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ABSTRACT: Electronegativity can be considered a data-driven concept that has been
widely used since Pauling proposed this property. However, updating the electronegativity
based on the vast amount of high-quality experimental and computational data has been
overlooked. Thus, advances in artificial intelligence (AI), with its ability to manage large
data sets and identify underlying patterns, necessitate reconsidering data-driven concepts
such as electronegativity. In this work, we present a data-driven method to generate more
informative multidimensional electronegativity of atoms in organic molecules using graph
neural networks. Although this electronegativity can be extended to any dimension, we
focused on 2D electronegativity to do a more detailed classification of the atoms and their
covalent bonds. By replacing the conventional electronegativity with the newly proposed one, we observed performance
improvement in molecular machine learning tasks. We believe that our findings will be useful in understanding electronegativity and
chemical bonds by applying AI-driven methods to chemical studies.

■ INTRODUCTION
Electronegativity, χ, which explains the ability of atoms to
attract electrons in chemical bonds, becomes a key indicator in
chemistry since it was proposed by Pauling in 1932.1,2 Pauling
defined electronegativity, χPauling by using the energy stabilized
after forming a heterodimer of two atoms, A and B as

| | = +D D D
1
2

( )A B AB AA BB (1)

where DAB is the bond energy between atoms A and B and
+D D( )AA BB

1
2

is the average bond energy of covalently bonded
homodimers. By construction, χPauling is a data-driven concept
defined by expert intuition in the mid-20th century. For a long
time, χPauling has played an important role in describing the
nature of chemical bonds in molecules and materials.3−5

Although the concept proposed by Pauling has been the most
widely used, electronegativity has been revisited by many
researchers. Huggins and Sanderson refined the electro-
negativity in their separate works.6−8 Allred completed the
modern χPauling table by referencing the enthalpy of
formation.9,10 Mulliken defined electronegativity as the mean
of ionization energy and electron affinity,11,12 and Bratsch
extended this concept to sp hybridizations for elements across
the periodic table.13 Sanderson defined electronegativity as the
driving force of bonding, while Iczkowski represented this
quantity through the chemical potential.7,14 Later, Gordy,15

Allred,9 and Ghosh16,17 used atomic radii to explain electro-
negativity, while Hinze et al. defined it based on orbital
characteristics rather than considering the entire atom.18 Allen
proposed an electronegativity using the average energy of
valence electrons.19 These reinterpretations show that electro-

negativity is a long-established semiempirical concept that can
effectively serve as a qualitative guide for predicting electronic
density rearrangements in molecules.20 Moreover, they imply
that there is much room for further consideration of the nature
of the chemical bonds through electronegativity.
For decades, data sets have become more accurate and

extensive, and advances in data science facilitate the processing
of such data sets with the help of artificial intelligence (AI),
including machine learning (ML). AI enables researchers to
discover hidden patterns in the data set, thus driving
innovation in many scientific fields.21−23 Moreover, ML has
been applied to various topics in the field of chemistry,
including the prediction of molecular properties24−28 and
chemical reactions,29−33 as well as the modeling of novel
molecules and materials.34−36 Due to its broad impact on
various topics, certain aspects remain unaddressed. A more
comprehensive review of ML applications in chemistry can be
found in recent review and perspective articles.29,37−42

Applying ML in chemistry has been accelerated by the
accumulation of large molecular data sets, including
PubChem,43 ChEMBL,44 GBD-17,45 QM9,46 MolData,47 and
ZINC.48 Using these data sets, ML models can predict
molecular properties in a data-driven manner.49 In this regard,
molecular representations have been essential for transforming
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structural information in chemical data sets into machine-
readable formats.39,50 As typical ML models are considered
blackbox models, explainable AI (XAI) attracted considerable
interest in the interpretation of structure−activity relation-
ships,51,52 predicting reactions,53,54 and drug design.55 One
might wonder whether large chemical data sets can be used to
redefine data-driven concepts such as electronegativity with AI.
To the best of our knowledge, the concept of electronegativity
has not been extensively explored by employing AI methods on
readily accessible chemical databases. In addition, we argue
that we can generate more informative electronegativity using
AI methods.
In this study, inspired by Pauling’s concept in eq 1, we

proposed a ML-based electronegativity, χML, based on the
QM9 data set with stable small organic molecules. We can
suggest χML as a multidimensional vector for various types of
atoms by employing linear regression (LR) and graph
convolutional networks (GCNs).56,57 LR was employed to
transform one-hot encoding vectors into multidimensional
electronegativites. We selected LR in this work due to its
simplicity, interpretability, and lower risk of overfitting.58,59

Among various graph neural networks (GNNs),60,61 we used
GCNs in this study as they are a representative example and
widely used in the ML community to ensure that multidimen-
sional electronegativity is effectively generated using well-
established methods. As shown in Figure 1, the initial atomic
feature vector of each atom was transformed to multidimen-
sional χML, and then χML was used as the input variable for the
corresponding atom to train GCN. Thus, GCN utilized the
connections between atoms in a molecular structure to update
the atomic features. GCN allowed us to generate atomic
properties by incorporating bond information within the
molecule. All GNNs in this work employed molecular
descriptors, as illustrated in Figure 1. With these, we were
able to generate χML that effectively explains eq 1 from the
perspective of AI. For the five elements (H, C, N, O, and F),
which are commonly found in organic compounds, we
classified bond types in a detailed manner compared to the
traditional approach using ΔχPauling. Our analysis revealed

categories of carbon−carbon bonds that were not noticed by
the traditional approach. Our AI-aided approach broadened
our understanding of covalent bonds and could be expanded to
all chemical bonds. Furthermore, the newly generated
electronegativity, χML, has significant potential in molecular
ML. The prediction accuracy of the ML models was improved
when χML was used as input variables of molecular ML.
Additionally, we found that applying the data-driven categories
of covalent bonds to molecular ML provided a more accurate
prediction of molecular properties with relational graph
convolutional networks (RGCNs).62 We believe that our
data-driven multidimensional electronegativity shows the
potential to enhance our understanding of chemical bonds.
Furthermore, our findings also suggest the possibility of
applying AI to refine other data-driven concepts in
chemistry.63,64

■ METHODS
Graph Convolutional Neural Networks. In this work,

we used graph convolutional networks (GCNs)56 and their
heterogeneous graph version, relational graph convolutional
networks (RGCNs)62 using the PyTorch framework57 and the
PyTorch Geometric library.65 GCN extracts information from
graph-structured data by iteratively updating node information
based on node features and their connectivity. In molecular
ML, molecules are modeled as graphs, where atoms
correspond to nodes and chemical bonds correspond to
edges. Through iterative update and message passing,
molecular representations are extracted, and each update step
can be represented as

=+H AH W( )l l l( 1) ( ) ( ) (2)

Here, H(l) represents the feature matrix of the atoms at the
lth layer, where each row corresponds to the feature vector of a
single atom. The feature matrix of the (l + 1)th layer, H(l+1),
was then obtained by using the feature matrix of the previous
layer, H(l). Ã is the normalized adjacency matrix containing the
connectivity information of the atoms, and σ is the activation
function. We selected the sigmoid linear unit (SiLU) as the

Figure 1. Workflow of χML generation. Molecular structures were represented in graphs and further updated through graph convolutions.
Multilayer perceptrons (MLPs) were used to predict target values using molecular descriptors and graph features.
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activation function in this work based on its improved
performance over the rectified linear unit (ReLU).66 During
the training phase of GCN, the weight parameter, W(l), is
optimized to predict the data in the training set. As an
extended version of GCN, RGCN treats heterogeneous
relationships between nodes in the graph by assigning different
weights to each edge.62 The graph convolution in RGCN is
given by

= ++
i
k
jjjjjj

y
{
zzzzzzH A H W A H Wl l l

r
r

l
r

l( 1)
0

( )
0
( ) ( ) ( )

(3)

where R denotes the set of bond types and Ãr and Â0 are
adjacency matrices for the rth bond type and the atom itself,
respectively. In practice, trainable weight parameters are Wr

l( )

and W l
0
( ). The relationship-specific information is learnable by

optimizing Wr
l( ) while the other information is by optimizing

W l
0
( ). The SiLU activation function was chosen to ensure

consistency between the GCNs and RGCNs. In this work,
GCNs were used to generate χML and to predict molecular
properties. RGCNs were used to predict molecular properties
through a more detailed classification with χML.
ML Approach for Generating Electronegativity. We

redefined electronegativity using a data-driven approach, as
ML effectively revealed hidden patterns in data. To achieve
this, we chose a sufficiently large data set with appropriate
molecular properties. We selected the QM9 data set that
contains properties of about 134k organic molecules.46

Modifying the atomization energy at 0 K, U0, we intuitively
modeled the target value to generate χML as

{ } | | +
<

f U D D( )
1
2

( )
i j

ii jjML 0
(4)

where f denotes an ML model function with a set of atomic
electronegativity as inputs. Here, the absolute value of U0 in
the QM9 data set can be considered as the accumulated value
of DAB in eq 1 for all atoms in the given molecule. Here, i and j
denote the indices of atoms in the molecule. The bond
energies of homodimers, Dii and Djj, were taken from Pauling’s
work:1 4.44 eV for H, 3.60 eV for C, 1.44 eV for N, 1.49 eV for
O, and 2.80 eV for F. Using eq 4, we can generate χML that
closely matched those of eq 1. For the proof of concept, we
generated χML using linear functions, since they are simple and
more readily interpretable than complex nonlinear functions,
and also showed remarkable performance.58,59 We also
checked the nonlinear transformation of one-hot encoding
vectors. However, we did not observe significant advantages of
nonlinear functions over the linear function in the electro-
negativity generation layer. Therefore, we used the linear
function to transform one-hot encoding vectors into electro-
negativity. We first distinguished atoms using one-hot
encoding. For example, when five elements in the data set
were categorized by atomic number, hydrogen and carbon
were represented as [1, 0, 0, 0, 0] and [0, 1, 0, 0, 0],
respectively. Then, the one-hot encoding vectors were
converted to χML through eq 5.

= +Wx bML (5)

where ×W n m is the weight matrix of the linear function
that transforms a m-dimensional one-hot encoding vector into

a n-dimensional vector, χML, b n is the bias vector that
shifts the transformed result along each axis, and x is one-hot
encoding vector for each atom. Then, we used χML as input
variables for GCNs. Our goal was to identify new atomic
properties that most accurately predict the target property, y
defined on the right-hand side of eq 4,

= { }
=N

y farg min ( ) arg min
1

( ( ))
i

N

iML
1

ML
2

ML ML (6)

where N is the number of data points and f is the GCN model
for the prediction. The loss function, denoted as , is the
mean squared error (MSE) in this work. Although χML could
be generated in any dimension, two-dimensional vectors were
used for simplicity in this work. For each case, the generation
of χML was repeated ten times. We examined three versions of
one-hot encoding vectors containing different types of atomic
information, as detailed in Table 1. Atomic information such as

the atomic number, hybridization, and aromaticity was used to
generate a one-hot vector for each atom. These vectors were
then used to classify atom types within the data set. Of course,
other atomic characteristics could be used to provide a more
detailed description of the atom types. Additional atomic
information can be found in Supporting Information (Figure
S1).
Hyperparameter Optimization and Model Evalua-

tion. A total of 133,885 molecules in QM9 data set were used
in this work.46 For computational efficiency, hyperparameter
optimization of the GCN56 models was carried out using 10%
of the data set and 5-fold cross-validation as implemented in
the scikit-learn package.67 The list of hyperparameters and
their optimal values used in this work is summarized in Tables
S1 and S2. Then, we generated multidimensional electro-
negativity using the entire QM9 data set. The Adam optimizer
was employed to minimize the mean square error (MSE). The
coefficient of determination (R2 score) was used as the
evaluation metric during the hyperparameter optimization
process. MSE was used as the loss function, and root mean
squared error (RMSE) was used as model performance
metrics. They are defined as

= =

=
R

y y

y y
score 1

( )

( )
i
n

i i

i
n

i

2 1
2

1
2

(7)

= = y y

n
MSE

( )i
n

i i1
2

(8)

= = y y

n
RMSE

( )i
n

i i1
2

(9)

where ŷ, yi, and y̅ are predicted, true, and average values,
respectively, and n is the number of samples.

Table 1. Atomic Information for the Generation of One-Hot
Encoding Vectors and the Corresponding χML

Symbol Atomic information

ML
AN Atomic number

+
ML
AN HY Atomic number, Hybridization

+ +
ML
AN HY AR Atomic number, Hybridization, Aromaticity
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■ RESULTS AND DISCUSSION
Analysis of χML. First, we analyzed two-dimensional χML as

shown in Figures 2 and S2−S4. We found that χML offered a

more diverse perspective on atomic properties than one-
dimensional χPauling. In Figure 2, χPauling was represented by
dotted lines centered at the origin, while χML was shown with
the symbols and colors as explained in the legend below. Upon
analyzing these results, we observed that these patterns are
different from conventional perceptions. In Figure 2b, for
example, sp3 oxygen (blue circle) appeared to be more similar
to sp nitrogen (green triangle) than to sp2 oxygen (blue
square). In Figure 2c, we observed a range of distributions for
χML of carbons (yellow). For example, the sp2 and aromatic
carbon atoms (indicated by the yellow square and star,
respectively) were positioned at opposite ends. In contrast, the
sp2 carbon and sp2 oxygen were located in close proximity to
each other. These observations revealed that ML distinguished
atom types in the 2D space, often in contrast with our
intuition. In all cases in Figure 2, hydrogen was largely different
from other heavy atoms. Through these, we confirmed that ML
can distinguish atoms with concepts beyond the conventional
understanding from one-dimensional χPauling. Generation of
χML involved multidimensional optimizations through the
generation of random initial weights of ML models. Thus,
generalization of our findings should be discussed with caution.
To this end, we statistically analyzed χML using a clustering
algorithm.
By using the K-means algorithm,67,68 we set the number of

clusters based on the distribution pattern of χML shown in
Figures 2 and S2−S4. In Figure 3, hydrogen is clearly isolated
from all other atom types. We also found that strong
correlations among sp atoms and among sp2 atoms in

+
ML
AN HY (Figure 3b), as well as between aromatic nitrogen

and oxygen, and between sp2 nitrogen and oxygen in
+ +

ML
AN HY AR (Figure 3c). These correlations were not readily

rationalized by classical chemical intuition. The atom type
classifications inferred from χML differ from those defined in
χPauling, suggesting a reorganization of the chemical space that
may not align with conventional classification schemes.
However, the ML-based approach comes with several
limitations. In particular, the optimization could become
trapped in local minima or saddle points, which led to

premature convergence, an intrinsic issue that remains
unresolved in the present study.
Furthermore, we examined the correlation between χML and

traditional atomic properties to study the physical meaning of
χML as shown in Figure S5. We found that the two components

Figure 2. Scattering patterns of two-dimensional (a) ML
AN, (b) +

ML
AN HY

, and (c) + +
ML
AN HY AR , where = ( ,ML ML

1
ML
2 ). Thus, ML

1 and ML
2

represent each component of the two-dimensional electronegativity.
The χPauling values were represented by concentric circles centered at
the origin. Atom types were distinguished by symbols and color, and
hydrogen was marked with an ″X″ symbol in parts (b) and (c).

Figure 3. Probability of each atom type in (a) ML
AN, (b) +

ML
AN HY , and

(c) + +
ML
AN HY AR belonging to the same cluster. For each case, χML was

generated ten times. In (c), the upper (lower) case atom symbols
were for aliphatic (aromatic) atoms.
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of χML showed distinct correlations with atomic properties. For
example, when atom types were defined using only atomic
number, one component showed a positive correlation, while
the other exhibited a negative correlation with specific atomic
properties. When hybridization was also considered, the
components showed a similar correlation pattern only with
electron affinity. Additionally, when aromaticity was included,
this trend was observed for both χPauling and electron affinity.
These results suggest that if one component is proportional to
a physically meaningful atomic property, then the other shows
the opposite behavior for the same property. Interestingly, this
emerged without any modification to the objective function
during the electronegativity generation process. Thus, by
refining the objective functions to provide a more physical
interpretation, one can improve the physical meaning of
multidimensional electronegativity. In addition, it is important
to note that, unlike the electronegativities considered
previously,11−13 our framework lacks theoretical transparency
due to the blackbox nature of ML models. However, we believe
that our framework produces electronegativities that are at
least consistent across several atom types. The strength of our
approach lies in its flexibility to generate electronegativities as
more molecular data become available in the future.
Analysis of the Chemical Bond Using χML. The nature

of chemical bonds is typically characterized by the difference in
χPauling between the two atoms that form the bond. Using
χPauling, we can classify chemical bonds as ionic and covalent
bonds, and the covalent bonds are further classified as polar
and nonpolar. Most organic molecules are composed of
hydrogen and carbon atoms with additional main-group
elements, such as nitrogen, oxygen, fluorine, sulfur, and
phosphorus. For these elements, the values of χPauling are in
almost half of the possible range, roughly from 0.8 to 4.0.
Therefore, when chemical bonds in organic molecules are
examined, almost all bonds are treated as covalent bonds or as
polar and nonpolar covalent bonds. As we generated
multidimensional electronegativity, χML from the perspective
of AI, we postulated that new chemical insights about chemical
bonds can be revealed. To explore this, we examined how AI
interpreted chemical bonds using the multidimensional
electronegativity, χML, along with the K-means clustering
algorithm (Figures 4 and S6). The multidimensional χML
generated in this study could provide a more comprehensive
description of electronegativity differences and not just the
difference between two values. By considering two-dimensional
χML as a vector in a two-dimensional space, we could describe
the difference between χML values using not only the distance
but also the angle between the χML vectors. In this study, with
χML, we described the difference between the two electro-
negativity values using the Euclidean distance and the angular
difference as shown in Figure 4. We analyzed + +

ML
AN HY AR for

carbon−carbon bonds (Figure 4b,c). Using conventional
χPauling, all carbon−carbon bonds were considered nonpolar
covalent bonds. However, with + +

ML
AN HY AR , the different types

of carbon−carbon bonds could be distinguished by a more
detailed classification. The + +

ML
AN HY AR was generated based

on four types of carbon atoms: sp, sp2, sp3, and aromatic
carbons (c). Therefore, there are a total of six possible carbon−
carbon bond types after bonds between identical carbon types.
These bonds would be expected to have similar + +

ML
AN HY AR

values, with small differences in both angle and distance.

However, the results were completely different. For example,
the aromatic carbon-containing bonds and the sp3 carbon-
containing bonds showed noticeable patterns as shown in
Figure 4b,c. These results, which were beyond our intuition,
should be considered with caution due to the intrinsic
stochastic nature of ML. Therefore, to verify the existence of
a common pattern, we generated + +

ML
AN HY AR ten times with

different initial weights of the neural networks. We then
applied the K-means algorithm to identify hidden clustering
patterns, as shown in Figure 5.
With the two-dimensional χML, we analyzed the clustering

patterns of chemical bonds and explored how AI recognized
these bonds as shown in Figures 5 and S7,S8. Among the
notable patterns, we analyzed five distinct groups, highlighted
with black boxes and red labels in Figure 5. In the first group,
carbon−carbon bonds rarely appeared in the same cluster. This
suggests that our approach has the potential to distinguish
subtle variations even among the carbon−carbon bonds
involving diverse carbon hybridizations. In the second group,
bonds involving sp2-hybridized carbon and either sp2-
hybridized nitrogen, oxygen, or aromatic nitrogen formed a
distinct and consistently observed cluster. The third and fourth
groups exhibited a similar clustering pattern involving sp3-
hybridized and aromatic carbon. This is consistent with Figure
3c as sp2 nitrogen, oxygen, and aromatic nitrogen were
similarly located. The fifth group, bonds between identical
atom types (ΔχML = 0) were assigned to a distinct cluster.
Using χML, we could generate a more detailed chemical bond
classification that was not observed with conventional
electronegativity. To evaluate its effect on molecular ML, we

Figure 4. Clustering analysis of ΔχML using two-dimensional
+ +

ML
AN HY AR . Each point corresponds to a chemical bond where x-

axis and y-axis represent the Euclidean distance and angle between
χML values of two atoms, respectively. (a) ΔχPauling between atoms was
shown with different colors while (b) three aromatic carbon-
containing bonds and (c) three sp3 carbon-including bonds excluding
bonds with identical atom types were highlighted.
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used a variant of the GCN model, RGCN,62 which is capable
of representing such detailed bond classification as edge types.
Prediction of Molecular Properties. All edges or

chemical bonds in a molecular graph are treated equally in
the GCN model. For example, in the QM9 data set, the bonds
between five elements (C, H, O, N, and F) are regarded as the
same type of bond. This is conceptually similar to using
conventional electronegativity χPauling for bond classification.
All bonds are treated as a single bond type, a covalent bond.
With the conventional GCN,56 atomic feature vectors are
updated via eq 2 in each convolution layer, where all bonds are
treated the same. In contrast, RGCN treats heterogeneous
relationships between nodes in the graph by assigning different
weights to each edge.62 In the RGCN model used in this work,
the chemical bonds within a molecule were categorized into
several types, and each type of bond had different weights.
Thus, a more flexible representation of RGCN can handle the
complex relationships in chemical systems69,70 and can be
written as eq 3. In this study, we showed that χML provided a

more detailed and novel classification of both atoms and bonds
within molecules from the perspective of AI. To assess the
effectiveness of χML in molecular ML, we compared several
models: the RGCN model using two-dimensional χML alone
and the RGCN model using χML and conventional atomic
properties, X, and the GCN model using X and χPauling. These
models were evaluated on four properties from the QM9 data
set: (a) polarizability (α), (b) electronic spatial extent (r2), (c)
HOMO−LUMO gap, and (d) dipole moment (μ) as shown in
Figure 6. As shown in Figure 1, molecular descriptors were also
used in all cases.
The two-dimensional χML used to predict molecular

properties is tabulated in Table 2, and a total of 19
conventional atomic properties from Mendeleev and RDKit
package,71,72X, are tabulated in Table S3. The complete list of
χML is available in our GitHub repository (https://github.com/
hwk-grp/en_multi_mol).
We chose the GCN model with χPauling and X as the baseline,

which is the most commonly used feature setting in typical

Figure 5. Probability of each bond (ΔχAN+HY+AR) belonging to the same cluster. Probabilities were represented by a color scale with red and blue
indicating higher and lower probabilities, respectively. Five groups of remarkable patterns were identified, distinguished by black boxes in the figure
and red text on the axes.
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molecular property predictions with GCN models. With these
atomic and molecular features, we varied the number of
clusters of ΔχML and checked their effects on the performance
of the RGCN models, as shown in Figure S9. Considering the
convergence of the RGCN model errors, we selected the
optimal number of clusters, which is about one-third of the
total number of bond types found in the data set. In the case of

ML
AN, where atoms and bonds were classified only by atomic

number, performance improvement over the baseline (black
dotted line) was observed only in limited cases. However,
using additional information such as hybridization +( )ML

AN HY

and aromaticity + +( )ML
AN HY AR noticeably improved prediction

performance. With conventional electronegativity such as
χPauling, it is difficult to capture the detailed classification of
chemical bonds within organic molecules, limiting application
of molecular ML using RGCN. By contrast, χML enables a
more detailed classification of chemical bonds within organic
molecules and can enhance molecular representations in ML
models such as RGCN. These results show the practical utility
of the χML in molecular ML. While ML models with χML
performed comparably to those with χPauling in predicting
polarizability (α, Figure 6a), they showed enhanced perform-
ance for three other molecular properties: electronic spatial

extent (r2, Figure 6b), highest occupied molecular orbital-
lowest unoccupied molecular orbital gap (HOMO−LUMO
gap, Figure 6c), and dipole moment (μ, Figure 6d). This trend
is consistent with the fundamental concept of electronegativity,
which describes how electron distributions change due to the
formation of chemical bonds. Three properties, r2, HOMO−
LUMO gap, and μ that showed improved performance, can be
regarded as molecular properties, that respond to variations in
electron distribution within a molecule. In contrast, α is more
strongly correlated to molecular size. In this case, we
hypothesized that molecular descriptors could play an
important role. Overall, the observed improvements in
prediction performance suggest that further refinement and
systematic construction of χML could lead to deeper insight
into chemical bonds from the perspective of AI. In our view,
this could be a promising direction for future research. We
believe that this approach may offer chemists a novel
framework for encoding atomic-, bond-, and molecular-level
features in molecular ML.

■ CONCLUSION
In summary, we revisited the Pauling electronegativity that was
proposed about a century ago by using a data set of organic
molecules and graph-based machine learning (ML) models.
The newly proposed electronegativity, χML enabled detailed
analysis of chemical bonds through the classification of atoms
and their chemical bonds. We also found that χML showed

Figure 6. Comparison of prediction performance of RGCN with χML
(blue), RGCN with χML + X (green) and GCN with χPauling + X
(black). R2 score is shown at the top. From the baseline model, R2

scores were (a) 0.985, (b) 0.953, (c) 0.955, and (d) 0.630.

Table 2. Two-dimensional χML used in molecular property
prediction.

Symbol Element ML
1

ML
2

Norm

ML
AN

H 1.171 -1.862 2.20
C -1.390 2.138 2.55
N -2.922 0.839 3.04
O 0.014 3.440 3.44
F -2.131 3.361 3.98

+
ML
AN HY

H -1.539 -1.572 2.20
C(sp) 2.338 1.018 2.55
C(sp2) 0.803 2.420 2.55
C(sp3) 1.774 1.832 2.55
N(sp) 3.017 0.371 3.04
N(sp2) -0.600 2.980 3.04
N(sp3) -0.151 3.036 3.04
O(sp2) -0.753 3.356 3.44
O(sp3) 3.325 0.882 3.44
F(sp3) 3.807 1.162 3.98

+ +
ML
AN HY AR

H -2.189 -0.218 2.20
C(sp) -0.993 2.349 2.55
C(sp2) 0.960 -2.363 2.55
C(sp3) 2.459 0.675 2.55
c 0.054 2.549 2.55
N(sp) -1.315 2.741 3.04
N(sp2) 0.173 3.035 3.04
N(sp3) -0.550 -2.990 3.04
n -0.812 2.929 3.04
O(sp2) 0.195 -3.434 3.44
O(sp3) 0.172 -3.436 3.44
o -2.446 -2.419 3.44
F(sp3) 3.436 -2.008 3.98
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better performance when it was used as an input variable in
molecular ML. These findings suggest that ML will be
effectively employed to reconsider other data-driven chemical
concepts in chemistry,63 and these ML-guided concepts can be
utilized in chemical applications such as the design of new
organic molecules for drug discovery and retrosynthesis.73−75

Of course, the current perspective would benefit from further
elaboration with larger chemical data sets and more advanced
ML models in the future. While we focused on two-
dimensional electronegativity for its simplicity and interpret-
ability, it is important to note that the proposed approach can
be used to generate electronegativity or other atomic
properties in a higher-dimensional space.76,77 Furthermore,
with the available data set of inorganic materials,78,79 we can
generate multidimensional electronegativity for most of the
elements in the periodic table, and this is in progress. We
believe that this research will provide new insights into the
understanding of chemical bonds.
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