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Graph neural network architectures for predicting
the electrophilicity index: insights from 2D and 3D
molecular graph representations

Sandeep Kumar *a and Annika Bande ab

The electrophilicity index (o) is a fundamental quantum chemical descriptor that quantifies a molecule’s

ability to accept electrons, playing a critical role in assessing reactivity and stability, and guiding

molecular design. In this study, we benchmark a diverse set of graph neural network (GNN)

architectures for predicting o, using data derived from the QM9 dataset of organic molecules. As o is a

global quantum-chemical property derived from frontier molecular orbital energies, typically sensitive to

the local chemical structure, we compare 3D molecular geometry models (SchNet, ALIGNN, GemNet),

which account for the full atomic structure, with connectivity-based 2D models (attentive FP, GCN,

GraphSAGE, GIN, GINE, GATv2) that consider only molecular topology. The results indicate that o

depends not only on molecular topology but also on the complete 3D atomic arrangement, as reflected

by the superior predictive accuracy of 3D models—particularly ALIGNN. Nevertheless, some 2D GNNs

provide a computationally efficient alternative. Notably, GINE achieves more than an order-of-

magnitude reduction in training time compared to ALIGNN, while exhibiting only about a one percent-

level decrease in predictive accuracy.

I. Introduction

The concept of electrophilicity plays a fundamental role in
understanding chemical reactivity and molecular stability, par-
ticularly in the context of frontier molecular orbital theory.1,2

The electrophilicity index (o), introduced by Parr et al.,3 quan-
tifies the tendency of a molecule to accept electrons, making
it an essential descriptor in theoretical chemistry. It is particu-
larly valuable for understanding molecular reactivity in electro-
philic interactions and thus for practical applications such
as drug design4 and catalysis.5 The electrophilicity index is
defined as:3

o ¼ m2

2Z
; (1)

where m is the chemical potential, and Z is the chemical
hardness. They are defined as

m ¼ �I þ A

2
and Z ¼ I � A

2
; (2)

where I is the ionization potential (energy required to remove
an electron) and A is the electron affinity (energy released upon
adding an electron). Together, these quantities define o, which
balances the driving force for acquiring additional electronic
charge (through m) with the resistance to charge deforma-
tion (through Z). A higher o indicates a stronger electrophile,
i.e., a molecule more prone to accept electrons.

According to Koopmans’ theorem,6 the ionization potential
and electron affinity can be approximated from the highest
occupied molecular orbital (HOMO) and lowest unoccupied
molecular orbital (LUMO) energies, respectively. Using the
expressions for m and Z from eqn (2), o can be written in a
unified form as

o ¼ ðI þ AÞ2
8ðI � AÞ ¼

EHOMO þ ELUMOð Þ2

8 ELUMO � EHOMOð Þ: (3)

Although o is defined in terms of the HOMO and LUMO
energies, EHOMO and ELUMO, it is a nonlinear function of these
quantities, involving both their sum and difference at diff-
erent exponents in a ratio form. As a result, small errors in
the HOMO or LUMO energies can propagate nonlinearly and
lead to disproportionately large deviations in o. Physically, the
o values, being a global reactivity descriptor derived from
frontier molecular orbital energies, are particularly sensi-
tive to both local atomic features and long-range interactions.
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This behavior distinguishes o from more commonly predicted
quantum-chemical properties and renders its direct prediction
from the molecular structure a more challenging learning task
than reconstructing it from individual orbital energies.

Moreover, the expression in eqn (3) relies on Koopmans’
theorem, which assumes that molecular orbitals do not relax
upon electron removal or addition. However, a common stan-
dard methodology to quantum chemistry calculations for larger
molecular structures is density functional theory (DFT).7,8 Among
the available functionals, only recent hybrid, range-separated, or
double-hybrid functionals provide reliable estimates of frontier
orbital energies and related reactivity descriptors.9,10 But such
calculations are computationally demanding and are therefore
typically limited to relatively small reference datasets. This limita-
tion restricts their applicability in large-scale molecular screening
and high-throughput studies.11–18

Consequently, there is growing interest in alternative
approaches that can approximate quantum chemical properties
at significantly reduced computational cost. Indeed, more
recently, o has gained renewed attention in the application of
machine-learning models,19,20 which are likely to deliver pre-
dictions faster than DFT.

In this context, data-driven methods such as graph neural
networks (GNNs) have emerged as a promising solution,
enabling learning directly from existing molecular datasets.
By leveraging molecular graph representations, GNNs offer a
fast, scalable, and accurate alternative for predicting o, bypass-
ing the need for expensive quantum chemical calculations.
Recent advances in machine learning, particularly the develop-
ment of GNNs, have enabled the modeling of molecular proper-
ties directly from graph-based representations of chemical
structures.21–43 Molecules can naturally be encoded as graphs,
with atoms as nodes and bonds as edges, which makes GNNs
especially well-suited for molecular property prediction. These
models learn complex, high-dimensional relationships between
structure and properties without the need for handcrafted
features or expensive quantum mechanical calculations.

In this work, we investigate the use of GNNs to predict o
using data from the QM9 database,44 a widely used benchmark
dataset that contains quantum chemical properties of approxi-
mately 134 000 small organic molecules calculated using DFT at
the B3LYP/6-31G(2df,p) level of theory. Instead of computing o
directly through DFT for new molecules, we aim to build predictive
models that leverage the existing QM9 data to generalize to unseen
compounds. Previous studies have applied machine-learning
models based on molecular descriptors to estimate electro-
philicity-related quantities;19,45 however, these approaches do
not fully leverage molecular graph structure. Moreover, a systema-
tic comparison of 2D and 3D GNNs for direct prediction of the
conceptual DFT o remains absent. Here, we conduct a systematic
comparative evaluation of 2D and 3D GNN architectures within a
unified training and evaluation framework, quantifying the relative
contributions of molecular topology and explicit geometric
information, as well as the associated accuracy–computational
cost trade-off. To the best of our knowledge, this is the first study
to directly predict the conceptual DFT o using GNNs.

To predict the o efficiently from molecular graph represen-
tations, we employ nine widely used GNN architectures,
grouped into 2D and 3D molecular graphs, selected for their
proven effectiveness in quantum chemistry and molecular
property prediction tasks. All models were trained on o values
derived from the QM9 dataset using eqn (3), with atomic and
bond features extracted directly from the corresponding mole-
cular structures. The 2D GNN models considered in this study
include graph convolutional network (GCN),46 attentive finger-
prints (AFP),47 graph isomorphism network (GIN),48 graph
isomorphism network with edge features (GINE),49 graph atten-
tion network v2 (GATv2),50 and graph sample and aggregate
(GraphSAGE),51 all operating on graphs constructed from
SMILES representations.52 To capture geometric effects, we
also employ 3D GNN architectures—SchNet,53 atomistic line
graph neural network (ALIGNN),26 and geometric message
passing network (GemNet)54—which incorporate spatial infor-
mation such as atomic coordinates and interatomic distances.
Together, these models provide a comprehensive framework for
evaluating the relative importance of topological and geometric
molecular information in predicting o. Importantly, the models
are transferable and can be fine-tuned to higher-quality or experi-
mental datasets via transfer learning.55

It is important to emphasize that the electrophilicity index o
considered in this work is a conceptual density functional
theory descriptor derived from frontier molecular orbital ener-
gies rather than a directly measurable experimental observable.
Consequently, the aim of this study is not to reproduce experi-
mental electrophilicity scales, but rather to investigate whether
modern GNN architectures can learn the nonlinear relationship
between molecular structure and this theoretical reactivity
descriptor. Predicting such descriptors using machine learning
can significantly accelerate computational chemistry workflows
by providing rapid estimates of quantum-chemical properties
without performing explicit electronic-structure calculations.
This capability is particularly useful for large-scale molecular
screening and high-throughput exploration of chemical space.

The structure of the paper is organized as follows: Section II
describes the datasets and exploratory data analysis, the graph-
based representation of molecular structures, details of the
GNN models and their training procedures, hyperparameter
optimization strategies, and the evaluation metrics used for
predicting the o. Section III presents and discusses the results,
starting with model performance on the regression tasks.
Finally, Section IV summarizes the key findings and main
conclusions of the study. Additional results and analyses are
provided in the SI, available as a separate file.

II. Methods
A. Dataset overview and preliminary analysis

As introduced earlier, the database of o employed in this work
was constructed from the QM9 dataset. To reveal insights into
the dataset composition, the distribution of molecule counts by
atom type within the dataset is shown in Fig. S1(a). Carbon is
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the most prevalent element (133 722 molecules), followed by
oxygen (113 853), nitrogen (82 699), and fluorine (2120). This
composition reflects the dominance of common organic ele-
ments, with relatively few fluorinated molecules, consistent
with trends typically observed in drug-like and organic chem-
istry datasets.

Furthermore, to analyze the statistical characteristics of the
data, we plotted the distribution of o values as a histogram in
Fig. 1 (left). The resulting distribution is strongly right-skewed,
with the majority of values clustered near zero and a long tail
extending toward higher o. Skewness, which quantifies the
asymmetry of a distribution, confirms this deviation from
normality. While a normal distribution is symmetric with zero
skewness, the observed right-skew indicates that the mean of
the o values lies above the median, reflecting the presence of
relatively few molecules with exceptionally large o values. The
overlaid red density curve56 further emphasizes the asymmetry
and lack of normality in the raw data. This indicates that the
majority of molecules have low electrophilic reactivity, consis-
tent with the small, DFT-optimized organic molecules present
in the QM9 database. The long right tail represents a minority
of highly reactive molecules and makes the distribution less
suitable for standard statistical modeling and visualization.

To address this skewness, a logarithmic transformation was
applied to the o values,

olog = log(o + e). (4)

To prevent numerical instabilities caused by log(0) and
extremely small o values, a small constant e = 1 � 10�6 was
added prior to the logarithmic transformation. This standard
stabilization technique ensures well-defined gradients and
smooth training behavior.57,58 The logarithmic transformation
compresses large values while expanding the range of small
ones, resulting in a more symmetric, approximately Gaussian
distribution. In addition, it also improves visualization by
revealing subtle differences among low-reactivity molecules,
stabilizes variance, and facilitates regression or classification
tasks using GNNs. Fig. 1 (right) presents the distribution of
the log-transformed o values, olog. The resulting histogram
appears markedly more symmetric.

To check how well the o agrees with its log-transformed data
olog, Spearman’s rank correlation (r) was calculated59

(Fig. S1(b)). The perfect alignment of points along the diagonal
(r = 1.0) confirms that the relative ordering of molecules by
their o values remains unchanged after logarithmic transfor-
mation. These results demonstrate that logarithmic transfor-
mation of o preserves the underlying chemical relationships
among molecules while improving the statistical uniformity of
the data for reliable modeling.

B. Machine-learning workflow

The workflow for predicting o using GNNs is illustrated in
Fig. 2, and the individual steps are described below.

a. QM database and target construction (steps 1–2).
Molecular structures are obtained from the QM9 database.
The o values are calculated from the QM9 data using eqn (1),
(2), and (3). The EHOMO and ELUMO energies are used solely to
compute the target o and are not included as input features
during GNN training or inference.

b. Molecular parsing and graph representation (steps 3–5).
To leverage GNNs for molecular property analysis, numerical
molecular data must first be converted into graph repres-
entations. Formally, a molecule is represented as a graph
G ¼ V; Eð Þ, where the set of nodes V corresponds to the atoms
in the molecule and the set of edges E � V � V represents the
chemical bonds connecting these atoms. In this framework,
each atom is treated as a node and each bond as an edge,
allowing GNNs to naturally capture both the structural
connectivity and chemical properties of molecules.60

Molecular structures are encoded using SMILES strings52

and parsed with RDKit61 to construct 2D molecular graphs. For
3D GNN models, atomic coordinates provided in QM9 are used
directly to build geometry-aware graph representations. By
representing molecules as graphs, GNNs can effectively learn
intricate structural patterns and chemical interactions, capturing
both local atomic neighborhoods and the global connectivity of
the molecular graph. In the resulting graph representation,
atoms correspond to nodes and chemical bonds correspond
to edges. Node features include atomic number, valence, hybri-
dization state, aromaticity, and formal charge, while edge
features encode bond type, conjugation, and ring membership,
as derived from the molecular structure using RDKit. For
geometry-aware architectures, additional spatial information
derived from the atomic coordinates, such as interatomic
distances and bond-angle relationships, is incorporated to

Fig. 1 Distribution of electrophilicity index (o) values. (left) Raw values showing a right-skewed distribution. (right) Log-transformed (olog) values
approximating a normal distribution.
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capture three-dimensional structural interactions, as illustrated
in Fig. 3.

c. Training and test dataset split (step 6). For model
training and evaluation, the o dataset comprising 133 725
molecular structures is randomly shuffled and split into 80%
for training (106 980 samples) and 20% for testing (26 745
samples). This split ensures a sufficiently large training set
while reserving an independent test set for unbiased perfor-
mance assessment.

d. 2D and 3D GNN architectures (step 7). The constructed
molecular graphs are processed using different GNN architec-
tures. Two categories of models are considered: (i) 2D atom–bond
graph models, including GCN, GIN, GINE, GATv2, attentive FP,
and GraphSAGE, which operate on molecular connectivity; and
(ii) 3D geometry-based models, such as SchNet, GemNet, and
ALIGNN, which incorporate interatomic distances and spatial
information.

e. Hyperparameter optimization (step 8). The performance
of GNN models is highly sensitive to hyperparameter selection,
which governs training stability, convergence behavior, and
predictive accuracy. To ensure fair comparisons across archi-
tectures, systematic hyperparameter optimization is performed
individually for each 2D and 3D GNN model. The tuned
hyperparameters include the number of epochs, batch size,

learning rate, weight decay, number of layers, hidden channels,
and dropout probability.

Hyperparameter optimization is carried out using the
Optuna framework,62 which combines random sampling with
adaptive pruning to systematically explore the hyperparameter
space and identify optimal training configurations for each
GNN architecture. Final models are trained using the Adam
optimizer,63 with early stopping applied based on validation
loss to prevent overfitting.64 All models are implemented using
the PyTorch framework65 and PyTorch-Geometric.66 The hyper-
parameters for both 3D and 2D GNN models were carefully
optimized to ensure stable training and accurate prediction of o.
For 3D models (GemNet, SchNet, ALIGNN), training employed
small-to-moderate batch sizes (8–32) and low learning rates
(10�4–10�3) to ensure stable convergence. Hidden dimensions
were high for GemNet and ALIGNN (256), while SchNet used a
lower-dimensional embedding (64) with 256 filters. Model depth
ranged from 4 to 5 layers, and regularization was applied via
weight decay (10�6–10�5). The number of epochs (105–300)
reflects differing convergence rates across architectures.

For 2D models (GINE, GIN, GATv2, GraphSAGE, AFP, GCN),
batch sizes (32–128) and learning rates (10�5–10�3) varied more
widely, indicating architecture-dependent optimization sensi-
tivity. Deeper networks (up to 6 layers) were used for GIN and

Fig. 3 Comparison of graph constructions used in this work. (a) Standard molecular graph with atoms as nodes and bonds as edges. (b) Geometry-
aware graph including interatomic distances dij and djk. (c) ALIGNN bond–angle graph via line graph transformation, where bonds are nodes and edges
connect bond pairs sharing a common atom, encoding the angle yijk. Here, dij is the distance between atoms i and j.

Fig. 2 GNN workflow for predicting electrophilicity index (o) with 2D/3D features.
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GATv2, while others employed 4–5 layers. Hidden dimensions
remained consistently large (192–256), and regularization
included weight decay (10�6–10�5) and model-specific dropout
(0.0–0.2). Overall, the selected configurations balance model
complexity, convergence stability, and generalization across
diverse GNN architectures. The optimized hyperparameters
for all architectures are summarized in Tables S1 and S2

f. Cross-validation (step 9). Using the optimized hyperpara-
meters obtained in step 8, model robustness is assessed
through 5-fold cross-validation (CV) on the training set.43,67

The same hyperparameter settings are applied across all folds
to ensure a consistent and unbiased assessment of model
stability. Detailed cross-validation results are provided in Fig.
S4(a)–(d) of the SI.

g. Model training, test evaluation and performance
metrics (steps 10–12). The final GNN models are trained on
the full training set using the optimized hyperparameters.
Model generalization performance is subsequently evaluated
on the independent test set that was held out during training.
Model performance is primarily optimized with respect to the

Fig. 4 Left panels depict predicted versus actual o values, while right panels present the residuals plotted against the actual o values for the GINE, AFP,
and GIN models (top to bottom).
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root mean squared error (RMSE),68 while additional metrics
including mean absolute error (MAE),69 mean squared error
(MSE), and coefficient of determination (R2) are also reported.
All model training was conducted on a single NVIDIA RTX 5000
GPU with a fixed random seed (seed = 42) to ensure
reproducibility. Detailed evaluation metrics are provided in
Section S1 of the SI. The resulting predictions of o are used
to generate the performance plots discussed in the following
section.

III. Results and discussion
A. Insights from interpreting 2D and 3D molecular graphs

In the following section, we analyze the performance of the 2D
and 3D models based on evaluation metrics computed from
the log-transformed data, with results converted back to the
original o values.

To illustrate the comparative performance of 2D models,
Fig. 4 and 5 showcase six GNN models—GINE, attentive
FP, GIN, GATv2, GraphSAGE, and GCN—in predicted versus

Fig. 5 Left panels depict predicted versus actual o values, while right panels present the residuals plotted against the actual o values for GATv2,
GraphSAGE, and GCN models (top to bottom).
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actual o values from molecular structures. In each figure, the
left panels show how well the predicted values match the actual
values, while the right panels show the prediction errors
(residuals). Overall, all six 2D models perform well, with R2

values above 0.95 for both training (blue points) and test sets
(rose points), which means they can capture the relationship
between molecular structure and o values accurately.

Among the models in Fig. 4, GINE (top) gave the best
performance (Rtest

2 = 0.9816), followed closely by GIN (Rtest
2 =

0.9779, bottom) and attentive FP (Rtest
2 = 0.9772, center). These

models are especially effective because they account for
detailed molecular features during message passing. A minor
reduction in R2 is observed when converting predictions from
the log-transformed scale back to the original scale, which is
expected due to the non-linear nature of the inverse transfor-
mation, leading to slightly lower values in the original scale.
The performance of all 2D models on the log-transformed data
is shown in Fig. S2 and S3 of the SI.

The remaining three 2D models, shown in Fig. 5, also
demonstrate strong performance. GATv2 achieved the highest
accuracy in this group (Rtest

2 = 0.9732), followed by GraphSAGE
(Rtest

2 = 0.9667) and GCN (Rtest
2 = 0.9571). The residual plots on

the right side show that most prediction errors are very small
and centered around zero, though there is a slightly larger
spread of errors for higher o values. The GCN model, in
particular, shows a wider distribution of residuals, which
explains its slightly lower performance compared to the other
models. In summary, all the GNN architectures tested can
successfully predict the o values, with some models achieving
higher accuracy than others. Comparing their performance on
the test set, GINE outperformed all other models, GIN and
attentive FP performed competitively, GATv2 and GraphSAGE
achieved moderate accuracy, while GCN ranked lowest among
the six architectures.

To gain further insight, we performed 5-fold cross-validation
for all six 2D GNN models. The results, summarized in Table 1,
include both a single train/test split and 5-fold CV. The models
are ranked from best to worst based on the CV RMSE. For
the single train/test split, GINE achieved the lowest test
MAE (0.0015) and RMSE (0.0028), along with the highest test

R2 (0.9816), indicating superior predictive accuracy. In contrast,
GCN showed the poorest performance, with the highest test
MAE (0.0024) and RMSE (0.0042) and the lowest R2 (0.9571).
The close agreement between training and test metrics across
all models suggests minimal overfitting. The 5-fold cross-
validation results confirm these trends.

GINE again outperformed the other models, achieving the
lowest CV RMSE (0.0030 � 0.0002) and the highest CV R2

(0.9780 � 0.0034), followed by AFP and GIN. GATv2, Graph-
SAGE, and GCN showed progressively higher CV errors and
lower R2, indicating reduced generalization performance. MSE
values are near zero for all models, reflecting high prediction
precision. Overall, GINE provides the most accurate and robust
predictions for o on the original scale, while GCN consistently
exhibits the lowest performance among the architectures
tested.

In Fig. S4(a) and (b), the per-fold R2 scores are reported,
showing both the average predictive performance and consis-
tency of each model across cross-validation splits, providing
insight into robustness and generalizability. GINE achieves the
highest R2 in every fold, demonstrating superior performance,
while other models show lower mean R2 and higher variability,
indicating less reliable predictions. The plot visually conveys
both central tendency and stability of each model.

For 3D molecular graph representations, Fig. 6 illustrates
the performance of three geometry-aware GNNs—GemNet,
SchNet, and ALIGNN—in predicting o values. As with the 2D
models, the left panels show predicted versus actual o values
for both training and test sets, while the right panels display
the residuals plotted against the actual values.

All three models demonstrate excellent predictive accuracy,
with test set R2 values exceeding 0.98, confirming that 3D-aware
message-passing architectures are highly effective in capturing
the structure–property relationships governing the target o
values. Among the evaluated models, ALIGNN achieves the
strongest performance (Rtest

2 = 0.9941), highlighting the advan-
tage of incorporating higher-order geometric information
through line-graph message passing. SchNet follows closely
(Rtest

2 = 0.9883), benefiting from continuous-filter convolutions
that encode smooth distance-dependent interactions, while

Table 1 Performance metrics of GNN models for o prediction using single train/test split and 5-fold cross-validation with mean and standard deviation
(std), ordered best to worst by CV RMSE

Metric GINE AFP GIN GATv2 GraphSAGE GCN

Train/test split
Epochs 214 70 135 215 300 180
Train MAE 0.0013 0.0017 0.0015 0.0018 0.0019 0.0023
Test MAE 0.0015 0.0017 0.0017 0.0019 0.0020 0.0024
Train RMSE 0.0022 0.0031 0.0026 0.0032 0.0035 0.0041
Test RMSE 0.0028 0.0030 0.0030 0.0033 0.0037 0.0042
Train R2 0.9875 0.9763 0.9836 0.9741 0.9693 0.9587
Test R2 0.9816 0.9772 0.9779 0.9732 0.9667 0.9571

5-Fold cross-validation (mean � std)
MAE 0.0017 � 0.0002 0.0018 � 0.0001 0.0021 � 0.0001 0.0023 � 0.0002 0.0024 � 0.0001 0.0026 � 0.0002
RMSE 0.0030 � 0.0002 0.0034 � 0.0002 0.0037 � 0.0002 0.0042 � 0.0003 0.0044 � 0.0003 0.0046 � 0.0002
R2 0.9780 � 0.0034 0.9711 � 0.0025 0.9656 � 0.0044 0.9564 � 0.0069 0.9529 � 0.0066 0.9480 � 0.0038
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GemNet also performs competitively (Rtest
2 = 0.9882), though

with slightly larger residual variations at higher o values.
The residual plots show that the majority of prediction

errors for all 3D models are tightly clustered around zero,
indicating stable and unbiased generalization across the full
range of o values. Compared to standard 2D GNN baselines,
the 3D models achieve consistently higher or comparable
accuracy, suggesting that explicit incorporation of molecular
geometry provides a measurable performance advantage. How-
ever, incorporating 3D structural information improves model
performance, comparable o predictions can still be obtained

even without explicitly using 3D geometry. Within the family of
3D methods, ALIGNN emerges as the top-performing architec-
ture, followed by SchNet and GemNet, demonstrating the
benefit of increasingly expressive geometric message-passing
schemes for learning molecular reactivity descriptors. In addi-
tion, results for 3D models applied to the log-transformed
dataset are presented in Fig. S5.

Besides R2, we also examine additional metrics such as MAE
and RMSE to provide a more comprehensive evaluation of
model performance, as summarized in Table 2. To obtain a
more reliable assessment, we compare all 3D models using

Fig. 6 Left panels depict predicted versus actual o values, while right panels present the residuals plotted against the actual o values for GemNet,
SchNet, and ALIGNN models (top to bottom, ordered poorest to best by cross-validated R2).
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five-fold cross-validation (5-CV). Based on the CV results,
ALIGNN achieves the lowest prediction errors, with a MAE of
0.0009 � 0.0002 and an RMSE of 0.0020 � 0.0003, indicating
superior accuracy and robustness across folds. GemNet follows
with an MAE of 0.0013 � 0.0000 and an RMSE of 0.0026 �
0.0002, while SchNet shows slightly higher errors, with an MAE
of 0.0015 � 0.0002 and an RMSE of 0.0027 � 0.0002. These
results confirm that incorporating directional and geometric
information, particularly in ALIGNN, leads to improved perfor-
mance in o prediction.

As with the 2D models, the per-fold R2 values for the 3D
GNNs are presented in Fig. S4(c) and (d). ALIGNN consistently
attains the highest R2 across all folds with minimal variance,
demonstrating both excellent predictive accuracy and stable
generalization. GemNet and SchNet also achieve high and
relatively consistent R2 values, confirming the robustness of
geometry-aware message-passing approaches for molecular
property prediction.

The improved performance of geometry-aware models high-
lights the importance of incorporating spatial information
when predicting electronic descriptors. While 2D GNNS capture
molecular connectivity, they do not explicitly encode geometric
relationships between atoms. In contrast, 3D architectures
incorporate interatomic distances and angular interactions that
influence the electronic structure of the molecule. The ALIGNN
model further extends this representation by introducing a line
graph that enables message passing over bond–angle relation-
ships, allowing the network to capture higher-order geometric
interactions that are relevant for o prediction.

B. Functional group influence on electrophilicity index

To gain further chemical insight into the factors influencing o,
we analyzed the distribution of o values across representative
functional group categories identified using SMARTS (SMiles
ARbitrary target specification)70–based substructure matching
implemented in RDKit. The resulting distributions are shown
in Fig. S6. Molecules containing strongly electron-withdrawing
substituents, such as carbonyl (CQO) or nitrile (CRN) groups,
tend to exhibit larger o values because these groups stabilize
the LUMO energy and thereby enhance the electron-accepting

ability of the molecule. These trends can be understood in
terms of frontier molecular orbital theory, where electron-
withdrawing substituents lower the LUMO energy and thereby
increase o. In contrast, hydrocarbon frameworks composed
solely of carbon and hydrogen atoms generally exhibit lower o
values due to the absence of strongly electronegative substitu-
ents. Functional groups such as alcohols, ethers, and amines
exhibit intermediate behavior because their heteroatoms influ-
ence the electronic structure but do not withdraw electron
density as strongly as carbonyl-containing groups.

The relatively broad distributions observed for some func-
tional group categories can be attributed to the diversity of
molecular environments in which these groups occur. In many
molecules, multiple functional groups coexist and may exert
competing electronic effects on the frontier orbital energies.
For example, electron-withdrawing substituents may appear
together with electron-donating groups, producing a wider
range of o values. This effect is particularly evident in mole-
cules containing mixed heteroatoms, where combinations of
oxygen- and nitrogen-containing groups generate a variety of
electronic environments.

C. Computational cost of 2D and 3D GNN models

In summary, the choice between 2D and 3D GNN models
should be determined by the specific requirements and con-
straints of the study. When high predictive accuracy and
molecular detail are essential—such as in the precise predic-
tion of o—and reliable 3D structural information is available,
3D GNN models are preferable due to their superior capacity to
capture spatial molecular features. However, 3D models
demand significantly more computational resources: for example,
ALIGNN, GemNet, and SchNet required approximately 3525, 333,
and 188 minutes of training, in contrast to the 2D models, GINE,
GATv2, GraphSAGE, GCN, GIN, and attentive FP, which were
trained in roughly 224, 183, 127, 48, 39, and 21 minutes, respec-
tively. This high computational cost of ALIGNN arises from its
coupled message passing on both the atom graph and its line
graph, where bonds are treated as nodes and bond pairs encode
angular (three-body) interactions, substantially increasing graph

Table 2 Performance metrics of ALIGNN, GemNet, and SchNet for o
prediction using single train/test split and 5-fold cross-validation (original
scale), ordered best to worst by CV RMSE

Metric ALIGNN GemNet SchNet

Train/test split (original scale)
Epochs 300 163 105
Train MAE 0.0007 0.0008 0.0010
Test MAE 0.0009 0.0011 0.0011
Train RMSE 0.0011 0.0013 0.0017
Test RMSE 0.0016 0.0022 0.0022
Train R2 0.9968 0.9957 0.9929
Test R2 0.9941 0.9882 0.9883

5-Fold cross-validation (mean � std, original scale)
MAE 0.0009 � 0.0002 0.0013 � 0.0000 0.0015 � 0.0002
RMSE 0.0020 � 0.0003 0.0026 � 0.0002 0.0027 � 0.0002
R2 0.9897 � 0.0033 0.9830 � 0.0021 0.9823 � 0.0034

Fig. 7 Computational cost associated with 2D and 3D GNN model
training.

PCCP Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

5 
M

ay
 2

02
6.

 D
ow

nl
oa

de
d 

on
 5

/6
/2

02
6 

2:
49

:0
3 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6cp00677a


Phys. Chem. Chem. Phys. This journal is © the Owner Societies 2026

size, message-passing operations, and memory usage.26 Note that
all model training was conducted on a single NVIDIA RTX 5000
GPU equipped with 32 GB of memory.

When computational efficiency, scalability, or the lack of
accurate 3D conformations is a concern, 2D GNN models
provide a robust and efficient alternative that remains broadly
applicable. Therefore, using 3D models when high accuracy is
required and 2D models when computational efficiency or
scalability is important, provides a practical and balanced
approach for predicting molecular properties. All execution
times for 2D and 3D GNNs are shown in Fig. 7.

IV. Conclusion

In this study, we performed a comprehensive evaluation of
graph neural network (GNN) architectures for predicting the
electrophilicity index (o), a key quantum chemical descriptor
related to molecular reactivity. We benchmarked both 2D mod-
els—such as GINE, GIN, attentive FP, GraphSAGE, GATv2, and
GCN—that utilize molecular graph connectivity, and 3D
models—GemNet, SchNet, and ALIGNN—that incorporate spatial
features including atomic coordinates, distances, and angles. To
the best of our knowledge, this work represents the first study to
directly predict the conceptual DFT o using GNNs.

Our results show that while 3D GNNs generally achieve
superior accuracy and consistency due to their explicit exploita-
tion of molecular geometry, several 2D models attain com-
petitive performance, highlighting their value for efficient
and scalable prediction, especially when 3D structural data
are unavailable or costly to obtain. Among the 2D models,
GINE outperforms all other architectures, while among the 3D
models, ALIGNN achieves the best performance, followed by
SchNet and GemNet.

Overall, our study provides a robust foundation for selecting
and applying GNN models tailored to molecular property pre-
diction tasks, balancing accuracy and computational feasibility
across the chemical space represented by the QM9 dataset.
While the present study focuses on small organic molecules
from QM9, extending these conclusions to larger and more
chemically diverse systems warrants further investigation.
Nevertheless, the present results demonstrate that nonlinear
conceptual DFT descriptors can be accurately predicted without
explicit quantum calculations, enabling scalable, data-driven
reactivity modeling.

Author contributions

Sandeep Kumar: conceptualization, methodology, software,
data curation, formal analysis, writing – original draft; Annika
Bande: conceptualization, supervision, funding acquisition,
writing – review & editing.

Conflicts of interest

There are no competing interests to declare.

Data availability

Supplementary information (SI) includes additional figures,
tables, and supporting analyses for this work. See DOI:
https://doi.org/10.1039/d6cp00677a.

The full code used in this work for creating, training, and
analyzing the models is publicly available and can be found at
https://github.com/sandeeplu/gnnepi, along with the derived
dataset of the electrophilicity index (o) from QM9.

Acknowledgements

S. K. and A. B. would like to acknowledge our ML subgroup
members at Helmholtz-Zentrum Berlin (HZB) and Leibniz
University Hannover for their valuable discussions and feed-
back. The authors also thank Mr Martin Ulrich (HZB) for his
technical support in the setup and configuration of the GPU
workstation, which was essential for the computational aspects
of this work.

References

1 K. Fukui, T. Yonezawa and H. Shingu, A Molecular Orbital
Theory of Reactivity in Aromatic Hydrocarbons, J. Chem.
Phys., 1952, 20, 722–725.

2 K. Fukui, Recognition of Stereochemical Paths by Orbital
Interaction, Acc. Chem. Res., 1971, 4, 57–64.

3 R. G. Parr, L. V. Szentpaly and S. Liu, Electrophilicity index,
J. Am. Chem. Soc., 1999, 121, 1922–1924.

4 L. R. Domingo, M. Rı́os-Gutiérrez and P. Pérez, Molecular
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