerprints

The web server ATENA8 is devoted to analyse metal-oxide 
nanocompounds from the structural point of view. This 
means that the three-dimensional information of the com-
pound is required. From an initial description of the nano-
compound formated as XYZ file, some toxicity predictions 
can be performed. Moreover, some analysis can be done, 
such as the location of specific local patterns inside the 
nanocompound, which are described in XYZ or GRF for-
mat. And also the appearance of combinations of atoms in 
the shell that are know to be toxic. XYZ and GRF formats 
are explained and exemplified in the web site.

8 ​​​​​ ​​h​t​​​t​p​s​​:​/​/​a​​t​e​​​​​n​a​​.​​u​​​r​v​.​c​​a​​t​​​/​m​o​​d​e​l​​/​​​​​​​

A cross-validation partition with 10 folders training method 
was used to train the logistic linear regression model.

4.3  Toxicity prediction based on GraphFingerprints

We proceeded to analyse the GraphFingerprint representa-
tion given the GraphFingerprints generated by the three-
dimensional structures of the nanocompounds used in [23] 
and also in [24]. GraphFingerprints depend only on the type 
of nanocompound and its size. For this reason, given the 33 
different samples used in [23], only six GraphFingerprints 
were generated. Moreover, given the 484 different samples 
used in [24], only twenty GraphFingerprints were gener-
ated. Figure 5 shows the process of generating a GraphFin-
gerprint given a nanocompound. Circles represent processes 
and rectangles represent data.

When these GraphFingerprints were generated, we pro-
ceeded to learn a linear regression in the case of [23] and a 
logistic regression in the case of [24]. We finally performed 
the same type of experiments as depicted in Sect. 4.2. The 
second row of Tables 6 and 7 show the results obtained 
given this process.

As it was expected, only the structural information of the 
nanocompound is not enough to predict its toxicity. This is 
because several nanocompunds with the same size but dif-
ferent parametres appear in the database and obtain different 
toxicity levels. For instance, in the case of [23], there are 
eight TiO2 with size 30nm that have LDH from 0.7 to 1.2. 
(Table 1 in the supplementary material shows the original 
data). Another example is ZnO with size 32 nm that appear 
in [24] (Table 2 in the supplementary material shows the 
original data). There are 21 examples of it but 6 of them are 
toxic and the other 15 none.

4.4  Toxicity prediction based on global features and 
GraphFingerprints

In this last experiment we concatenated the original samples 
in [23] or in [24] with their respective embed vectors gen-
erated by GraphFingerprint and also the embedding meth-
ods Graph Convolutional Network [25] and Graphlets [8]. 
That is, each sample in [23] is composed of a vector of five 
elements. Then, we concatenated these five elements to the 
corresponding embedded vector. Similarly was done with 
the data in [24], but in this case, vectors in [24] have ten 
elements. Finally, we learned the weights of the regression 

Fig. 5  The process of generating a GraphFingerprint given a chemical nanocompound

 

1 3

Page 7 of 10  143

https://atena.urv.cat/model/


Pattern Analysis and Applications (2024) 27:143

size of the nanocompound). Note that if an atom has 
more bonds (represented as edges in the graph) than 
the maximum number of bonds imposed by the user, 
this atom is not considered. There is an example of a 
generated GraphFingerprint by this tool in Fig. 4 (the 
first element that informs about the shell has been de-
leted). The imposed shell thickness was 100 (a huge 
value to assure all the graph is considered) and the 
maximum number of bonds was 10 (there are not at-
oms with more bonds in this compound). The.XYZ 
file represented a Al2O3 that had a maximum dimen-
sion of 13 Angstroms is shown in Fig. 2.

	● Toxicity prediction This tool computes the toxicity of 
some nanocompounds with reported models such as 
the ones explained in Sect.  4.2 and also the models 
that use GraphFingerprint explained in Sect. 4.4. Ref-
erences and explanations of the models are detailed 
in the web site.

	● Substructure search This tool returns the appearance 
of some specific local structures that could appear 
in the nanocompound. It is required to introduce the 
nanocompound in.XYZ format and the local struc-
ture in.XYZ or.GRF formats (formats are described 
in the web site). Moreover, it is also required to in-
troduce the thickness of the shell (if the user wants 
to search the local structure in the whole compound, 
a large number can be introduced). The tool uses the 
sub-graph isomorphism algorithm VF3 [27] and the 
code was downloaded from Github.11 As an example, 
Fig. 6 shows TiO2 compound of size 2 nm and Fig. 7 
(right) shows TiO2 compound of 6 Angstrom. Our 
aim is to search the appearances of the smaller com-
pound in the shell of the larger one. If we impose a 
thickness shell of 4 Angstrom, Fig. 7 (left) shows the 
output generated by ATENA. It seems there are four 
appearances of the smaller compound in the shell of 
the larger one. Note the output of the server is not the 
image but a.XYZ file. These images have been gener-
ated by the Matlab function molviewer although there 
are other packages for these visualisations.

5  Conclusion

We have presented a new embedding method, called 
GraphFingerprint, specifically designed to embed graphs 
that are composed of a large number of almost similar struc-
tures and attributes. This embedding has been applied to pre-
dict the toxicity of chemical metal-oxide nanocompounds in 

11 ​​​ ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​M​i​v​i​a​L​a​b​/​v​f​3​l​i​b​​​​​​

The website is composed of three main functions: 
NanoFingerprint, Toxicity prediction and Substructure 
search. There is also other material such as examples and 
general information.

	● NanoFingerprint This tool embeds in a GraphFinger-
print the graph generated by the three-dimensional 
structure of a nanocompound described in a.XYZ 
file. The code is public in GitHub.9 There are some 
web sites that provide the.XYZ files of some nano-
compunds. For instance, A crystallographic tool for 
the construction of nanoparticles10 reported in [26]. 
Note in this website, GraphFigerprint is renamed by 
NanoFingerprint due to the website is specialised 
in nanocompounds and a new value in Section 1 of 
GraphFingerprint is incorporated, which is the shell 
thickness of the nanocompound. It is known that the 
most external part of the nanocompound, called shell, 
is the one responsible of some properties, such as the 
toxicity. This parameter is included as the first ele-
ment in Section 1 of NanoFingerprint. Thus, this sec-
tion is composed of six values instead of five. More-
over, since the type of atom O is always oxygen, the 
third value is not the atomic number of oxygen but 
the size of the nanocompound. The tool returns the 
GraphFingerprint in a.TXT file format deduced from 
only the most external atoms of the nanocompound, 
which are the ones considered to be in its shell (with 
the slight modification of adding the information 
of the shell as a first element of the vector and the 

9 ​​​​​​​ ​h​​t​t​​p​​​s​:​​​/​​/​​g​i​t​h​​u​b​.​​​​​c​​o​m​​/​A​​S​C​L​E​​P​I​U​S​-​U​R​V​/​N​a​n​o​F​i​n​g​e​r​p​r​i​n​t​​​​​​
10 ​​​ ​h​t​t​p​s​:​/​/​n​a​n​o​c​r​y​s​t​a​l​.​v​i​-​s​e​e​m​.​e​u​/​​​​​​

Fig. 6  Visualisation of TiO2 of 2 nm
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Since these are research topics in process, our findings 
will be presented in another paper.
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