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Multimodal graph fusion with statistically ==

guided parsimonious descriptor selection
for molecular property prediction
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Abstract

Graph convolutional networks (GCN) are effective for learning molecular representations, but their reliance on local
message passing and simple feature concatenation limits their ability to capture global physicochemical properties.
We present KROnecker-product based multimodal fusion with Variable sElection for eXpressive molecular representa-
tion learning (KROVEX), a method that integrates graph embeddings with molecular descriptors through a Kronecker-
product to explicitly model second-order interactions. Informative descriptors are identified using a two-stage
procedure that combines iterative sure independence screening with Elastic Net regularization. The proposed
approach was evaluated on two benchmark datasets (FreeSolv and ESOL) as well as two self-curated datasets

with vapor pressure and aqueous solubility as the target property. Overall, our method outperformed not only GCN
but also fusion-based baselines such as EGCN, D-MPNN, and BAN under both the random and scaffold split. More
importantly, the fusion operates at the final embedding level, enabling consistent performance across different GNN
backbones (e.g., GAT and GIN). KROVEX achieves state-of-the-art performance on vapor pressure prediction, establish-
ing a new benchmark for this safety-critical property essential for environmental monitoring and industrial process
design. Ablation studies further demonstrated that (1) statistically guided descriptor selection yields more informative
features than predefined descriptors, and (2) Kronecker-product fusion provides greater improvements than sim-

ple concatenation as the number of descriptors increases. These results demonstrate that parsimonious descriptor
selection combined with multimodal graph fusion enhances predictive performance and interpretability, providing

a generalizable framework for molecular property prediction.

Scientific contribution

We present a novel multimodal fusion framework, KROVEX, which integrates graph embeddings with statistically
selected molecular descriptors through Kronecker-product fusion. Grounded in the statistical philosophy of parsi-
mony, our two-stage variable selection strategy not only enhances interpretability and generalization performance
but also ensures compatibility with graph neural network architectures. Beyond benchmarks, KROVEX offers a princi-
pled and theoretically grounded alternative to conventional concatenation strategies in molecular machine learning.
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Introduction

Graph convolutional networks (GCN) [1] have recently
attracted considerable attention as a powerful approach
that overcomes the limitations of traditional deep
learning models restricted to Euclidean data. The
key idea of GCN is to update node representations
by aggregating information from neighbors through
matrix operations. This allows GCN to handle irregular
relationships and to learn efficiently on non-Euclidean
structured data. This mechanism has led to widespread
applications in material science [2, 3], social networks
[4—6], and citation networks [7-9]. Notably, their appli-
cation in chemistry has attracted researchers’ extensive
attention since molecular structures can be naturally
represented as graphs. For example, in drug discovery
[10, 11], molecular property prediction [12, 13], and
protein interaction prediction [14].

Despite their success in chemistry, GCN struggles
to fully represent complex physicochemical properties
due to inherent limitations of message-passing archi-
tectures. Because of the shallow depth of GCN layers,
global molecular structures are often overlooked [15—
18]. Hierarchical structures of molecules are ignored
by aggregation methods such as summation or averag-
ing [19, 20]. Although several studies have attempted to
address these issues—for example, FraGAT [21] encodes
unified graph representation by extracting multi-scale
representations from molecule graph fragments, EGCN
[16] concatenates predefined descriptor with graph
embeddings, CSGL [22] incorporates chemical synthesis
routes to construct synthesis-aware molecular graphs,
GROVER [23] employs large-scale self-supervised
graph transformers to learn general-purpose molecular
embeddings, and HieGT [24] models both atom-level
and motif-level structures through a hierarchical graph
transformer to capture local-global chemical patterns—
these methods focus solely on enhancing graph-based
representation learning or rely on simple concatenation
fusion strategies.

Multimodal artificial intelligence (AI) is an expand-
ing field that focuses on developing models capable of
processing and integrating information from multiple
sources [25]. By fusing heterogeneous inputs, multi-
modal AI seeks to create unified representations that
capture richer insights than any single modality. In
recent years, the integration of complementary infor-
mation from different modalities, such as visual, tex-
tual, and audio, has made significant progress in areas

such as emotion recognition, vision-language naviga-
tion, and human-computer interaction [26—28]. From a
perspective of multimodal Al the aforementioned limi-
tations may be addressed by integrating information
that cannot be captured by graph structures alone.

In molecular property prediction, however, multimodal
approaches typically rely on simple vector concatena-
tion [16, 29, 30]. This naive fusion fails to explicitly model
interactions between modalities, limiting both the mod-
el’s ability to capture complex relationships and its inter-
pretability [31-33]. In contrast to simple concatenation,
bilinear forms provide a principled way to capture cross-
modal interactions that explain context-dependent behav-
ior not recoverable by concatenation [34, 35]. Notably,
such bilinear interactions can be equivalently represented
as linear predictors on the Kronecker feature space,
thereby enabling standard optimization and theoretical
analysis while offering strictly greater expressive power.
Beyond concatenation, Kronecker-product fusion can be
viewed as a structured feature expansion equivalent to the
degree-2 polynomial kernel restricted to cross-modality
terms [36]. This perspective suggests that Kronecker-
product fusion provides a theoretically grounded manner
for modeling bilinear interactions between modalities,
offering a clear link to classical polynomial kernel meth-
ods while avoiding redundant within-modality expan-
sions. While Kronecker-product fusion enriches the
representational capacity compared to concatenation [37,
38], it is equally important to ensure that such expressive-
ness does not lead to uncontrolled model complexity. To
this end, a Rademacher complexity bound can be intro-
duced, suggesting that the bilinear predictor class induced
by Kronecker-product fusion admits generalization guar-
antees under norm constraints.

A variety of molecular descriptors are available, each
providing distinct insights into molecular properties;
however, Na et al. [16] integrated only three predefined
descriptors into the model through simple concatena-
tion. In contrast, the RDKit library [39] provides more
than 200 descriptors, suggesting that incorporating a
broader array could enhance the learning capabilities
of GCN regarding molecular graph representations.
However, employing all available descriptors can sig-
nificantly complicate the model, leading to overfitting,
multicollinearity, and high computational costs, which
compromise predictive accuracy and generalizability.
To avoid these issues while providing interpretability,
a rational approach is required. Variable selection is a
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well-established statistical methodology, whose effect has
been extensively documented in the literature [40-42].
Test-based selection is the most classical way of selecting
variables in statistical models [43]. Since the introduc-
tion of LASSO [44], penalty-based methods have become
a standard strategy in modern machine learning. By
shrinking coefficients through penalty terms, they con-
strain model complexity and reduce variance at the cost
of introducing a small bias, thereby improving the gener-
alization performance of the model [45-47]. Screening-
based methods have proven effective in high-dimensional
settings. The earliest of these, Sure Independence Screen-
ing (SIS) [48], filters out irrelevant variables based on
marginal correlations and has inspired several improved
versions in subsequent studies [49, 50]. Crucially, select-
ing a compact subset of variables also induces an implicit
low-rank effect on bilinear representation, thereby act-
ing as a structural regularizer [51]. Guided by these sta-
tistical methodologies, informative descriptors can be
extracted for multimodal fusion. Nevertheless, such
approaches have rarely been explored in molecular prop-
erty prediction.

Based on these considerations, we propose KROnecker-
product based multimodal fusion with Variable sElec-
tion for eXpressive molecular representation learning
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(KROVEX), a method that integrates graph embeddings
with molecular descriptors through a Kronecker-product.
To the best of our knowledge, this is the first application
of Kronecker-product fusion with variable selection for
molecular property prediction. Notably, the fusion oper-
ates on the final embedding itself, suggesting that our
approach is not tied to a specific graph encoder but can be
adopted across different backbone architectures. Figure 1
illustrates overall workflow of KROVEX.
The main contributions of our study are as follows:

1. We introduce a novel multimodal fusion framework
that integrates graph embeddings with statistically
selected molecular descriptors through a Kronecker-
product fusion.

2. We provide theoretical justification by interpret-
ing Kronecker-product fusion as a polynomial ker-
nel and establishing generalization guarantees via
Rademacher complexity.

3. We demonstrate the effectiveness and generalizabil-
ity of our model through comprehensive experiments
on benchmark datasets and two self-curated data-
sets, under both the random and scaffold splits.
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Fig. 1 Overall workflow of KROVEX. The model comprises three stages. Stage 1: Structural and Descriptor extraction from SMILES strings

to construct molecular graphs and compute physicochemical descriptors. Stage 2: Multimodal Fusion between graph and descriptor modalities
via Kronecker-product, enabling structured cross-modal interactions. Stage 3: Predictive and Explanatory outputs, where the model delivers
accurate property predictions while providing chemical interpretation through descriptor contributions
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The rest of this paper is organized as follows. “Methodology”
section begins with the preliminaries for the proposed mod-
els and details our methodologies. “Experimental results”
section reports the experimental results and the model’s gen-
eralizability on two self-curated datasets. “Discussion” section
discusses the implications and limitations of our findings.
Finally, “Conclusions” section summarizes the key contribu-
tions of our study and offers concluding remarks.

Methodology

Let d,k € N. For h € R? and z € RX, write the con-
catenation as [h; z] € R?T%, For matrices U, V of the
same size, we denote the Frobenius inner product by
(U, V) :=tr(UTV). Let G = (V,E,X) be a molecular
graph, where V' = {v,'}fi 1 is the set of nodes (atoms) and
e;j = (v;,vj) € Eis an edge (chemical bond) between nodes
vi and vj with |E| = M. X = [x1,X,...,xn]" € RNVD s
the node feature matrix. Let A € {0, 1}V*N be the adja-
cency matrix, where A; = 1 if nodes v; and v; are con-
nected, and A;; = 0 otherwise. A graph convolutional layer
updates node features as follows:

HY — (D24 + DD 2HO WD), 1

where H® is the input node representation at layer
[ with H ©® =X, and D is the degree matrix with
Diizzj(A + D). w® e RPixDit1 js  the learnable

Molecular Graph GCN Layers

Input Molecule

Descriptors

Multimodal Fusion
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weight matrix, and o(-) is an activation function. For
matrices P € R”*" and Q € RP*4, their Kronecker-
product P ® Q € R"P*" is defined as:

puQ -+ p1uQ
P@QE| .
meQ Pan

where pj; is the (i, j)-th element of P. Here, vectorization
vec(-) stacks columns, and for vectors u, v, we use the
identity

T) = veu

vec(uv

Architecture

Figure 2 presents the detailed architecture of KROVEX,
from graph construction to descriptor selection, mul-
timodal fusion, and final prediction. It consists of five
major components: molecular graph representation,
GCN-based embedding extraction, descriptor selection,
multimodal fusion, and prediction. While the input mol-
ecule is first represented as a graph processed through
standard GCN layers to produce a graph embedding hg,
the novelty of our approach lies in (1) statistically guided
descriptor selection and (2) Kronecker-product based
multimodal fusion. This enhanced GCN architecture

Fully Connected Network

Fig. 2 The overall architecture of the proposed model. The model consists of five major components. (1) Molecular Graph Representation

to encode atoms and bonds as a graph. (2) GCN-based Embedding Extraction to yield a graph embedding hg. (3) Descriptor Selection to extract
an informative and parsimonious subset of descriptors z. (4) Multimodal Fusion to integrate the graph embedding hg with descriptors z. (5)
Prediction to yield the final prediction §.ISIS refers to Iterative Sure Independence Screening; EN denotes Elastic Net regularization
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explicitly models second-order feature interactions, lead-
ing to richer molecular representations.

While RDKit offers hundreds of molecular descriptors,
naively including all of them risks overfitting, multicollin-
earity, and unnecessary complexity. We therefore employ
a statistically principled variable selection procedure
(e.g., Iterative Sure Independence Screening and Elastic
Net) to extract an informative and parsimonious subset z,
improving interpretability and efficiency while implicitly
regularizing the subsequent bilinear representation.

To integrate graph embeddings hg with the selected
descriptors z, we construct a Kronecker feature map

#(hg,z) ;= vec(hgz') =z ® hg, (2)

which explicitly models cross-modal interactions. This oper-
ation is theoretically equivalent to a degree-2 polynomial
kernel restricted to cross-modality terms, thereby enhancing
expressiveness while avoiding redundant expansions within a
single modality. The fused representation thus enables richer
modeling of structure—descriptor relationships than sim-
ple concatenation, and it admits norm-based generalization
guarantees via Rademacher complexity bounds. Addition-
ally, because the fusion applies solely to the graph embedding
h and forms multiplicative interactions with the descriptor
z, variations in the underlying message-passing scheme do
not substantially change how the two information sources
are combined.

The fused feature ¢ (hg,z) is then passed into a fully
connected network to yield the final prediction y. Here,
the low-rank effect induced by descriptor selection acts
as a structural regularizer, supporting both accuracy and
generalization.

The algorithmic
Algorithm 1.

workflow is summarized in

Algorithm 1 The specific algorithm for multimodal graph fusion
with descriptor selection through a Kronecker-product

Input: Molecular graph G = (V| E, X)
Initial node embeddings hg,o) — Xy
Selected descriptor vector z

Output: Predicted value g of molecular property

: forle{0,1,...,L—1} do

// Iterative message-passing
m{) « AGGREGATE({hY : v € N'(v)})
h{*" « UPDATE(LY, m{")

end for

he + READOUT({h{"|v € V})

// Kronecker-product fusion

f=z®hg

§ < fully-connected network(f)

return g

-
=
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Descriptor selection
Let Z € RN>P0 be the raw descriptor matrix, where Z; is
the value of the j-th descriptor for the i-th molecule, and
po = 209 is the number of descriptors initially extracted
using RDKit. Prior to selection, Z is preprocessed by
removing descriptors with missing values or near-zero
variance, and is standardized to zero mean and unit
variance.

A two-stage selection procedure is then performed,
combining screening-based and penalty-based methods.

In the first stage, Iterative Sure Independence Screen-
ing (ISIS) [48] is applied to filter out unimportant
descriptors by iterating correlation learning and residual
fitting. This step ensures that relevant descriptors are
retained while reducing the dimensionality from pg to a
smaller p < po. In the second stage, Elastic Net (EN) reg-
ularization [45] is employed to further remove irrelevant
descriptors from the reduced Z € RN*?, EN combines
the strengths of both LASSO (L;) and Ridge (L2) penal-
ties such as sparsity-inducing and multicollinearity-han-
dling. It solves the following optimization problem:

p=argminlly = ZBI> + Al + 20815 (3)

where B € R is the coefficient vector, y € RN is the tar-
get vector, and tuning parameters 41 and /A, are selected
via cross-validation. The L; and Ly penalties are defined
as:

p p
1Bl =D 181 1813="_ B~
j=1 j=1

When Ay > 0, the objective in (3) is strictly convex, yield-
ing a unique minimizer under standard conditions; in
practice this encourages sparsity while mitigating mul-
ticollinearity. By reducing the descriptor space from pg
to k < po, the procedure induces an implicit low-rank
effect on the subsequent bilinear representation. Fur-
ther details are provided in “Multimodal fusion” sec-
tion. Finally, we obtain a selected molecular descriptor
vector z = [z1,...,z] € R, where k < p is the num-
ber of descriptors with non-zero coefficients after EN
regularization.

Multimodal fusion
We construct a molecular graph G from SMILES. The

RN*D is defined, where each

node feature matrix X €
feature vector x; € RP contains basic atomic properties
such as atomic weight, volume, radius, etc. Prior to form-
ing the node feature matrix, these properties were stand-
ardized to zero mean and unit variance. Following Eq. (1),

X is updated through two graph convolutional layers as:
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HD = ReLURXW©)
H® = ReLURHO WD),

where A = [)_% A+ I)D_% is the normalized adjacency
matrix. From the final layer H®, we obtain the graph
embedding hg = [h1,...,h4]" € R4 by averaging all
node representations:

LN
hg = N ;hi» (4)

where h; = Hi(f) denotes the representation of node v; at
the final GCN layer.

To integrate graph embedding (4) with molecular
descriptors z, concatenation can be employed; however,
this fusion fails to explicitly model interactions between
modalities (Proposition 1).

Proposition 1

(Limitation of Concatenation in Expressing Cross-Interac-
tions) Fix S € R¥X and define the bilinear map

fs(hg,z) := (S,hgz" )r = LSz (hg,z) € RY x R-,

Consider the family on the

concatenation,

of all affine maps

g = {g(hg,z)=aThG+sz—|—c},

where a € R%, b € RX, and c e R. If S # 0, then there
is no g€G such that ghg,z) =fs(hg,z) for all
(hg,z) € R? x RX. Equivalently, fs is not representable

by any affine function of the concatenated features unless
S=0.

Proposition 1 shows that simple concatenation cannot
represent bilinear cross-interactions between modali-
ties. Motivated by this limitation, we integrate the graph
embedding with the molecular descriptor through a
Kronecker-product:

f =z®hg e R, (5)

producing a fused representation, which is passed into
the fully connected network to yield the final prediction
9.

This Kronecker-product based approach captures
second-order feature interactions between modalities,
thereby providing a more expressive fusion mechanism
for molecular property prediction. The following lemmas
and theorems establish its theoretical foundation.
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Lemma 1

(Equivalence between Bilinear Forms and Kronecker Fea-
tures) For any W € R¥** and any (hg,z) € R? x RX,

(W,hgz " )p = tr(WThgz")
= hg Wz
= Vec(W)Tvec(thT)

= vec(W) ' (z ® hg).

Hence a linear predictor on the Kronecker feature map (2)
is exactly a bilinear form in (hg, z), with parameter vector
vec(W).

Lemma 1 demonstrates that every bilinear form h Wz
is equivalent to a linear predictor on the Kronecker fea-
ture map (2). This equivalence implies that second-order
interactions between graph embeddings and molecu-
lar descriptors can be modeled within a standard linear
framework, thereby enabling convex optimization and
theoretical analysis while retaining strictly greater rep-
resentational capacity than concatenation. Moreover, the
Kronecker feature map induces a kernel equivalent to the
degree-2 polynomial kernel restricted to cross-modal
interactions (Lemma 2).

Lemma 2

(Equivalence between Kronecker Features and Degree-2
Cross-Polynomial Kernel) Recall the Kronecker feature
map

#(hg,z) ;= vec(hgz') =z ® hg e R,
Then the induced kernel
Ky ((hGy z), (hg, Z’)) = (¢ (hg, z), ¢ (h-,Z))) satisfies

Ky ((hg,2), (hg,2z')) = (hg, hg) (z,2).

Moreover, letting x = [hg; z] € R and x' = [h].; 2]
and denoting the homogeneous degree-2 polynomial ker-
nel by Ky (u, ') = (u' u')?, we have the identity

(hg, hg) (z,2')
- %{I(Q(x, x') — Ky(hg, hy) — Ky(z,7) }

Hence K coincides with the degree-2 polynomial kernel
on the concatenated input restricted to cross-modality
monomials {h;z}, i.e., it excludes within-modality terms

such as hil', and zjz;,.



Jang et al. Journal of Cheminformatics (2026) 18:18 Page 7 of 52

Table 1 Predictive performance comparison of our model versus competing models for FreeSolv datasets, demonstrating the
effectiveness of descriptor selection and Kronecker-product fusion

# of Descriptors' GCN[1] EGCN[16] EGCN [16] with DS? D-MPNN [58] BAN [59] KROVEX (ours)
0 8020+ 0517 - - 1.341 £ 0.086 - -
2.007 £0.050 - - 0.773 +0.021 - -
15186 +2.114 - - 5227 £0.883 - -
2.840+0.186 - - 1.558 +£0.096 - -
1 6.238 = 0.384 - - - -
- 1619 +0.039 - - - -
- 16.030 +3.210 - - - -
- 2.846 +0.287 - - - -
2 6.360 +0.333 - - - -
- 1.745 £ 0.034 - - - -
- 14.580 + 3.436 - - - -
- 2.535+0.271 - - - -
3 5713 £0.360 5070+£0.210 - - 3498 +£0.178
- 1.595 +0.026 1458 +0.032 - - 1.340 £ 0.026
- 14.624 +3.077 11.808 + 2.027 - - 9.277 £1.413
- 2649 +0.279 2.802+0.185 - - 2.527 +0.205
5 - 2002 £0.124 - - 1401 +0.088
- - 1.007 £ 0.023 - - 0.827 £0.023
- - 5544 +£1.109 - - 3.704 £0.501
- - 1714 +£0.144 - - 1490 +0.098
7 - 1.664 + 0.068 - - 1.310+0.073
- - 0.963 +0.020 - - 0.827 +£0.023
- - 39140512 - - 7927 £4.344
- - 1.556+0.103 - - 1637 £0.191
10 - 1.516 £ 0.061 - - 1.230 £ 0.076
- - 0.909 +0.020 - - 0.765 +0.015
- - 2903 +£0.275 - - 4963 +2.027
- - 1.287 £ 0.061 - - 1474 +£0.183
20 - 1.262 +0.076 - - 1.107 + 0.068
- - 0.777 £0.024 - - 0.626 = 0.020
- - 3.280+0.49 - - 2.774 + 0449
- - 1.285 +0.096 - - 1.255+0.132
50 - 1.120 + 0.069 - - 0.973 +£0.072
- - 0.640+0.018 - - 0.597 +£0.014
- - 3.884+0.919 - - 2.606 +0.427
- - 1.292 +0.154 - - 1.141 +0.076
ALL3 - - 1.034+0.133 1.025 + 0.082 -
- - - 0.620 + 0.024 0.599 +0.015 -
- - - 4446 £ 0421 3.246 £ 0458 -
- - - 1481 +0.113 1.126 £ 0.111 -

KROVEX showed consistently strong performance on most metrics

The first two values represent MSE and MAE under the random split, while the last two values represent MSE and MAE under the scaffold split. All experiments were
repeated 15 times, and the results are presented as the means + standard error for each metric. The best and second-best performances for each metric are marked
bold and underlined

" Indicates the number of descriptors integrated into the model
2 Indicates descriptor selection
3 Denotes the complete descriptor set for each model (200 for D-MPNN and 208 for BAN)
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Table 2 Predictive performance comparison of our model versus competing models for ESOL datasets, demonstrating the
effectiveness of descriptor selection and Kronecker-product fusion

# of Descriptors1 GCN[1] EGCN [16] EGCN [16] with DS? D-MPNN [58] BAN [59] KROVEX (ours)
0 3.317 £0.080 - - 0438 +£0.011 - -
1475+0.015 - - 0469 £0.018 - -
5426 +1.019 - - 0.742 £0.032 - -
1.747 £0.112 - - 0.620 +0.017 - -
1 2015+0.077 - - - -
- 1.092 £0.013 - - - -
- 4115+ 1.085 - - - -
- 1.331£0.083 - - - -
2 0.960 + 0.027 - - - _
- 0.774 £ 0.021 - - - -
- 1564 +£0.131 - - - -
- 0.966 + 0.026 - - - -
3 0918 £0.028 0.686 £+ 0.030 - - 0.637£0.019
- 0.761+£0.013 0.607 £+ 0.009 - - 0.590 +£0.012
- 1.512+£0.150 1.085 +£0.168 - - 1.034+£0.111
- 0937 +£0.032 0.733 £0.036 - - 0.745 £ 0.037
5 - 0.606 £ 0.024 - - 0592 £0.024
- - 0.580 + 0.008 - - 0567 £0.012
- - 0.868 + 0.088 - - 0.984 + 0.090
- - 0.702 £ 0.032 - - 0.717 £0.030
7 - 0.554 +£0.012 - - 0492 £0.015
- - 0.536 £ 0.008 - - 0520+£0.010
- - 0.829 £ 0.092 - - 1.148 £ 0.204
- - 0.670 £0.024 - - 0.687 +£0.022
10 - 0569 £ 0.016 - - 0.460 £ 0.011
- - 0.538 £ 0.007 - - 0.498 + 0.006
- - 0.839 £ 0.050 - - 0.964 + 0.090
- - 0.676 £0.022 - - 0.740 £ 0.032
20 - 0470+0.010 - - 0453 +£0.023
- - 0.508 + 0.007 - - 0.484 + 0.007
- - 0.794 + 0.069 - - 0.874 £0.076
- - 0.640 £ 0.023 - - 0.693 £ 0.022
63 - 0477 £0.015 - - 0.423 + 0.022
- - 0479 +0.008 - - 0.469 + 0.013
- - 0.785 £+ 0.068 - - 0.730 + 0.054
- - 0.659 £ 0.022 - - 0.628 £0.019
ALL3 - - 0432 +0.032 0441 +0.010 -
- - - 0479+0.018 0485 + 0.005 -
- - - 0.795+£0.017 0.775 £ 0.053 -
- - - 0.637£0.018 0.651 £0.024 -

KROVEX outperformed competitors with the best predictive performance

The first two values represent MSE and MAE under the random split, while the last two values represent MSE and MAE under the scaffold split. All experiments were
repeated 15 times, and the results are presented as the means + standard error for each metric. The best and second-best performances for each metric are marked
bold and underlined

" Indicates the number of descriptors integrated into the model
2 Indicates descriptor selection
3 Denotes the complete descriptor set for each model (200 for D-MPNN and 208 for BAN.)
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Fig. 3 Scatter plots of true versus predicted values for the two test datasets

Lemma 2 demonstrates that Kronecker-product fusion
can be interpreted as modeling precisely the bilinear
cross-terms between hg and z, while excluding within-
modality quadratic terms. This characterization not only
clarifies the representational advantage over simple con-
catenation but also connects our approach to the classical
polynomial kernel framework, thereby providing a prin-
cipled mathematical foundation for the proposed model.
While Kronecker-product fusion enriches expressive-
ness, model complexity must be controlled. To this end,
we introduce the Rademacher complexity (6) and estab-
lish a Rademacher bound (Theorem 1). We first denote
the Euclidean inner product by (u,v). For W € RAxK,
we write || W and || W ||« for the Frobenius and nuclear
norms, respectively. Given samples {(hg,,z;)}/;
with hg, € R? and z; € R, we assume boundedness
llhg, |l < By and ||z;|| < B, almost surely. Given a function
class F on pairs (hg, z) and a sample S = {(hg;, z;)}/_,, its
empirical Rademacher complexity is

~ 1
Ry (F; S) :=Eq [sup - Zolf(hgl.,zi)} , (6)

fer i

where o; iid. Unif{—1, +1}.

Theorem 1

(Rademacher bound for Frobenius-bounded bilinear
class) Let
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Fai={(hg,z) > (W,hgz")r: [W[r <A}

Then, for any sample S with |hg, || < By, |lz;|| < B,

~ A B, B
R(Fas §) < — ™.
n
Corollary 1
(Generalization via Rademacher complexity) Let

£:Rx Y — [0,1] be L-Lipschitz in its first argument
(e.g, MAEwith L = 1). Forany f € Faand any$ € (0, 1),
with probability at least 1 — § over an i.i.d. sample of size
n,

1 n
Ele(f (he, 2),0)] = ~ ;emhq,zo,yi)
+ 2LR,(Fa: S)

L3 /log(2/8)'
2n

Combining with Theorem 1 yields an O(ABth/ﬁ)
excess-risk term.

Theorem 1 indicates that, despite the enhanced expres-
sive power gained from Kronecker-product fusion, the
associated bilinear hypothesis class retains favorable
generalization properties under Frobenius or nuclear
norm constraints. In other words, the statistical reli-
ability of the model is preserved while achieving richer
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feature interactions. As discussed in “Descriptor selec-
tion” section, the descriptor selection stage effectively
reduces dimensionality from pp to a much smaller
k < po. Although our model does not enforce an explicit
low-rank factorization on the parameter matrix, this
dimensionality reduction restricts the Kronecker-prod-
uct embedding (5) to a lower-dimensional subspace,
implicitly reducing the effective rank of the bilinear
representation h. Wz. This acts as a structural regular-
izer akin to low-rank constraints. To theoretically sup-
port this perspective, Theorem 2 establishes Rademacher
complexity bounds under explicit low-rank or nuclear-
norm constraints on to W. Consider a rank—r factoriza-
tion W = UV with U € R¥", V € RF*, and columns

U=1[u,...,u], V=][vy,...,v,]. The matrix factoriza-
tion satisfies the standard norm inequalities:
IWir < IUIFIVIE )
Wl < SIUIE+1VIE).

The first bound follows from submultiplicativity, since
UV Tle < IUIFIVTI2 < IUIFIVIE.  The  second
bound is the standard factorization characterization
of the trace norm: for any factorization W = UV'T, the
nuclear norm satisfies | W, < 2(|U|% + ||V||%), with
equality attained at an optimal factorization.
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Theorem 2

(Rademacher bounds under low-rank factorization) Sup-
pose W =UVT with |U|lp <A and |V| < B. Then
f(hg,z) = (W,hgz" ) belongs to Fp with A < AB, and
therefore

~ ABB), B,
n < ———.
N

Alternatively, if |W |« < t, then with the nuclear-norm

ball F; := {(hg,z) = (W,hgz ) : | W], < 7},

TBhBZ

Nz

Consequently, Theorem 2 bridges the gap between
practical dimensionality reduction and explicit low-rank
factorization, ensuring both generalization reliability and
computational efficiency. The proofs of all the above are
provided in “Appendix A”

Here, we present the computational complexity of our
model. Let N be the number of nodes in a molecular
graph, D the hidden feature dimension, po the number
of input descriptors, d the dimension of graph embed-
ding, and / the hidden width of the descriptor encoder.
A standard GCN with L-layer graph encoder requires
time complexity of O(L(|E|D + ND?)) [52], and the
descriptor encoder (a lightweight MLP) has a cost of
O(poh). Since the fusion module activates only a statis-
tically selected subset of k < po descriptor dimensions,
it incurs a compact interaction with O(dk), which is

é\{n(-rr; S) <
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Fig. 4 Scatter plots of fitted and predicted vapor pressure values for the training and test datasets



Jang et al. Journal of Cheminformatics (2026) 18:18

effectively linear in the descriptor dimension when & is
small. The overall time complexity therefore becomes
Otime = O(L(E|D 4+ ND?) + poh + dk). We next ana-
lyze the space complexity. The space complexity of
GCN training algorithms with an L-layer is known as
O(L(ND + D?)) [52]. The descriptor encoder (a light-
weight MLP) requires O(poh) parameters. The fusion
stores only a dk-dimensional representation, i.e., O(dk)
with k < po. Consequently, the total space complexity
becomes Ospgee = O (L(ND + D?) + poh + dk), which
remains dominated by the underlying GCN encoder.

Experimental results

Four datasets were used in the experiments: two pub-
licly available molecular datasets and two self-curated
datasets. The details of these datasets are provided
in “Physical chemistry properties—Physicochemical
properties(solubility)” sections. To rigorously evaluate
model performance, both the random data split and scaf-
fold split were employed. Compared to random split,
scaffold split partitions the data based on molecular scaf-
fold structures, providing more challenges for predic-
tion. Under both split settings, five-fold cross validation
with two loss functions—mean squared error (MSE) and
mean absolute error (MAE)—was employed. Each model
was trained for 300 epochs per fold, and the average MSE
and MAE were used as evaluation metrics. To ensure sta-
tistical significance of the results, all experiments were
repeated 15 times and the mean and standard error of
each metric were reported. In addition to the GCN back-
bone, we also conducted supplementary experiments
with GAT [53] and GIN [54] backbone to assess whether
our method retain its performance advantages across dif-
ferent encoder architectures. All experiments were con-
ducted on a desktop with an Intel Core i7 CPU, 32GB
RAM, and a GeForce RTX 4060Ti GPU. The following
Python libraries and frameworks were used: ISIS [50] for
variable screening, DGL for graph modeling, RDKit [39]
for molecular structure processing, and mendeleev for
element property retrieval.

Physical chemistry properties

Molecular machine learning tasks can be categorized
according to molecular property [55], and in this study
we used two representative datasets that fall under the
category of physical chemistry tasks. The first dataset,
FreeSolv (Free Solvation) [56], contains computational
and experimental hydration free energies for 642 neu-
tral molecules in water. The computational values are
derived from alchemical free energy using molecular
dynamics simulations; however, we consider only the

Page 11 of 52

experimentally obtained hydration free energies. The sec-
ond dataset, ESOL (Estimated SOLubility) [57], contains
water solubility data for 2,874 compounds. In this study,
we used 1,128 compounds curated for machine learning
tasks by Wu et al. [55].

The target values of the two datasets—hydration free
energy (FreeSolv) and aqueous solubility (ESOL)—
exhibit approximately normal-like distributions (see
Appendix Fig. 6). To explore the relationship between
molecular descriptors and target properties, we divided
the target values into three tertiles (low, mid, and high).
A total of 209 molecular descriptors were initially cal-
culated, of which 177 and 183 were retained for the two
datasets, respectively (see “Descriptor selection” sec-
tion on preprocessing), and subsequently reduced to two
principal components via Principal Component Analysis
(PCA). Appendix Fig. 9 shows three natural clusters, cor-
responding to the low, mid, and high target groups. This
implies that molecular descriptors can be useful in pre-
dicting target properties. The summary statistics of 209
descriptors are provided in Appendix Tables 16 and 17.

To validate the effect of the proposed method, we per-
formed the following ablation experiments. First, we
evaluated the effect of descriptor selection by gradu-
ally integrating the selected descriptors into the model.
Before integration, the descriptors were sorted in
descending order of the absolute values of their regres-
sion coefficients. Second, we compared two fusion
strategies—concatenation and Kronecker-product—to
examine how different integration methods affect predic-
tive performance. These ablation experiments allowed us
to validate effect of descriptor selection and Kronecker-
product fusion. For comparative evaluation, we included
the following baseline models in our experiments:
GCN [1], and fusion-based models such as EGCN [16],
D-MPNN [58], and BAN [59]. Tables 1 and 2 summarizes
the results. GCN always underperformed compared to
a model that integrates at least one descriptor through
concatenation. This indicates that molecular descrip-
tors provide useful information for molecular property
prediction.

Examining the effect of descriptor selection, we found
that concatenating the top three descriptors with graph
embedding generally outperformed the EGCN base-
line that concatenates three predefined descriptors. For
example, on FreeSolv under random split settings, the
selected descriptors achieved an MSE of 5.070, com-
pared to 5.713 for EGCN (Table 1). This provides clear
evidence of the effect of descriptor selection, generating
enhanced graph representations. Moreover, performance
was consistently improved as the number of descriptors
increased. Although an exception was observed under
the scaffold split, this result does not alter the overall
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trend. These findings indicate that descriptor selection
effectively guides the model to identify the most informa-
tive features, thereby enriching graph representations
and promoting convergence toward lower prediction
error.

Next, we examined the effect of Kronecker-product.
Compared to concatenation, integrating the top three
descriptors via Kronecker-product consistently outper-
formed EGCN. For example, on FreeSolv under random
split, our model achieved an MSE of 3.498, compared to
5.713 for EGCN. Moreover, when using the same descrip-
tors, the Kronecker-product significantly outperformed
concatenation in most settings. On ESOL, although con-
catenation performed better under scaffold split, Kro-
necker-product fusion achieved the best performance
when all selected descriptors were integrated. Except
for this case, our findings consistently support that Kro-
necker-product fusion provides superior performance,
suggesting its effectiveness in modeling second-order
interactions between descriptors and graph embeddings.

To further benchmark against other fusion strategies,
we compared our model with BAN [59]. Although BAN
achieved performance comparable to ours, it required
substantially higher computational costs. The average
training time per epoch was 0.80 s/epoch for BAN, versus
0.66 s/epoch for ours. Furthermore, because BAN applies
bilinear attention over all descriptor without selection, it
consumed markedly more GPU memory (1.17 MB) than
our model (0.32 MB).

Consequently, integrating all automatically selected
descriptors—50 from FreeSolv and 63 from ESOL—
through a Kronecker-product achieved the lowest pre-
diction errors (with minor exceptions). Figure 3 displays
the predicted values for the test sets, where 20% of the
data were randomly allocated for testing. The coefficient
of determination (R?) reached approximately 0.92 for
FreeSolv and 0.91 for ESOL.

To elucidate the physicochemical rationale behind
descriptor selection, we conducted Shapley Additive
exPlanations (SHAP) analysis for both concatenation
and Kronecker-product fusion, revealing that statisti-
cally selected descriptors align with established chemical
principles. Here, percentages in parentheses indicate the
contribution of each descriptor within the selected set
(Appendix Table 13). For FreeSolv (Fig. 13b), SlogP_VSA2
dominates (13.15%), capturing the hydrophobic effect
central to solvation thermodynamics. Hydrogen bond-
ing descriptors NHOHCount (12.40%) and NumHDonors
(6.40%) rank highly, reflecting enthalpic contributions
from water-solute interactions. This hierarchy matches
Abraham’s solvation parameters, confirming mechanis-
tic learning. Concatenation (Fig. 13a) shows dispersed,
less interpretable patterns. For ESOL (Fig. 13d), MolLogP
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leads (14.57%), consistent with Yalkowsky’s General Solu-
bility Equation where lipophilicity inversely correlates
with solubility. MaxEStatelndex and FpDensityMorgan2
capture electronic and structural complexity effects
on crystal packing. The concentrated SHAP distribu-
tions indicate decisive feature utilization, contrasting
with concatenation’s uncertain patterns (Fig. 13c). These
SHAP analysis highlights the interpretability benefits of
Kronecker-product fusion and its superiority over con-
catenation in capturing chemically grounded structure—
property interactions.

We additionally conducted experiments using GAT and
GIN as alternative backbones. The corresponding results
are provided in the “Appendix C’, which show consistent
gains over the baseline models.

Physicochemical properties (vapor pressure)

We further conducted experiments on a self-curated gas
dataset consisting of 3152 compounds represented as
SMILES strings. This dataset was compiled from diverse
sources including in-house experiments, public data-
bases, and published literature. The target property was
the log-transformed vapor pressure.

Vapor pressure is a critical physicochemical property,
as it reflects volatility and toxicity, the potential risk of
airborne dispersion, and its relevance to environmental
regulation. Despite its importance, vapor pressure has
rarely been explored in complicated deep learning. In this
study, we provide a systematic analysis of vapor pressure
using multimodal graph fusion with descriptor selection.

The distribution of vapor pressure values is shown in
Appendix Fig. 7a. It is slightly left-skewed, indicating that
the mean is smaller than the median due to a few low val-
ues. Examination of the boxplot revealed 20 data points
lying beyond the whiskers, corresponding to potential
outliers. Based on the interquartile range, these outli-
ers were removed, resulting in a final dataset of 3,132
compounds (Appendix Fig. 8). A total of 209 descrip-
tors were initially calculated from SMILES, of which 190
were retained for exploratory analysis prior to descriptor
selection (see “Descriptor selection” section).

To assess whether molecular descriptors provide
meaningful information for predicting vapor pressure,
we applied PCA to the 190 preprocessed descriptors.
This dimensionality reduction preserved most of the
variance in the first few principal components. The
vapor pressure values were divided into three tertiles
(low, mid, and high) and these labels were assigned to
the PCA-reduced descriptors. As shown in Appendix
Fig. 10, three distinct clusters emerged, indicating that
the molecular descriptors contain informative features
related to vapor pressure. Subsequently, 23 descrip-
tors were selected through the descriptor selection
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Fig. 5 Scatter plots of fitted and predicted solubility values for the training and test datasets

procedure. The correlation heatmap of these descrip-
tors is displayed in Appendix Fig. 11, where blue
indicates positive correlations and red indicates nega-
tive correlations. For instance, NumAromaticRings is
strongly positively correlated with BertzCT (r = 0.84)
and strongly negatively correlated with HallKierAl-
pha (r = —0.65). Summary statistics of the initial 209
descriptors are provided in Appendix Table 18.

Following the ablation experiments as described in
“Physical chemistry properties” section, we numeri-
cally validate the effects of descriptor selection and the
Kronecker-product fusion. These ablation experiments
further support the validity of our method and estab-
lish its generalizability. The results are summarized in
Table 3. As expected, GCN exhibited the lowest perfor-
mance (MSE = 6.668 under random split), in contrast,
integrating even a single descriptor into GCN signifi-
cantly improved performance (MSE = 4.378), suggest-
ing that chemically informative descriptors provide
more substantial gains in representation learning than
message-passing mechanisms alone.

To evaluate the effect of descriptor selection, we con-
catenated the top three statistically selected descrip-
tors with graph embeddings. This yielded a marked
improvement over EGCN baseline. For example, the
model with selected descriptors achieved an MSE of
1.192 compared to 1.464 for EGCN. These findings
demonstrate that statistical descriptor selection is more
effective than manual selection in terms of predictive
accuracy and representation learning. Furthermore,
as the number of integrated descriptors increased,

predictive performance improved steadily. This indi-
cates that statistically guided descriptor selection pro-
motes convergence to an optimal solution, thereby
enhancing both efficiency and interpretability.

We next examined the effect of Kronecker-product
fusion. When integrating the top three descriptors, our
model achieved an MSE of 1.079, outperforming the base-
line value of 1.464. Under identical descriptor settings,
Kronecker-product fusion consistently outperformed
concatenation. Moreover, as the number of descriptors
increased, Kronecker-product fusion provided faster and
more stable performance gains, underscoring its supe-
rior ability to capture cross-modal interactions between
descriptors and graph embeddings. Integrating all 23
selected descriptors via the Kronecker-product yielded
the lowest prediction error, with an MSE of 0.444 com-
pared to 1.464 for EGCN. Although BAN achieved a
lower MAE of 0.484 under random split, this minor gain
comes at the cost of higher training time and memory
usage. This result validates the effectiveness and effi-
ciency of combining descriptor selection with Kronecker
fusion for complex molecular property prediction.

Figure 4 presents predicted versus true values for both
training and test sets, with 20% of the data randomly
allocated for testing. While test set predictions were
more dispersed around the identity line than those of the
training set, no overfitting was observed. The R? reached
approximately 0.98 for the training set and 0.95 for the
test set.

To clarify the chemical factors contributing to vapor
pressure predictions, we conducted SHAP analysis
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Table 3 Predictive performance comparison of our model versus competing models for the self-curated vapor pressure datasets,
demonstrating the effectiveness of descriptor selection and Kronecker-product fusion

# of Descriptors' GCN[1] EGCN [16] EGCN [16] with DS? D-MPNN [58] BAN [59] KROVEX (ours)
0 6.668 +0.142 - - 0.566 + 0.031 - -
1.966 + 0.022 - - 0.537 +0.007 - -
10.680 + 0.972 - - 0.992 + 0,032 - -
2639 +0.150 - - 0720+ 0016 - -
1 4378+0.116 - - - -
- 1.541 +0.021 - - - -
- 5569 + 0435 - - - -
- 1.801 +0.073 - - - -
2 1.653 +0.047 - - - _
- 0.955 +0.012 - - - -
- 1.994 +0.105 - - - -
- 1.060 + 0.027 - - - -
3 1464 + 0034 1192 + 0,026 - - 1.079 +0.032
- 0.879 + 0.008 0.814 +0.008 - - 0.782+ 0010
- 1.781 + 0088 1621 + 0.066 - - 1.769 +0.167
- 1.002 + 0021 0.988 + 0.027 - - 1.000 + 0.025
5 - 0.946 + 0.027 - - 0818+0017
- - 0.710 + 0.007 - - 0678 +0.008
- - 1247 +0.055 - - 1.139+0.145
- - 0.825 +0.021 - - 0.887 + 0,044
7 - 0858+ 0017 - - 0657 +0.016
- - 0687 + 0.007 - - 0.593 + 0.009
- - 1232 +0.096 - - 1201 +0.162
- - 0.792 +0.015 - - 0.812 +0.041
10 - 0.700 +0.014 - - 0528 +0.011
- - 0.613 +0.007 - - 0.540 + 0.006
- - 1.130 = 0084 - - 0924 +0.103
- - 0.753 +0.020 - - 0.753 +0.047
20 - 0.598 +0.015 - - 0447 + 0009
- - 0.563 + 0.006 - - 0497 + 0.006
- - 0.793 +0.042 - - 0.789 +0.057
- - 0669 +0018 - - 0.699 + 0.030
23 - 0.592 + 0019 - - 0.444 + 0.009
- - 0.560 + 0.008 - - 0491 + 0006
- - 0.762 +0.032 - - 0.770 + 0053
- - 0658 + 0015 - - 0.621 + 0.037
ALL® - - 0.538 +0.022 0486 + 0.022 -
- - - 0.503 + 0.007 0.484 + 0.007 -
- - - 0.963 +0.033 0.879 + 0.046 -
- - - 0.737 £0014 0682 +0.021 -

ROVEX showed consistently strong performance on most metrics

The first two values represent MSE and MAE under the random split, while the last two values represent MSE and MAE under the scaffold split. All experiments were
repeated 15 times, and the results are presented as the means + standard error for each metric. The best and second-best performances for each metric are marked
bold and underlined

" Indicates the number of descriptors integrated into the model
2 Indicates Descriptor Selection
3 Denotes the complete descriptor set for each model (200 for D-MPNN and 196 for BAN.)
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Table 4 Predictive performance comparison of our model versus competing models for the self-curated solubility datasets,
demonstrating the effectiveness of descriptor selection and Kronecker-product fusion

# of Descriptors' GCN[1] EGCN[16] EGCN [16] with DS? D-MPNN [58] BAN [59] KROVEX (ours)
0 3.018 £0.049 - - 0.597 +0.024 - -
1348 £0.010 - - 0.578 + 0.006 - -
33700173 - - 0.672+0.016 - -
1437 £0.033 - - 0.650+0.011 - -
1 2.263 £0.036 - - - -
- 1.128 £ 0.006 - - - -
- 2.504 £ 0.099 - - - -
- 1.206 +0.022 - - - -
2 1321 £0.018 - - - _
- 0.874 £ 0.007 - - - -
- 1.536 +£0.055 - - - -
- 0.934+£0.014 - - - -
3 1.263+0.018 1.086 +0.019 - - 1.052 £ 0.021
- 0.852 +0.006 0.771 £ 0.007 - - 0.720 + 0.008
- 1499 +0.054 1.261 £0.045 - - 1.256 +0.042
- 0.924 +0.011 0.841 +£0.010 - - 0.818+0.013
5 - 1.132+0.030 - - 0911 +0.027
- - 0.769 £ 0.009 - - 0.697 £0.012
- - 1.313+£0.055 - - 1.201 £ 0.045
- - 0.830+0.011 - - 0.811+0.012
7 - 1.054 +0.020 - - 0.785+0.023
- - 0.743 £ 0.007 - - 0.624 + 0.006
- - 1.216 £ 0.038 - - 1.152+0.073
- - 0.810+0.012 - - 0.746 + 0.009
10 - 0.958 +£0.020 - - 0.676 = 0.020
- - 0.722 +0.006 - - 0.590 + 0.005
- - 1.123 +£0.030 - - 0.974 +0.045
- - 0.772 £0.009 - - 0.712 £ 0.011
20 - 0.751 £ 0.021 - - 0463 +0.014
- - 0.601 +0.005 - - 0.446 + 0.004
- - 0.968 +0.107 - - 0.670 +0.029
- - 0.670+0.013 - - 0.566 + 0.008
30 - 0.756 + 0.002 - - 0.448 £0.015
- - 0.585 = 0.006 - - 0.441 +0.004
- - 0.902 +0.045 - - 0.666 +0.031
- - 0.651 +0.007 - - 0.573 +£0.010
ALL® - - 0.586 +0.025 0.509 £0.014 -
- - - 0.529 + 0.005 0.511 +0.002 -
- - - 0.680 = 0.014 0.693 £0.019 -
- - - 0.593 +£0.007 0.624 £ 0.008 -

ROVEX outperformed competitors with the best predictive performance

The first two values represent MSE and MAE under the random split, while the last two values represent MSE and MAE under the scaffold split. All experiments were
repeated 15 times, and the results are presented as the means + standard error for each metric. The best and second-best performances for each metric are marked
bold and underlined

" Indicates the number of descriptors integrated into the model
2 Indicates descriptor selection
3 Denotes the complete descriptor set for each model (200 for D-MPNN and 196 for BAN)
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for both concatenation and Kronecker-product fusion
(Fig. 14a, b and Appendix Table 14). TPSA dominates
(11.84%) as polar surface area determines intermolecu-
lar forces governing volatility. Mo/MR (10.44%) captures
size-polarizability effects, while Kappal (9.37%) reflects
branching’s impact on molecular contact. The model cor-
rectly identifies fr_halogen’s competing effects on volatil-
ity. In contrast, concatenation (Fig. 14a) fails to prioritize
these chemically relevant features. These results confirm
that Kronecker fusion not only improves predictive accu-
racy but also captures chemically grounded structure—
property relationships that simple concatenation fails to
reveal.

We further evaluated our model using GAT and GIN
as alternative backbones. Tables 7 and 11 summarize the
results, showing consistent improvements over the base-
line models.

Physicochemical properties (solubility)

We evaluated our model on a self-curated aqueous sol-
ubility dataset consisting of 8,789 compounds repre-
sented as SMILES strings. This dataset was constructed
from public sources and curated laboratory reports, and
includes solubility measurements not present in ESOL.
The purpose of this experiment was to evaluate whether
the performance gains observed in ESOL extend to struc-
turally and chemically diverse solubility regimes.

The experimental procedure, including descriptor
selection, model training, and evaluation was identical
to that used for other datasets. Consistent with the other
datasets, our model achieved strong predictive perfor-
mance on solubility. Table 4 summarizes the predictive
performance, and the Fig. 5 shows predicted versus true
values for both training and test sets, with 20% of the
data randomly allocated for testing. The model achieved
an R? of approximately 0.97 on the training and 0.90 on
the test set.

The comprehensive SHAP analysis was conducted to
validate the chemical relevance (Fig. 14c, d, and Appen-
dix Table 14). Like the other prediction model and SHAP
analysis results, the solubility dataset shows similar pat-
terns where Kronecker fusion identifies chemically intui-
tive descriptors. MolMR (12.64%) captures molecular
volume and polarizability crucial for solvation cavity for-
mation. PEOE_VSA7 (9.96%) quantifies charge-weighted
surface area for electrostatic interactions, while fr_halo-
gen (7.75%) captures halogen-specific effects. These
selections comprehensively cover the hydrophobic-
hydrophilic balance fundamental to dissolution.

Across all datasets, the SHAP analysis demonstrates
Kronecker fusion’s advantages: chemical selectivity over
mathematical abstractions, concentrated contribution
patterns indicating confident predictions, and explicit
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multiplicative interaction modeling through /;z; terms.
These interactions capture context-dependent effects
fundamental to chemistry—how a hydroxyl group’s
contribution varies with molecular size—which concat-
enation cannot model. The descriptor selections validate
against established models (COSMO-RS, Delaney’s equa-
tion, EPA’s SPARC), demonstrating that KROVEX learns
genuine structure—property relationships suitable for
mechanistic understanding.

We additionally conducted experiments using GAT
and GIN as alternative backbones. The corresponding
results are provided in the Appendix Tables 8 and 12,
where the findings were consistent with those from the
other datasets.

Discussion

This study demonstrates that statistically guided descrip-
tor selection combined with Kronecker-product fusion
yields consistent and substantial improvements in
molecular property prediction across physicochemical
benchmarks (FreeSolv, ESOL), a safety-critical vapor-
pressure, and a self-curated solubility dataset (Tables 1, 2,
3, 4, Figs. 3, 4, 5). Two findings are most notable. First,
integrating even a small number of statistically selected
descriptors significantly outperforms message-passing—
only baselines, showing that curated physicochemical
attributes complement structural features captured by
GCN. Second, as the number of descriptors increases,
Kronecker-product fusion consistently surpasses simple
concatenation, highlighting the importance of explicitly
modeling cross-modal interactions rather than relying
on feature accumulation. Beyond predictive gains, these
findings have methodological implications for multi-
modal learning in cheminformatics. While concatenation
remains the most common fusion strategy, our results
indicate that explicitly modeling second-order interac-
tions in a capacity-controlled manner can improve both
accuracy and interpretability. For applications where
safety, regulation, and scientific insight are critical, this
structured approach is preferable to opaque feature
expansions or very deep networks.

The ablation results, together with the analysis in
“Multimodal fusion” section, clarify the effectiveness
of KROVEX. The ISIS—Elastic Net pipeline identifies a
compact, informative subset of descriptors while sup-
pressing redundancy and multicollinearity. Empirically,
performance improves monotonically (with minor fluc-
tuations) as additional selected descriptors are intro-
duced, and selected triplets already surpass prior fixed
choices. Methodologically, shrinking from po = 209 to
k < po induces an implicit low-rank effect on the subse-
quent bilinear layer, providing structural regularization
without explicitly constraining rank [51]. Concatenation
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cannot express multiplicative cross-modal interactions
with an affine head (Proposition 1), whereas Kronecker
features implement precisely those bilinear terms
(Lemma 1). Equivalently, KROVEX realizes a degree-2
cross-polynomial kernel on [hg; z] that excludes within-
modality quadratics (Lemma 2). This exclusion focuses
model capacity on chemically plausible interactions
(e.g., how a structural motif’s effect is modulated by
polarity or surface area) and avoids unnecessary quad-
ratic self-expansions that inflate variance. The bilinear
hypothesis class admits O(ABj,B;/+/n) Rademacher
bounds under Frobenius or nuclear-norm constraints
(Theorems 1, 2), explaining why the added expressive-
ness of Kronecker fusion does not yield overfitting in
our experiments. In practice, descriptor selection further
reduces the effective dimension of the Kronecker space
(dk), complementing norm-based regularization to sta-
bilize training. KROVEX preserves a direct mapping
from selected descriptors to interaction terms /;z;, ena-
bling post hoc attribution that is more transparent than
deep, purely learned stacks. Two levels of interpretation
arise naturally: (1) main-effect contributions of individ-
ual descriptors (e.g., topological polar surface area, aro-
matic proportion) and (2) interaction contributions via
prominent /;z; terms, which reveal where in the learned
structural subspace a descriptor is most influential. For
safety-relevant endpoints such as vapor pressure, such
structured interpretability facilitates model auditing and
hypothesis generation (e.g., identifying structural regions
where volatility is especially sensitive to polarity or size).
FreeSolv and ESOL are the most widely adopted
benchmarks in molecular property prediction. Wu
et al. [55]'s MoleculeNet systematically compared graph
neural networks (GCN, GAT, etc.) on these datasets,
emphasizing the necessity of descriptor supplementa-
tion. Subsequently, Na et al. [16] reported performance
improvements over baselines by simply concatenating a
few predefined descriptors, though this approach failed
to adequately capture descriptor diversity and graph
interactions. These pioneering studies established Free-
Solv and ESOL as internationally recognized evaluation
standards while demonstrating that descriptor utiliza-
tion is crucial for model improvement. Recently, various
approaches including KA-GNN [60], Graph Structure
Learning-based models [61], and quantized GNN [62]
have achieved performance improvements on FreeSolv
and ESOL. However, these methods often rely on indis-
criminate descriptor usage or simple concatenation strat-
egies. To overcome these limitations, KROVEX selects
statistically significant descriptors and models second-
order descriptor-graph embedding interactions through a
Kronecker-product fusion. As a result, KROVEX reduced
the baseline MSE from 5.713 to 0.973 on FreeSolv and
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from 0.918 to 0.423 on ESOL, substantially outperform-
ing existing methods. This demonstrates that KROVEX
provides superior generalization performance and inter-
pretability compared to simple concatenation.

Vapor pressure is a critical property for understand-
ing volatile hazardous gas behavior and is essential for
environmental regulation and process safety design. Tra-
ditional approaches have relied on physicochemical mod-
els like the Antoine equation or COSMO-RS, as well as
QSPR-based regression. However, these methods suffer
from high computational costs or arbitrary descriptor
selection, limiting their generalization performance for
large-scale compound prediction. To address these chal-
lenges, recent deep learning models such as GRAPPA
[63], GC2NN [64], D-MPNN [65], and Super Learner
Ensembles [66] have been proposed, reporting improved
performance. Unlike these approaches, KROVEX selects
only statistically significant descriptors and explicitly
learns second-order interactions between descriptors
and graph embeddings through a Kronecker-product
fusion. Consequently, on our self-curated gas dataset,
KROVEX achieved a significant reduction in prediction
error (MSE = 0.444) compared to baseline GCN/EGCN,
surpassing simple physical models and conventional
QSPR approaches. The exceptional R? of 0.95 achieved on
the test set surpasses typical QSPR models for this prop-
erty. This performance gain likely stems from KROVEX’s
ability to model multiplicative interactions between
structural features and global descriptors—precisely the
type of relationships that govern phase transitions. This
demonstrates that KROVEX provides a novel methodol-
ogy that simultaneously achieves generalization capabil-
ity and interpretability for vapor pressure prediction.

To situate our findings relative to existing graph-—
descriptor fusion methods, we compared KROVEX with
Chemprop (D-MPNN), and Bilinear Attention. Across
four datasets, KROVEX consistently achieved lower
prediction errors under both random and scaffold splits
(with minor exception). ESOL was the only dataset for
which the two models (ours, and Chemprop) exhibited
similar performance. This is consistent with previous
studies indicating that ESOL is a small-scale dataset with
low noise and limited structural diversity, often leading
to comparable results across different molecular mod-
els. Notably, while Chemprop adopts a descriptor-fusion
strategy, our experiments indicate that such indiscrimi-
nate descriptor usage does not lead to significant per-
formance gains and may unnecessarily complicate the
model. These observations suggest that the proposed
sparsity-aware descriptor selection and Kronecker-
product fusion provide performance gains beyond those
obtained through conventional descriptor-concatenation
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architectures. The comparison results are provided in
Appendix Table 15.

Bilinear Attention—a widely used and powerful fea-
ture-interaction mechanism in multimodal learning—
requires a learned d x po projection matrix or multiple
attention heads, resulting in a computational complexity
on the order of O(dpg) (or O((d + po)r) for low-rank-
factorizations with » <« min(d, pp)). While BAN achieved
performance comparable to ours, this came at the cost
of higher training time and memory usage, underscoring
computational efficiency of KROVEX.

To validate that these gains do not depend on a par-
ticular graph encoder, we carried out additional experi-
ments using two commonly used GNN encoders: GAT,
GIN. The results showed that KROVEX maintains its
performance advantage across all these backbones, with
consistent gains over all baseline models (Tables 5, 6, 7,
8,9, 10, 11, 12). This is largely due to how the Kronecker-
product fusion layer operates. The fusion is applied to
the final graph embedding hg produced by the encoder
and forms multiplicative interactions /;z; between graph-
derived features and molecular descriptors. Since this
computation depends mainly on the embedding itself,
differences in the underlying message-passing scheme
(linear aggregation, attention weighting, or WL-based
aggregation) do not substantially change how the two
information sources are combined.

In light of these results, the consistent performance gains
across four datasets suggest that KROVEX generalizes to
tasks where targets reflect both local structural patterns and
global physicochemical attributes. The stable behavior across
GNN encoders further indicates that the multiplicative inter-
action modeling captures relevant structure—property rela-
tions regardless of the chosen backbone.

For practitioners, we recommend: (1) starting from a
broad, standardized descriptor pool; (2) applying ISIS for
initial screening and Elastic Net for refinement; (3) using
Kronecker fusion with Frobenius or nuclear-norm regu-
larization while monitoring dk; and (4) auditing learned /4;z;
terms to generate mechanistic insights and detect spurious
associations.

Despite its strong empirical performance, KROVEX has
several concrete limitations. First, the evaluation was con-
ducted on four datasets, primarily covering small- and
medium-scale molecular prediction tasks; broader valida-
tion on larger and more chemically diverse benchmarks is
needed to fully assess generalizability. Second, the frame-
work currently relies solely on 2D molecular descriptors,
without incorporating 3D conformational or quantum-
chemical information, which may limit predictive fidelity
for stereochemically sensitive or highly flexible molecules.
Third, although KROVEX performs well under scaffold
splits, the present modeling strategy does not explicitly
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encode structural or conformational constraints, suggesting
that more chemically informed or geometry-aware exten-
sions could provide additional robustness. Fourth, descrip-
tor selection is performed as an external preprocessing step
rather than being jointly optimized with the GNN encoder,
limiting the benefits of fully end-to-end multimodal learn-
ing. Finally, while the Kronecker fusion module is more
parameter-efficient than standard bilinear mechanisms, it
still increases embedding dimensionality and may introduce
computational overhead when applied to very large descrip-
tor spaces.

To address these limitations, several directions for future
work are envisioned. Integrating descriptor selection into an
end-to-end training pipeline would allow feature relevance
to be optimized jointly with the graph encoder, mitigat-
ing the disconnect introduced by external preprocessing.
Exploring higher-order fusion architectures with explicit
rank constraints may counteract the dimensional growth
inherent to Kronecker embeddings while preserving expres-
sive interactions. In parallel, incorporating uncertainty
quantification will be essential for safety-critical molecular
applications, particularly where increased feature dimen-
sionality may exacerbate reliability issues. From a chemical
modeling perspective, extending the framework from 2D to
conformer-aware or quantum-informed descriptors would
better capture structure-dependent properties, and evalu-
ating KROVEX on larger, more diverse datasets—including
multi-condition prediction tasks—would provide stronger
evidence of robustness under realistic deployment scenarios.
Collectively, these extensions would broaden the scope of
KROVEX while preserving its core strengths in interpret-
ability and theoretical grounding, reinforcing the principle
that statistically guided parsimony combined with struc-
tured multimodal fusion offers a compelling alternative to
conventional concatenation strategies in molecular machine
learning.

Conclusions

This study presented a novel multimodal fusion framework
for molecular property prediction that integrates graph
embeddings with molecular descriptors via a Kronecker-
product. The framework combines statistically guided
descriptor selection with Kronecker-product-based multi-
modal fusion, providing both interpretability and enhanced
representational capacity. Across benchmark datasets and
self-curated datasets, KROVEX consistently outperformed
baseline models, attaining an R? of approximately 0.95 on
the vapor-pressure prediction test set, demonstrating strong
performance for this safety-critical property. Ablation studies
confirmed that statistically guided descriptor selection yields
more informative features than predefined descriptors, and
that Kronecker-product fusion offers greater improvements
than simple concatenation. From both optimization and
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theoretical perspectives, Rademacher-complexity bounds
demonstrate that enhanced representational capacity can
be achieved without uncontrolled model complexity; fur-
thermore, descriptor selection induces an implicit low-rank
effect that confines the Kronecker embedding to a tractable
subspace. In addition, empirical evaluations across multiple
GNN backbones—including GCN, GAT, and GIN-show
that KROVEX maintains consistent performance gains,
indicating that the proposed fusion mechanism is robust to
architectural variations in graph encoders. Compared with
bilinear fusion techniques, KROVEX achieves similar or
superior predictive accuracy while avoiding the parameter
growth and overfitting tendencies inherent to high-dimen-
sional bilinear operations. These findings highlight the prac-
tical advantages of Kronecker-based fusion, particularly in
data-limited molecular learning settings.

While the current implementation relies on 2D molecular
descriptors and independent feature-selection stages, which
may limit its applicability to conformationally flexible mole-
cules, these design choices balance interpretability with com-
putational efficiency. KROVEX thus provides a theoretically
grounded and practically effective framework that delivers
improved predictive performance while retaining interpret-
ability, offering a promising avenue for molecular property
prediction in cheminformatics and a foundation for future
extensions to broader multimodal learning tasks in chemis-
try and materials science.

Appendix A: Proofs
This section contains the proofs for all propositions, lem-
mas, and theorems stated in the main text.

A.1: Proposition 1

Proof

Suppose, toward a contradiction, that there exist a,b,c
witha'hg+b'z+c¢= thzfor all (hg,z). Fix indices
ief{l,....dland je(1,... ,k}and sethg =te; z =se
for arbitrary s,t € R (where {e;} are standard basis vec-
tors). Then

ait + bjs +c = S;ts foralls,t € R.

Setting s = 0 gives a;t + ¢ =0 for all ¢, so a; =0 and
¢ = 0. Setting £ = 0 then yields bjs = 0 for all s, hence
bj =0. With a; = bj =c =0, the identity reduces to
0 = Sjj ts for all 5, ¢, implying S;; = 0. Since (i, j) were arbi-
trary, S = 0, contradicting the assumption. Therefore no
such g exists when S # 0. g
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A.2:Lemma 1

Proof

The equalities (W, hgz ) = tr(W Thgz") = th z fol-

low from properties of the trace and Frobenius inner prod-

uct. The identity vec(hgz') = z ® hg is standard, and

(A, B)r = vec(A) "vec(B) yields the remaining equalities.
O

A.3:Lemma 2
Recall the identity vec(uv') = v®u, and the Kro-
necker-product property (a ® b)T(c®d) = (a,c) (b,d).

Proof

By ¢ (hg,z) = z ® hg and the basic Kronecker identity,

(¢(hG,2),¢(hG,2)) = (2@ he) " (' @ hpy)
= (z,7)) (hg, hg),
which proves the first claim. For the second identity, note
that
Ky(x,6') = (x"«)? = (hlhi +272)2
= (hghg)” + (22 +2 (h, hg) (2,2).

Rearranging yields
the, hg;) (z,2) = 3{Ka(x,x) — (hGhg)? — (272)%). O

Remark

Equivalently, K, is the tensor-product kernel of
the two linear kernels ky(hg, hy) = (hg hy) and
ky(z,2)) = (z,7), i.e., Ky = k;, @ k.

A.4:Theorem 1

Proof
By definition,
~ 1
R, = Ey [ sup — > oi(W, hGL.z,T)F}

n
H W”F <A i=1

A
= ;E,H > 0 hGile|

£’

where the last equality uses Cauchy-Schwarz in the
Frobenius inner product. By Jensen and the orthogonality
of Rademacher signs,

1/2
o | Ssoibon] | < (Bo | Simiohorn |12)

1/2
n T2
= (21 Ihe2] 1)
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Since Ihg.z! lF = |he || 1z, we obtain ~ 1 "
) 12 L1/2 i t ] Sﬁn = — ]EO' sup <W, Z O'ihGiZiT>
(Zi Ithg, [I*]1z; | ) < ./nByB,, hence the claimed no W<t P F
bound. O .
T T
< - EG Z O.thl Zi
n i=1 op
A.5:Theorem 2
Using || - [lop < |l - lIF and the same second-moment cal-
Proof culation as in Theorem 1 gives the stated bound. O
The first claim follows by (7) and Theorem 1 with
A < AB. For the nuclear-norm class, by duality
supw, < (W, M)r =71 |M|op for any matrix M. Hence
Appendix B: Figures
B.1: Histograms
See Figs. 6 and 7.
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Fig. 6 Distributions of the target property values: the left panel represents the plot for FreeSolv dataset, and the right panel represents the plot

for ESOL dataset
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Fig. 7 Distribution of the target property values: the left panel represents the plot for self-curated gas dataset, and the right panel represents

the plot for the self-curated solubility dataset
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B.2: Boxplot
See Fig. 8.
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B.3: PCA results
See Figs. 9 and 10.

a1 O O |
_;|_3 —I8 —I3 é
(a) Vapor Pressure
{1 o O @ OCOW®O
17 12 -7 -2
(b) Solubility

Page 21 of 52

Fig. 8 Boxplot of the log-transformed vapor pressure for the self-curated gas dataset, and of solubility for the self-curated solubility dataset
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Fig. 9 Two-dimensional PCA results of molecular descriptors, colored by target tertiles. The left panel shows the results for FreeSolv dataset,
and the right panel shows the results for ESOL dataset
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Fig. 10 Two-dimensional PCA results of molecular descriptors, colored by target tertiles. The left panel shows the results for gas dataset,

and the right panel shows the results for solubility dataset

B.4: Heatmap
See Figs. 11 and 12.
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Fig. 11 Heatmap of correlation coefficients between 23 selected

descriptors for gas dataset
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Appendix C: Ablation experiments With alternative graph network backbones
C.1: Graph attention network
See Tables 5, 6, 7 and 8.

Table 5 Predictive performance comparison on the FreeSolv dataset using GAT as the backbone

# of Descriptors’ GAT[53] EGAT? EGAT with DS3 GATkrovex
0 6.097 +£0.329 - - -
1.867 +£0.026 - - -
13501 +£1.772 - - -
2.792+0.170 - - -
1 4.545 +0.321 - -
- 1.496 + 0.039 - -
_ 14.708 + 2.839 - -
- 2644 +0.281 - -
2 4772 +£0.197 - -
- 1.651 +£0.021 - -
- 14.389 +3.304 - -
- 2.504 +0.271 - -
3 4309 £0.258 3312+0.115 3.140+0.131
- 1512 +£0.035 1591 £0.032 1.330+£0.025
- 14.562 +3.046 10.1107 £ 1.799 8218 +0.964
- 2524 +0.263 2.659+0217 2448 £0.196
5 - 1.725+£0.136 1417 £0.095
- - 0.932 £0.027 0.817 £0.024
- - 5.062 + 1.084 3.898 +0.498
- - 1511 +£0.173 15090117
7 - 1.522 +£0.067 1291 £0.083
- - 0.934+0017 0.799 £0.018
- - 3.650 + 0.627 3.701 £ 0464
- - 1413£0111 1.542 £0.157
10 - 1436 £ 0.063 1.139 £ 0.066
- - 0.885 +£0.023 0.714 £ 0.020
- - 2992 +0418 3.866 + 0937
- - 1.317£0.088 1516 +£0.231
20 - 1.315+£0.067 1.161£0.074
- - 0.747 £ 0.023 0.631+£0.018
- - 3.337+£0.638 2.566 + 0.362
- - 1.279 £0.091 1.074 + 0.065
50 - 1.120 £ 0.067 1.042 +0.0735
- - 0.638 £ 0.022 0.594+0.014
- - 4.209 £1.052 2.874 + 0428
- - 1.277 £0.183 1.211£0.117

The results show that KROVEX maintains its performance advantage, demonstrating the robustness and generalizability across different backbone architectures

The first two values represent MSE and MAE under the random split, while the last two values represent MSE and MAE under the scaffold split. All experiments were
repeated 15 times, and the results are presented as the means + standard error for each metric. The best and second-best performances for each metric are marked
bold and underlined

" Indicates the number of descriptors integrated into the model
2 Refers to a GAT model that integrates predefined descriptors via concatenation

3 Indicates descriptor selection
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Table 6 Predictive performance comparison on the ESOL dataset using GAT as the backbone

# of Descriptors’ GAT [53] EGAT? EGAT with DS3 GATkrovEx

02975+£0.128 - - _

1401 +£0.021 - - -
4.287 £0.450 - - -
1659 +0.071 - - -
1 1.915+0.078 - -
- 1.079 £0.019 - -
- 2675+0324 - -
- 1.283+£0.073 - -
2 0.792 +0.036 - -
- 0.682 +£0.011 - -
- 1.039+0.073 - -
- 0.804 +0.021 - -
3 0.793 £ 0.031 0632 +0.020 0617 +£0.022
- 0.679+0.012 0.582 +0.008 0.607 +0.012
- 1.094 +0.076 1.046 £ 0.122 1.145+0.139
- 0.840 +0.032 0.728 +0.032 0.767 +0.026
5 - 0.548 £0.016 0.591 £0.020
- - 0.546 +0.008 0.585+0.012
- - 0.882 +0.104 1.017 £0.091
- - 0.670 = 0.030 0.748 £ 0.037
7 - 0522 +0.014 0487 +0.016
- - 0.525 +0.008 0.506 +0.008
- - 0.771 £0.070 1.010+0.100
- - 0.658 +0.018 0.712+0.025
10 - 0.525+£0.012 04790014
- - 0.538+0.010 0.502 +0.008
- - 0.886 = 0.093 0.993 +0.098
- - 0.666 +0.025 0.728 +0.036
20 - 0439+ 0.010 0445 +0.017
- - 0.487 +0.007 0.488 + 0.008
- - 0.842 +0.087 0.899 + 0.053
- - 0.626 =0.019 0.711 £0.645
63 - 0460 +0.016 0.403 +£0.015
- - 0.485 + 0.006 0.445 +0.006
- - 0.681 +0.046 0.707 +0.045
- - 0.643 +0.021 0.645 +0.020

The results show that KROVEX maintains its performance advantage, demonstrating the robustness and generalizability across different backbone architectures

The first two values represent MSE and MAE under the random split, while the last two values represent MSE and MAE under the scaffold split. All experiments were
repeated 15 times, and the results are presented as the means + standard error for each metric. The best and second-best performances for each metric are marked
bold and underlined

" Indicates the number of descriptors integrated into the model
2 Refers to a GAT model that integrates predefined descriptors via concatenation
3 Indicates descriptor selection
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Table 7 Predictive performance comparison on the self-curated
vapor pressure dataset using GAT as the backbone

# of GAT [53] EGAT2 EGAT with GATkroVEX
Descriptors' Ds3
0 5658+0117 - - -
17810017 - - -
8462 +0.715 - - -
23070115 - - -
1 4189 + - -
0.082
- 1498 + - -
0.011
- 5359 + - -
0433
- 1811+ - -
0.077
2 1507 + - -
0.033
- 0928 + - -
0.026
- 2.000 + - -
0.124
- 1,050 + - -
0.027
3 1391 ¢ 1134+ 1.074 £0.024
0.028 0.025
- 0873 + 0788+ 07850001
0.005 0.007
- 1.898 + 1579+ 1.697 £ 0.090
0.151 0.093
- 1.051 + 0977 1.030 £ 0.031
0.032 0.033
5 - 0.909 + 0.774 £0.002
0.028
- - 0.686 + 0.654 + 0.007
0.006
- - 1.237 + 1.266 +£0.121
0.082
- - 0831+ 0.873 £0.039
0.018
7 - 0.795 + 0.661 +£0.013
0.018
- - 0.650 + 0.585 +0.008
0.007
- - 1.091 + 1.251+£0.166
0.087
- - 0.782 + 0.801 £0.033
0.022
10 - 0.706 + 0.504 +0.011
0.019
- - 0618 + 0.536 + 0.005
0.007
- - 0.945 + 0.940 + 0.098
0.052
- - 0.739 + 0.744 £ 0.044

0.021
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Table 7 (continued)
# of GAT [53] EGAT? EGAT with  GATkrovex
Descriptors' DS?
20 - 0.634 + 0.449 + 0.001
0.020
- - 0561 + 0.498 £ 0.006
0.005
- - 0771 0.808 +0.047
0.049
- - 0.668 + 0.648 + 0.020
0.017
23 - 0593 + 0.447 £ 0.011
0.016
- - 0551+ 0.485 + 0.006
0.006
- - 0.764 £ 0.712 £ 0.059
0.043
- - 0.660 £ 0.650 £ 0.026
0.015

The results show that KROVEX maintains its performance advantage,
demonstrating the robustness and generalizability across different backbone
architectures

The first two values represent MSE and MAE under the random split, while the
last two values represent MSE and MAE under the scaffold split. All experiments
were repeated 15 times, and the results are presented as the means + standard
error for each metric. The best and second-best performances for each metric
are marked bold and underlined

" Indicates the number of descriptors integrated into the model

2 Refers to a GAT model that integrates predefined descriptors via concatenation

3 Indicates descriptor selection
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Table 8 Predictive performance comparison on the self-curated C.2: Graph isomorphism network

solubility dataset using GAT as the backbone See Tables 9, 10, 11 and 12.
# of GAT [53] EGAT? EGAT with DS3 GATkrovex Table 9 Predictive performance comparison on the FreeSolv
Descriptors’ dataset using GIN as the backbone
0 2918+0049 - - - # of GIN [54] EGIN? EGIN with DS®  GINkrovex
1347 0000 — _ _ Descriptors’
3197 +£0.146 - - - 0 2542 +0.167 - - -
14140037 - - - 1.116+£0.023 - - -
1 2236+0.036 - - 6.193+£09/0 - - -
- 1.120+£0.008 - - 1742 +£0.133 - - -
- 2437 +0.103 - - 1 3015+0421 - -
- 1.170£0.018 - - - 1.119+0.034 - -
2 1300£0.043 - - - 7235+2166 - -
- 0.849+0014 - - - 1777 £0112 - -
- 1458 £0.039 - - 2 3.053+0671 - -
- 0906 +0.014 - - _ 1.068 + 0.037 - -
3 1.300 £0.037 1.106 £ 0.022 1.054 £0.026 _ 5712+ 1001 - _
- 0.832+0.013 0.762+0.011 0.726 +0.007 B 1748+ 0143 — _
- 1.509+0047 1360+0095  1.332+0082 3 2737 +0430 1653+0211  2.131+0.097

- 0917+0016 08140008 0822+0.013
5 - 1.050+£0.023  0.950+0.036
- - 0.756 £ 0.011 0.693 £ 0.008
- - 12310030  1.351+0.129
- - 0819+0012  0.796+0.010
7 - 1.041+£0026 0750+ 0.027
- - 0.726 £0.007  0.610 + 0.006
- - 1305+ 0076  1.060 = 0.045
- - 0.803+0.010 0.750+0.013
10 - 0958 £0.022  0.692 +0.022
- - 0699 +0.007 0577 +0.005
- - 1.130 £ 0.041 0.993 + 0.046
- - 0.762 £ 0.011 0.705 £ 0.010
20 - 0744+ 0022 0444+0.016
- - 0601 +0.007 0438 +0.002
- - 0978 +0.128 0677 +0.029
- - 0.666+0.012  0.575+0.011
30 - 0.781+0.030  0.444+0.012
- - 0.598 £0.007  0.435 +0.004
- - 0.895+0.033  0.672+0.030
- - 0.673 £0.011 0.580 +0.011

- 1.045+0.032 0955+0.046 0961 +0.028
- 6305+£1.192 6253+1489 5392+0.704
- 1.725+0.115 1.542+0.116 1.868 + 0.150
5 - 1427 £0.079 1.181 £0.070
- - 0.838+0.030 0.723+0.018
- - 5180+ 1.078  3.286+0.387
- - 1417 £0.112 1.345 £0.107
7 - 1371£0.104  1.196 +£0.079
- - 0.783+£0.023 0.697+0018
- - 5135+1227 4227+0.792
- - 1.352+£0.120 1.684 +0.340
10 - 1488 £0.124 1.719 £0.244
- - 0.736 £0.021 0.888 + 0.087
- - 5316+ 1406  5.283+2498
- - 1345+0.120 1.396+0.128
20 - 1.208 £0.100 1.253 £0.092
- - 0.670 £ 0.021 0.734 £ 0.046
- - 3867 +0636 3296 +0.544
- - 1435+0.173 1.210 £ 0.095
50 - 1406 £ 0.191 0.968 + 0.065
- - 0631 £0.022 0.579+0.017
The results show that KROVEX maintains its performance advantage, - B 4843+£1039  2.916+0.473

demonstrating the robustness and generalizability across different backbone - - 1330+0.158  1.192 +0.066
architectures

The results show that KROVEX maintains its performance advantage,
demonstrating the robustness and generalizability across different backbone
architectures

The first two values represent MSE and MAE under the random split, while the
last two values represent MSE and MAE under the scaffold split. All experiments
were repeated 15 times, and the results are presented as the means + standard
error for each metric. The best and second-best performances for each metric The first two values represent MSE and MAE under the random split, while the
are marked bold and underlined last two values represent MSE and MAE under the scaffold split. All experiments
were repeated 15 times, and the results are presented as the means + standard
error for each metric. The best and second-best performances for each metric
are marked bold and underlined

" Indicates the number of descriptors integrated into the model
2 Refers to a GAT model that integrates predefined descriptors via concatenation

- ) i
Indicates descriptor selection ! Indicates the number of descriptors integrated into the model

2 Refers to a GIN model that integrates predefined descriptors via concatenation
3 Indicates descriptor selection



Jang et al. Journal of Cheminformatics (2026) 18:18 Page 27 of 52

Table 10 Predictive performance comparison on the ESOL Table 11 Predictive performance comparison on the self-
dataset using GIN as the backbone curated vapor pressure dataset using GIN as the backbone
#of GIN [54] EGIN? EGIN with DS®* GINkrovex #of GIN [54] EGIN? EGIN with DS® GINkrovex
Descriptors' Descriptors'
0 1.056 £0.052 - - - 0 2257 £0.104 - - -
0.778 £0.017 - - - 1.109+0.020 - - -
31720702 - - - 5306 £0496 - - -
1.197 £0.076 - - - 1.730 £ 0.054 - - -
1 1.001 £0.063 - - 1 1.971£0.087 - -
- 0.745+0.013 - - - 1.004 £0.018 - -
- 3986+ 1423 - - - 6.625+1.608 - -
- 1.170+0.088 - - - 1.635£0.114 - -
2 0574+0.018 - - 2 0.851£0.021 - -
- 05860013 - - - 0.657 £0.007 - -
- 0930+0.101 - - - 1504 £0.164 - -
- 0.754£0.034 - - - 0.868 £ 0.024 - -
3 0.585+0.039 0508+0.024 0.524+0028 3 0.871£0.021 0.843+0.065 0.755+0.022
- 0.561+£0.008 05220011 0547 +0.013 - 0667 £0.013 0.630+£0.015 0632+0.004
- 1.040 £0.151 1507 +0417 0976 +0.100 - 14250146 1.474+0.251 1.255+£0.125
- 0.789+£0.056 0.731£0.044 0741 £0.044 - 0.863 £0.030 0.873+£0.059 0.836+0.030
5 - 0479+0.028 0487 +£0.020 5 - 0.781+£0.033  0.682+0.023
- - 0512+£0019 0.536+0.015 - - 0.629+0.025 0.603 +0.009
- - 0.884+0.111  0.888 £0.073 - - 1.235+0.098  1.229£0.175
- - 0721 £0.025 0.713+£0.030 - - 0.792 £0.021 0.872 £0.057
7 - 04790022 0432+0010 7 - 0.749+0.029 0.554£0.012
- - 0.501+£0012 0482 +0.005 - - 0.607 £0.010  0.548 £ 0.005
- - 0.887+£0.068 1.020+0.167 - - 1.123 £0.081 1.050 £0.126
- - 0681 £0.027 0.680+0.024 - - 0.778 £0.027  0.775£0.041
10 - 0475+£0.029 0448 £0.014 10 - 0.664+0.027 0507 +0.013
- - 0.501£0.012  0.484 £ 0.005 - - 0.570+0.009  0.529 £ 0.005
- - 1.033+0.267 0.920+0.072 - - 1.031+£0.083  0.897 +0.084
- - 0.661+£0.035 0.716£0.030 - - 0.720£0.025 0.777 £0.051
20 - 0435+£0016 0433 +0.018 20 - 0.622 £0.028 0460 +0.017
- - 0471 £0.009 0471+ 0.007 - - 0.541£0.005 0491 + 0.006
- - 1076 £0.234  0.863 + 0.057 - - 0933+0.068 0.766 +0.049
- - 0.670+£0.032  0.698 +0.023 - - 0.694+0.028 0.715+0.031
63 - 0479+0035 0.416+0.016 23 - 0.656 +0.036 0.449+0.015
- - 0482 +£0.009 0.454 +0.006 - - 0553+0012 0.483 +0.005
- - 14160271  0.749 £ 0.055 - - 1.101£0.104 0813 +0.048
- - 0.752£0.050 0.652+0.022 - - 0709+0.024 0.674 +0.037
The results show that KROVEX maintains its performance advantage, The results show that KROVEX maintains its performance advantage,
demonstrating the robustness and generalizability across different backbone demonstrating the robustness and generalizability across different backbone
architectures architectures
The first two values represent MSE and MAE under the random split, while the The first two values represent MSE and MAE under the random split, while the
last two values represent MSE and MAE under the scaffold split. All experiments last two values represent MSE and MAE under the scaffold split. All experiments
were repeated 15 times, and the results are presented as the means + standard were repeated 15 times, and the results are presented as the means + standard
error for each metric. The best and second-best performances for each metric error for each metric. The best and second-best performances for each metric
are marked bold and underlined are marked bold and underlined
" Indicates the number of descriptors integrated into the model ! Indicates the number of descriptors integrated into the model
2 Refers to a GIN model that integrates predefined descriptors via concatenation 2 Refers to a GIN model that integrates predefined descriptors via concatenation

3 Indicates descriptor selection 3 Indicates descriptor selection
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Table 12 Predictive performance comparison on the self-
curated solubility dataset using GIN as the backbone

#of GIN [54] EGIN? EGIN withDS®  GINkrovex
Descriptors'

0 1.569 £0.067 - - -
0.867 +0.008 - - -
23780196 - - -
1.127 £0.042 - - -
1 1.208 £0.041 - -
- 0.775+0.009 - -
- 2326 +0506 - -
- 1.011 £0.066 - -
2 0.783+0.041 - -
- 0.604 +0.583 - -
- 0.946 +0.051 - -
- 0698 +£0.017 - -
3 0.681 £0.023 0.790+£0.033  0.793+0.034
- 0.583+0.007 0632+0031 0.641 0011
- 0963 +£0.085 1.060+0.076 1.129+0.126
- 0.701+0.022 0.742+0.033 0.726+0.014
5 - 0.853+0053  1.206+0437
- - 0.650+£0.034  0.584 +0.008
- - 1.140£0.094  1.173+£0.139
- - 0.793+£0.038 0.715+£0.015
7 - 0778 +£0.029  0.623 +£0.023
- - 0632+0022 0.546 +0.006
- - 1.018 £0.072  0.941 £0.062
- - 0.722+0022 0.679+0.021
10 - 0.780 £0.050  0.603 +0.020
- - 0.589+0013  0.524 +0.007
- - 0.952+0.066  0.886+0.055
- - 0.780 £0.064 0.656+0.014
20 - 0574+0018  0455+0.017
- - 0550+0.012  0.424 +0.003
- - 0.788 +£0.048  0.676 +0.040
- - 0624 £0.021  0.569+0.010
30 - 0571+0015 0.432+0.012
- - 0.541£0.011 0427+ 0.003
- - 0.749+0.038 0.674 +0.044
- - 0619+0011  0.564+0.011

The results show that KROVEX maintains its performance advantage,
demonstrating the robustness and generalizability across different backbone
architectures

The first two values represent MSE and MAE under the random split, while the
last two values represent MSE and MAE under the scaffold split. All experiments
were repeated 15 times, and the results are presented as the means + standard
error for each metric. The best and second-best performances for each metric
are marked bold and underlined

" Indicates the number of descriptors integrated into the model

2 Refers to a GIN model that integrates predefined descriptors via concatenation

3 Indicates descriptor selection
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Appendix D: SHAP analysis
See Figs. 13, 14 and Tables 13, 14.
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Fig. 13 SHAP analysis comparing descriptor importance between concatenation and Kronecker-product fusion across Two molecular properties.
The y-axis indicates top 10 contributing descriptors for a, b FreeSolv, and ¢, d ESOL. SHAP values (x-axis) indicate feature impact on predictions,
with colors representing feature magnitude (pink: high, blue: low). Kronecker fusion (right panels) demonstrates more focused, chemically
meaningful descriptor selection compared to concatenation (left panels)
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Fig. 14 SHAP analysis comparing descriptor importance between concatenation and Kronecker-product fusion across Two molecular properties.
The y-axis indicates top 10 contributing descriptors for a, b Self-curated vapor pressure, and ¢, d Self-curated solubility datasets. SHAP values
(x-axis) indicate feature impact on predictions, with colors representing feature magnitude (pink: high, blue: low). Kronecker fusion (right panels)
demonstrates more focused, chemically meaningful descriptor selection compared to concatenation (left panels)
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Table 13 Mean absolute contributions of top 10 contributing
descriptors between concatenation and Kronecker-product
fusion for Freesolv and ESOL datasets

Page 31 of 52

Table 14 Mean absolute contributions of top 10 contributing
descriptors between concatenation and Kronecker-product
fusion for self-curated vapor pressure and solubility datasets

FreeSolv

Vapor pressure

Concatenation

Kronecker-product

Concatenation

Kronecker-product

Descriptor Contribution Descriptor Contribution Descriptor Contribution Descriptor Contribution
NHOHCount 14.35% SlogP_VSAP2 13.15% Kappal 11.20% TPSA 11.84%
SlogP_VSA2 10.77% NOHOCount 12.40% TPSA 10.90% MoIMR 10.44%
SMR_VSA7 6.48% NumHDonors 6.40% NumHAcceptors 9.71% NumHAcceptors 9.48%
NumAromaticRings 4.81% MaxAbsEStateln- 3.75% fr_halogen 8.32% Kappat 9.37%
dex Chit 8.32% RingCount 7.14%
VoA_Estates 4.70% SMR_V5A3 359% SlogP_VSA12 639% fr_halogen 6.94%
SlogP_VSA10 3.88% MaxEStatelndex 3.53% SMR_VSA7 5.69% SlogP_VSA12 5.86%
MaxEStatelndex 3.78% RingCount 3.46% MolMR 4.93% VSA_EState8 4.42%
Ic\j/laxAbsEState\n— 3.50% SlogP_VSA10 321% HallKierAlpha 4.59% SMR_VSA7 4.18%
ex
. . Solubility
SlogP_VSA8 3.30% MinPartialCharge 3.20% )
ESOL Concatenation Kronecker-product
) Descriptor Contribution  Descriptor Contribution
Concatenation Kronecker-product
. L . L SlogP_VSA2 14.39% MolMR 12.64%
Descriptor Contribution  Descriptor Contribution
NHOHCount 9.32% PEOE_VSA7 9.96%
MolLogP 15.77% MolLogP 14.57%
SlogP_VSA10 7.02% fr_halogen 7.75%
MaxEStatelndex 6.45% MaxEStatelndex 5.87%
) SMR_VSA3 6.53% SlogP_VSA12 7.04%
SMR_VSA10 5.14% FpDensityMorgan2  5.10%
. PEOE_VSA14 4.65% TPSA 591%
FpDensityMorgan2  3.80% SMR_VSA10 4.89%
. ) fr_Ar_NH 448% NumHDonors 5.23%
MaxAbsPartial- 3.55% MaxAbsPartial- 4.72%
Charge Charge SMR_VSA7 4.48% Kappal 5.08%
Kappa2 3.38% Kappaz 4.60% NumAromaticRings 431% Chi1 3.78%
FpDensityMorgan1  3.34% HeavyAtomMolWt  3.69% SlogP_VSAS 4.03% NumHAcceptors  3.25%
BCUT2D_MVVLOV\/ 3.08% fr_bicyc\ic 3.57% MaxAbsEStatelndex  3.84% Chi3n 3.16%
BCUT2D_CHGHI 2.98% SlogP_VSA1 351%
PEOE_VSA14 2.95% BalabanJ 3.40%
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Appendix E: Comparison
See Table 15.

Table 15 Comparison between Chemprop (D-MPNN) and KROVEX on four molecular property datasets

Dataset Model R-MSE R-MAE S-MSE S-MAE
Freesolv Chemprop 1.034+0.133 0.620 £ 0.024 4446 + 0421 1481+0.113
KROVEX 0.973 £ 0.072 0.597 £0.014 2.606 £ 0427 1.141 £ 0.076
ESOL Chemprop 0432 +0.032 0479+0.018 0.795+0.017 0637 +0.018
KROVEX 0423 +£0.022 0469 +0.013 0.730 + 0.054 0628 +0.019
Vapor Pressure Chemprop 0.538 £0.022 0.503 £ 0.007 0.963 +£0.033 0.737 £0.014
KROVEX 0.444 +0.009 0.491 + 0.006 0.770 + 0.053 0.621 +0.037
Solubility Chemprop 0.586 + 0.025 0.529 + 0.005 0.680+0.014 0.593 + 0.007
KROVEX 0448 +0.015 0441+ 0.004 0.666 + 0.031 0.573+0.010

Columns use the following abbreviations: R-MSE = Random-split MSE, R-MAE = Random-split MAE, S-MSE = Scaffold-split MSE, S-MAE = Scaffold-split MAE

Appendix F: Summary statistics
F.1: FreeSolv
See Tables 16.
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Table 16 Summary statistics of hydration free energy and 209 molecular descriptors

Descriptor Mean STD Min Q1 Q2 Q3 Max
Hydration free energy (target) —3.80 3.85 —2547 —5.73 —3.53 —=1.21 343
MaxEStatelndex 6.91 336 0.00 383 6.16 10.05 13.97
MinEStatelndex 0.11 1.36 —597 —0.25 0.36 0.95 4.00
MaxAbsEStatelndex 6.91 336 0.00 383 6.16 10.05 13.97
MinAbsEStatelndex 0.67 0.62 0.00 0.20 0.54 1.04 597
ged 049 0.10 0.24 043 049 0.55 0.89
MolWt 138.95 72.70 16.04 94.12 120.88 159.70 498.66
HeavyAtomMolWt 129.51 72.60 12.01 84.08 112.09 150.09 498.66
ExactMolWt 138.59 7225 16.03 94.00 120.57 159.60 493.69
NumValenceElectrons 49.00 21.46 8.00 36.00 44.00 58.00 132.00
NumRadicalElectrons 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MaxPartialCharge 0.13 0.14 —034 0.01 0.10 0.25 0.56
MinPartialCharge —0.28 0.15 —0.51 —0.40 —0.30 —0.10 —0.05
MaxAbsPartialCharge 0.29 0.15 0.05 0.12 032 041 0.56
MinAbsPartialCharge 0.13 0.1 0.00 0.04 0.09 0.21 0.46
FpDensityMorgan 1.22 037 0.23 1.00 1.20 144 2.00
FpDensityMorgan2 1.68 044 0.36 1.39 1.70 2.00 267
FpDensityMorgan3 1.95 0.50 0.50 1.57 2.00 2.33 2.94
BCUT2DMWHI 24.70 19.92 12.01 15.01 16.47 3224 126.92
BCUT2DMWLOW 1043 097 9.73 10.14 10.27 10.51 3207
BCUT2DCHGHI 1.90 032 —034 1.79 1.91 207 3.01
BCUT2DCHGLO —191 0.25 —249 —2.06 —1.94 —1.84 —0.08
BCUT2DLOGPHI 2.00 033 —048 1.87 2.02 218 284
BCUT2DLOGPLOW —1.86 032 —2.82 —2.04 —1.87 =171 0.65
BCUT2DMRHI 583 1.67 213 4.75 5.65 6.29 14.20
BCUT2DMRLOW 0.56 0.77 —0.79 —0.11 0.39 1.10 7.59
BalabanJ 2.75 0.58 0.00 240 2.83 3.05 4.81
BertzCT 154.29 167.36 0.00 2937 89.26 205.79 707.58
Chio 6.71 3.00 0.00 4.83 598 7.81 18.07
Chion 5.28 2.21 0.00 3.82 5.01 6.42 13.18
Chiov 5.84 262 0.00 425 531 6.71 17.34
Chi1 412 2.00 0.00 2.81 3.80 491 11.15
Chiln 2.85 1.33 0.00 1.98 2.68 3.58 7.77
Chilv 3.25 1.67 0.00 230 293 3.82 14.48
Chi2n 1.94 1.08 0.00 1.22 1.79 2.56 6.31
Chi2v 240 1.66 0.00 148 2.06 2.85 15.93
Chi3n 1.11 0.82 0.00 0.51 1.01 1.53 592
Chi3v 144 144 0.00 0.68 1.14 1.72 13.57
Chidn 0.65 061 0.00 0.19 0.55 0.91 530
Chidv 0.85 1.15 0.00 0.22 061 1.00 13.71
HallKierAlpha —048 0.74 —262 —0.98 —049 —0.04 2.06
Ipc 245155 13171.85 0.00 19.09 64.05 20357 22992838
Kappal 7.05 317 0.00 5.05 6.30 847 20.84
Kappa2 338 218 —27.04 2.16 2.96 4.38 11.41
Kappa3 3288 448.17 —104.04 1.26 2.16 4.00 9507.96
LabuteASA 5643 2648 7.50 39.18 5097 64.40 175.52
PEOEVSAT 362 4.30 0.00 0.00 4.74 51 30.64
PEOEVSA10 1.76 349 0.00 0.00 0.00 0.00 2442

PEOEVSATI 112 391 0.00 0.00 0.00 0.00 23.00




Jang et al. Journal of Cheminformatics (2026) 18:18 Page 34 of 52

Table 16 (continued)

Descriptor Mean STD Min Q1 Q2 Q3 Max
PEOEVSA12 045 1.85 0.00 0.00 0.00 0.00 17.18
PEOEVSA13 0.64 2.05 0.00 0.00 0.00 0.00 11.81
PEOEVSA14 1.30 3.07 0.00 0.00 0.00 0.00 23.69
PEOEVSA2 2.08 3.88 0.00 0.00 0.00 4.79 20.23
PEOEVSA3 044 1.64 0.00 0.00 0.00 0.00 14.38
PEOEVSA4 1.1 3.86 0.00 0.00 0.00 0.00 35.12
PEOEVSAS 1.61 536 0.00 0.00 0.00 0.00 46.40
PEOEVSA6 19.56 18.32 0.00 5.70 17.51 3033 116.01
PEOEVSA7 12.28 10.25 0.00 592 1213 18.55 61.18
PEOEVSA8 5.80 723 0.00 0.00 5.02 10.71 3945
PEOEVSA9 3.85 6.69 0.00 0.00 0.00 6.33 50.23
SMRVSA1 517 6.35 0.00 0.00 4.79 9.52 3512
SMRVSA10 1044 16.27 0.00 0.00 5.78 11.94 116.01
SMRVSA2 0.10 0.71 0.00 0.00 0.00 0.00 5.26
SMRVSA3 0.93 267 0.00 0.00 0.00 0.00 18.69
SMRVSA4 1.00 2.96 0.00 0.00 0.00 0.00 23.67
SMRVSA5 14.96 1449 0.00 0.00 1334 26.19 65.21
SMRVSA6 4.79 715 0.00 0.00 0.00 6.61 40.27
SMRVSA7 16.47 1873 0.00 0.00 10.11 3033 7837
SMRVSA8 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SMRVSA9 1.74 438 0.00 0.00 0.00 0.00 23.00
SlogPVSA1 1.30 299 0.00 0.00 0.00 0.00 17.07
SlogPVSA10 1.38 4.50 0.00 0.00 0.00 0.00 35.92
SlogPVSAT1 1.21 3.86 0.00 0.00 0.00 0.00 23.00
SlogPVSA12 748 16.13 0.00 0.00 0.00 11.60 116.01
SlogPVSA2 943 9.72 0.00 0.00 6.29 12.71 68.27
SlogPVSA3 3.03 533 0.00 0.00 0.00 4.79 41.71
SlogPVSA4 2.84 517 0.00 0.00 0.00 592 26.15
SlogPVSA5 14.56 14.24 0.00 0.00 12.24 26.19 65.21
SlogPVSA6 12.19 14.81 0.00 0.00 0.00 24.27 67.24
SlogPVSA7 142 552 0.00 0.00 0.00 0.00 50.23
SlogPVSA8 0.77 3.06 0.00 0.00 0.00 0.00 3232
SlogPVSA9 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TPSA 2040 2264 0.00 0.00 17.07 2630 123.66
EStateVSA1 241 6.02 0.00 0.00 0.00 0.00 44.34
EStateVSA10 3.04 5.46 0.00 0.00 0.00 4.79 35.12
EStateVSAT1 0.00 0.00 0.00 0.00 0.00 0.00 0.00
EStateVSA2 3.59 717 0.00 0.00 0.00 5.81 63.18
EStateVSA3 437 713 0.00 0.00 0.00 6.09 43.09
EStateVSA4 519 6.86 0.00 0.00 0.00 7.02 38.52
EStateVSAS 772 1049 0.00 0.00 490 1213 5137
EStateVSA6 5.08 8.66 0.00 0.00 0.00 6.92 55.45
EStateVSA7 6.78 10.67 0.00 0.00 0.00 1213 60.66
EStateVSA8 9.37 12.73 0.00 0.00 498 13.50 73.60
EStateVSA9 8.06 16.10 0.00 0.00 0.00 5.73 116.01
VSAEStatel 3.86 9.75 —3.70 0.00 0.00 446 92.88
VSAEState10 3.05 7.80 0.00 0.00 0.00 1.85 60.86
VSAEState2 4.32 6.90 —2.78 0.00 0.00 9.64 3591

VSAEState3 2.95 5.51 —4.23 0.00 0.00 569 52.18
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Table 16 (continued)

Descriptor Mean STD Min Q1 Q2 Q3 Max
VSAEState4 0.65 1.70 —4.51 0.00 0.00 0.82 13.36
VSAEState5 0.12 1.20 —23.88 0.00 0.00 0.20 8.00
VSAEState6 3.06 4.62 —043 0.00 0.00 6.09 21.86
VSAEState7 141 285 —9.96 0.00 0.00 2.59 13.50
VSAEState8 2.35 2.57 —3.51 0.00 2.00 4.05 1147
VSAEState9 0.29 1.03 —3.81 0.00 0.00 0.00 6.92
FractionCSP3 0.57 040 0.00 0.14 067 1.00 1.00
HeavyAtomCount 8.72 4.19 1.00 6.00 8.00 10.00 24.00
NHOHCount 040 0.75 0.00 0.00 0.00 1.00 6.00
NOCount 1.40 1.59 0.00 0.00 1.00 2.00 9.00
NumAliphaticCarbocycles 0.09 035 0.00 0.00 0.00 0.00 4.00
NumAliphaticHeterocycles 0.06 0.23 0.00 0.00 0.00 0.00 1.00
NumAliphaticRings 0.14 043 0.00 0.00 0.00 0.00 5.00
NumAromaticCarbocycles 0.44 0.68 0.00 0.00 0.00 1.00 4.00
NumAromaticHeterocycles 0.08 0.28 0.00 0.00 0.00 0.00 2.00
NumAromaticRings 0.52 0.69 0.00 0.00 0.00 1.00 4.00
NumHAcceptors 1.31 1.44 0.00 0.00 1.00 2.00 8.00
NumHDonors 0.34 0.63 0.00 0.00 0.00 1.00 6.00
NumHeteroatoms 2.21 217 0.00 1.00 2.00 3.00 11.00
NumRotatableBonds 1.63 1.97 0.00 0.00 1.00 3.00 12.00
NumSaturatedCarbocycles 0.05 0.24 0.00 0.00 0.00 0.00 3.00
NumSaturatedHeterocycles 0.03 0.18 0.00 0.00 0.00 0.00 1.00
NumSaturatedRings 0.08 0.32 0.00 0.00 0.00 0.00 4.00
RingCount 0.67 0.81 0.00 0.00 1.00 1.00 5.00
MolLogP 193 149 —3.59 1.16 1.78 2.58 9.89
MolMR 36.58 16.61 5.02 2561 3361 4247 101.98
frAICOO 0.02 0.12 0.00 0.00 0.00 0.00 1.00
frAIOH 0.10 045 0.00 0.00 0.00 0.00 6.00
frAIOHnoTert 0.10 0.44 0.00 0.00 0.00 0.00 6.00
frArN 0.03 0.19 0.00 0.00 0.00 0.00 2.00
frArCOO 0.01 0.08 0.00 0.00 0.00 0.00 1.00
frArN 013 048 0.00 0.00 0.00 0.00 4.00
frArNH 0.03 024 0.00 0.00 0.00 0.00 3.00
frArOH 0.08 0.27 0.00 0.00 0.00 0.00 1.00
frCOO 0.02 0.15 0.00 0.00 0.00 0.00 1.00
frCO02 0.02 0.15 0.00 0.00 0.00 0.00 1.00
frCO 0.26 0.50 0.00 0.00 0.00 0.00 3.00
frCONoCOO 0.24 048 0.00 0.00 0.00 0.00 3.00
frCS 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frHOCCN 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frimine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frNHO 023 0.59 0.00 0.00 0.00 0.00 4.00
frNH1 0.08 033 0.00 0.00 0.00 0.00 3.00
frNH2 0.06 0.25 0.00 0.00 0.00 0.00 2.00
frNO 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frNdealkylation1 0.01 0.10 0.00 0.00 0.00 0.00 2.00
frNdealkylation2 0.00 0.06 0.00 0.00 0.00 0.00 1.00
friNhpyrrole 0.03 0.24 0.00 0.00 0.00 0.00 3.00

frSH 0.01 0.09 0.00 0.00 0.00 0.00 1.00
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Table 16 (continued)

Descriptor Mean STD Min Q1 Q2 Q3 Max
fraldehyde 0.04 0.19 0.00 0.00 0.00 0.00 1.00
fralkylcarbamate 0.00 0.00 0.00 0.00 0.00 0.00 0.00
fralkylhalide 0.36 1.07 0.00 0.00 0.00 0.00 8.00
frallylicoxid 0.13 0.54 0.00 0.00 0.00 0.00 6.00
framide 0.04 0.23 0.00 0.00 0.00 0.00 2.00
framidine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
franiline 0.07 0.29 0.00 0.00 0.00 0.00 2.00
frarylmethyl 017 049 0.00 0.00 0.00 0.00 3.00
frazide 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frazo 0.00 0.00 0.00 0.00 0.00 0.00 0.00
froarbitur 0.00 0.00 0.00 0.00 0.00 0.00 0.00
froenzene 044 0.68 0.00 0.00 0.00 1.00 4.00
froenzodiazepine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frbicyclic 0.15 0.71 0.00 0.00 0.00 0.00 12.00
frdiazo 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frdihydropyridine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
froxazole 0.00 0.00 0.00 0.00 0.00 0.00 0.00
froxime 0.00 0.04 0.00 0.00 0.00 0.00 1.00
frparahydroxylation 0.09 038 0.00 0.00 0.00 0.00 4.00
frphenol 0.08 0.27 0.00 0.00 0.00 0.00 1.00
frohenolnoOrthoHbond 0.07 0.26 0.00 0.00 0.00 0.00 1.00
frohosacid 0.00 0.07 0.00 0.00 0.00 0.00 1.00
frohosester 0.00 0.07 0.00 0.00 0.00 0.00 1.00
frpiperdine 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frpiperzine 0.00 0.07 0.00 0.00 0.00 0.00 1.00
frpriamide 0.01 0.08 0.00 0.00 0.00 0.00 1.00
frprisulfonamd 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frpyridine 0.04 0.19 0.00 0.00 0.00 0.00 1.00
frquatN 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frsulfide 0.02 0.14 0.00 0.00 0.00 0.00 1.00
frsulfonamd 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frsulfone 0.00 0.07 0.00 0.00 0.00 0.00 1.00
frtermacetylene 0.01 0.10 0.00 0.00 0.00 0.00 1.00
frtetrazole 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frthiazole 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frthiocyan 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frthiophene 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frunbrchalkane 0.29 0.87 0.00 0.00 0.00 0.00 6.00
frurea 0.00 0.04 0.00 0.00 0.00 0.00 1.00

STD indicates the standard deviation, measuring the spread of a variable around its mean. MIN and MAX indicate the minimum and maximum values observed for
each variable, respectively. Quartiles divide the data into four equal parts when sorted in ascending order: Q1 represents the 25th percentile, Q2 the median (50th
percentile), and Q3 the 75th percentile

F.2: ESOL
See Table 17.
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Table 17 Summary statistics of Solubility and 209 molecular descriptors

Descriptor Mean STD Min Q1 Q2 Q3 Max
Solubility (target) —3.05 2.10 —=11.60 —4.32 —2.86 —=1.60 1.58
MaxEStatelndex 8.24 3.71 0.00 5.05 9.19 11.48 17.26
MinEStatelndex —0.18 129 —5.57 —0.61 —0.05 0.74 4.00
MaxAbsEStatelndex 8.24 3.71 0.00 5.05 9.19 11.48 17.26
MinAbsEStatelndex 049 049 0.00 0.11 0.31 0.79 4.00
ged 0.55 0.15 0.15 045 0.53 0.65 093
MolWt 203.94 102.74 16.04 121.18 182.18 270.37 780.95
HeavyAtomMolWt 191.49 99.32 12.01 112.09 172.10 256.66 71644
ExactMolWt 203.46 102.40 16.03 121.09 182.08 270.16 78043
NumValenceElectrons 72.06 36.15 8.00 44.00 64.00 94.00 312.00
NumRadicalElectrons 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MaxPartialCharge 0.17 0.14 —0.12 0.05 0.16 0.30 0.65
MinPartialCharge —0.30 0.15 —0.75 —041 —0.34 —0.12 —0.04
MaxAbsPartialCharge 0.31 0.15 0.04 0.14 035 043 0.75
MinAbsPartialCharge 0.17 0.12 0.00 0.05 0.15 0.28 044
FpDensityMorgan1 1.13 0.36 0.19 0.90 1.14 1.35 2.00
FpDensityMorgan2 1.66 044 031 139 1.73 2.00 267
FpDensityMorgan3 2.07 0.54 042 173 215 247 323
BCUT2DMWHI 25.66 19.01 12.01 16.16 16.53 35.50 126.92
BCUT2DMWLOW 10.20 0.39 941 10.02 10.16 1033 12.01
BCUT2DCHGHI 207 0.31 —0.08 1.89 2.06 223 332
BCUT2DCHGLO —2.05 0.25 —2.81 —2.19 —2.04 —1.92 —0.08
BCUT2DLOGPHI 217 0.28 0.14 2.03 218 2.34 3.13
BCUT2DLOGPLOW —2.02 0.34 —3.03 —2.26 —2.00 —1.80 0.14
BCUT2DMRHI 6.18 1.51 2.50 5.36 591 6.41 14.20
BCUT2DMRLOW 048 0.70 —0.80 —0.12 0.25 1.00 3.31
BalabanJ 268 0.57 0.00 230 272 3.03 481
BertzCT 33045 275.39 0.00 78.99 27571 513.73 1552.14
Chio 9.88 4.85 0.00 5.98 8.67 13.10 39.19
Chion 7.75 388 0.00 491 7.08 9.93 3290
Chiov 848 4.04 0.00 536 7.51 11.10 3290
Chi1 6.30 328 0.00 379 561 842 26.01
Chiln 437 243 0.00 2.62 3.95 556 20.94
Chilv 4.90 2.61 0.00 295 4.26 6.49 20.94
Chi2n 324 218 0.00 1.76 2.85 4.21 18.82
Chi2v 3.89 2.54 0.00 2.09 3.26 493 18.82
Chi3n 218 191 0.00 0.99 1.71 2.81 15.95
Chi3v 2.68 228 0.00 117 2.04 347 17.29
Chidn 147 1.59 0.00 0.52 1.02 1.86 12.78
Chidv 1.81 1.92 0.00 0.64 1.24 241 16.03
HallKierAlpha —0.92 1.01 —4.68 =159 —0.92 —0.11 348
lpc 217 x 10° 524 x 100 0.00 64.05 505.76 10105.88 146 x 10'?
Kappal 9.99 4.95 0.00 6.16 8.64 12.97 40.51
Kappa2 436 248 0.00 257 385 5.60 25.00
Kappa3 4.09 33.72 —27.04 1.39 227 3.74 1128.96
LabuteASA 8333 4044 8.74 51.72 73.14 111.84 32332
PEOEVSA1 543 743 0.00 0.00 4.74 947 79.86
PEOEVSA10 3.73 6.75 0.00 0.00 0.00 575 73.75
PEOEVSATI1 1.70 4.10 0.00 0.00 0.00 0.00 3558
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Descriptor Mean STD Min Q1 Q2 Q3 Max
PEOEVSA12 1.64 3.83 0.00 0.00 0.00 0.00 2041
PEOEVSA13 1.01 283 0.00 0.00 0.00 0.00 34.83
PEOEVSA14 1.87 348 0.00 0.00 0.00 5.63 23.63
PEOEVSA2 357 583 0.00 0.00 0.00 4.79 4045
PEOEVSA3 2.01 4.03 0.00 0.00 0.00 4.39 28.11
PEOEVSA4 0.99 335 0.00 0.00 0.00 0.00 2295
PEOEVSAS5 1.61 643 0.00 0.00 0.00 0.00 9281
PEOEVSA6 2523 2157 0.00 11.60 20.27 36.40 167.95
PEOEVSA7 20.51 18.10 0.00 642 16.38 2852 113.22
PEOEVSA8 791 8.71 0.00 0.00 6.07 12.39 61.84
PEOEVSA9 557 7.86 0.00 0.00 0.00 9.85 5443
SMRVSA1 734 9.05 0.00 0.00 492 9.90 79.86
SMRVSA10 16.80 18.06 0.00 0.00 11.60 23.32 139.21
SMRVSA2 0.12 0.84 0.00 0.00 0.00 0.00 10.52
SMRVSA3 255 487 0.00 0.00 0.00 490 29.53
SMRVSA4 2.82 6.84 0.00 0.00 0.00 0.00 39.92
SMRVSA5 19.74 2269 0.00 0.00 13.66 31.50 197.18
SMRVSA6 539 8.02 0.00 0.00 0.00 711 64.75
SMRVSA7 25.68 2338 0.00 0.00 2531 3842 149.19
SMRVSA8 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SMRVSA9 231 4.72 0.00 0.00 0.00 0.00 40.07
SlogPVSA1 290 458 0.00 0.00 0.00 532 24.84
SlogPVSA10 259 5.09 0.00 0.00 0.00 4.79 3592
SlogPVSAT1 1.34 350 0.00 0.00 0.00 0.00 2875
SlogPVSA12 9.27 17.72 0.00 0.00 0.00 11.60 139.21
SlogPVSA2 14.09 16.20 0.00 443 11.21 19.28 168.11
SlogPVSA3 4.54 6.89 0.00 0.00 0.00 6.72 41.71
SlogPVSA4 481 836 0.00 0.00 0.00 6.92 4744
SlogPVSAS 1845 2061 0.00 0.00 13.09 27.69 167.95
SlogPVSA6 2043 19.95 0.00 0.00 18.20 30.33 126.68
SlogPVSA7 1.81 548 0.00 0.00 0.00 0.00 50.23
SlogPVSA8 253 6.97 0.00 0.00 0.00 0.00 64.63
SlogPVSA9 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TPSA 34.87 3538 0.00 0.00 2630 55.44 268.68
EStateVSA1 5.83 12.25 0.00 0.00 0.00 6.09 111.94
EStateVSA10 5.19 7.30 0.00 0.00 4.39 9.59 56.17
EStateVSAT1 0.04 045 0.00 0.00 0.00 0.00 878
EStateVSA2 6.20 8.84 0.00 0.00 462 10.83 61.35
EStateVSA3 721 8.84 0.00 0.00 5.56 12.01 60.28
EStateVSA4 7.81 10.15 0.00 0.00 557 11.84 64.21
EStateVSAS 997 1391 0.00 0.00 6.07 13.89 154.10
EStateVSA6 751 11.10 0.00 0.00 0.00 12.14 62.63
EStateVSA7 1048 15.00 0.00 0.00 0.00 18.20 97.07
EStateVSA8 1242 15.69 0.00 0.00 6.92 16.18 84.93
EStateVSA9 10.11 17.11 0.00 0.00 4.74 11.60 139.21
VSAEStatel 421 9.72 —3.84 0.00 0.00 482 96.82
VSAEState10 3.88 8.59 0.00 0.00 0.00 519 79.99
VSAEState2 852 10.88 —14.32 0.00 3.28 12.94 67.99
VSAEState3 543 9.50 —9.32 0.00 213 859 108.91
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Descriptor Mean STD Min Q1 Q2 Q3 Max
VSAEState4 0.84 2.11 —7.26 0.00 0.00 1.35 19.28
VSAEState5 0.17 1.04 —9.68 0.00 0.00 0.36 5.90
VSAEState6 5.06 6.45 —2.64 0.00 213 8.05 32.11
VSAEState7 1.77 378 —21.77 0.00 0.00 2.70 3539
VSAEState8 2.52 2.87 —545 0.00 1.97 435 13.27
VSAEState9 0.24 1.34 —9.42 0.00 0.00 0.00 1147
FractionCSP3 044 037 0.00 0.10 0.36 0.80 1.00
HeavyAtomCount 13.29 6.88 1.00 8.00 12.00 18.00 55.00
NHOHCount 0.77 1.21 0.00 0.00 0.00 1.00 11.00
NOCount 243 242 0.00 0.00 2.00 4.00 16.00
NumAliphaticCarbocycles 0.29 091 0.00 0.00 0.00 0.00 6.00
NumAliphaticHeterocycles 0.17 045 0.00 0.00 0.00 0.00 4.00
NumAliphaticRings 046 1.05 0.00 0.00 0.00 0.00 8.00
NumAromaticCarbocycles 0.75 0.94 0.00 0.00 1.00 1.00 7.00
NumAromaticHeterocycles 0.19 047 0.00 0.00 0.00 0.00 2.00
NumAromaticRings 0.93 1.01 0.00 0.00 1.00 2.00 7.00
NumHAcceptors 211 215 0.00 0.00 2.00 3.00 16.00
NumHDonors 0.70 1.09 0.00 0.00 0.00 1.00 11.00
NumHeteroatoms 335 2.79 0.00 1.00 3.00 5.00 16.00
NumRotatableBonds 218 2.64 0.00 0.00 1.00 3.00 23.00
NumSaturatedCarbocycles 0.20 0.71 0.00 0.00 0.00 0.00 6.00
NumSaturatedHeterocycles 0.11 037 0.00 0.00 0.00 0.00 3.00
NumSaturatedRings 0.31 0.84 0.00 0.00 0.00 0.00 7.00
RingCount 1.39 1.32 0.00 0.00 1.00 2.00 8.00
MolLogP 245 1.85 —7.57 141 2.34 340 10.39
MolMR 54.02 2528 6.73 3442 48.52 72.26 192,61
frAICOO 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frAIOH 0.25 087 0.00 0.00 0.00 0.00 11.00
frAIOHnoTert 0.21 0.82 0.00 0.00 0.00 0.00 11.00
frArN 0.04 0.23 0.00 0.00 0.00 0.00 3.00
frArCOO 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frArN 0.30 0.85 0.00 0.00 0.00 0.00 6.00
frArNH 0.04 0.25 0.00 0.00 0.00 0.00 4.00
frArOH 0.10 0.37 0.00 0.00 0.00 0.00 5.00
frCOO 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frCO02 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frCO 0.53 0.86 0.00 0.00 0.00 1.00 6.00
frCONoCOO 053 0.86 0.00 0.00 0.00 1.00 6.00
frCS 0.01 0.12 0.00 0.00 0.00 0.00 2.00
frHOCCN 0.00 0.03 0.00 0.00 0.00 0.00 1.00
frimine 0.01 0.12 0.00 0.00 0.00 0.00 2.00
frNHO 0.51 1.00 0.00 0.00 0.00 1.00 6.00
frNH1 0.27 061 0.00 0.00 0.00 0.00 4.00
frNH2 0.08 0.30 0.00 0.00 0.00 0.00 3.00
friNO 0.01 0.12 0.00 0.00 0.00 0.00 2.00
frNdealkylation1 0.01 0.10 0.00 0.00 0.00 0.00 1.00
frNdealkylation2 0.00 0.04 0.00 0.00 0.00 0.00 1.00
friNhpyrrole 0.04 0.25 0.00 0.00 0.00 0.00 400

frSH 0.00 0.07 0.00 0.00 0.00 0.00 1.00
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Descriptor Mean STD Min Q1 Q2 Q3 Max
fraldehyde 0.02 0.12 0.00 0.00 0.00 0.00 1.00
fralkylcarbamate 0.00 0.03 0.00 0.00 0.00 0.00 1.00
fralkylhalide 0.26 0.96 0.00 0.00 0.00 0.00 12.00
frallylicoxid 0.22 073 0.00 0.00 0.00 0.00 8.00
framide 038 0.94 0.00 0.00 0.00 0.00 8.00
framidine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
franiline 0.22 0.58 0.00 0.00 0.00 0.00 4.00
frarylmethyl 0.18 053 0.00 0.00 0.00 0.00 4.00
frazide 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frazo 0.00 0.03 0.00 0.00 0.00 0.00 1.00
frbarbitur 0.03 0.18 0.00 0.00 0.00 0.00 2.00
froenzene 0.75 0.94 0.00 0.00 1.00 1.00 7.00
frbenzodiazepine 0.01 0.07 0.00 0.00 0.00 0.00 1.00
frbicyclic 0.58 1.40 0.00 0.00 0.00 0.00 12.00
frdiazo 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frdihydropyridine 0.00 0.03 0.00 0.00 0.00 0.00 1.00
frepoxide 0.00 0.05 0.00 0.00 0.00 0.00 1.00
frester 0.10 034 0.00 0.00 0.00 0.00 3.00
frether 0.30 0.76 0.00 0.00 0.00 0.00 9.00
frfuran 0.01 0.08 0.00 0.00 0.00 0.00 1.00
frguanido 0.00 0.05 0.00 0.00 0.00 0.00 1.00
frhalogen 0.74 1.54 0.00 0.00 0.00 1.00 12.00
frhdrzine 0.01 0.10 0.00 0.00 0.00 0.00 1.00
frhdrzone 0.00 0.03 0.00 0.00 0.00 0.00 1.00
frimidazole 0.01 0.12 0.00 0.00 0.00 0.00 1.00
frimide 0.09 0.40 0.00 0.00 0.00 0.00 4.00
frisocyan 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frisothiocyan 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frketone 0.11 040 0.00 0.00 0.00 0.00 3.00
frketoneTopliss 0.07 0.27 0.00 0.00 0.00 0.00 2.00
frlactam 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frlactone 0.01 0.08 0.00 0.00 0.00 0.00 1.00
frmethoxy 0.07 030 0.00 0.00 0.00 0.00 3.00
frmorpholine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frnitrile 0.02 0.16 0.00 0.00 0.00 0.00 2.00
frnitro 0.07 0.31 0.00 0.00 0.00 0.00 3.00
frnitroarom 0.06 0.30 0.00 0.00 0.00 0.00 3.00
frnitroaromnonortho 0.03 0.19 0.00 0.00 0.00 0.00 3.00
frnitroso 0.00 0.00 0.00 0.00 0.00 0.00 0.00
froxazole 0.00 0.05 0.00 0.00 0.00 0.00 1.00
froxime 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frparahydroxylation 0.13 042 0.00 0.00 0.00 0.00 3.00
frphenol 0.09 035 0.00 0.00 0.00 0.00 4.00
frohenolnoOrthoHbond 0.09 0.35 0.00 0.00 0.00 0.00 4.00
frphosacid 0.01 0.07 0.00 0.00 0.00 0.00 1.00
frohosester 0.01 0.07 0.00 0.00 0.00 0.00 1.00
frpiperdine 0.01 0.08 0.00 0.00 0.00 0.00 1.00
frpiperzine 0.00 0.03 0.00 0.00 0.00 0.00 1.00

frpriamide 0.01 0.13 0.00 0.00 0.00 0.00 2.00
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Table 17 (continued)

Descriptor Mean STD Min Q1 Q2 Q3 Max
frprisulfonamd 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frpyridine 0.05 0.26 0.00 0.00 0.00 0.00 2.00
frquatN 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frsulfide 0.03 0.17 0.00 0.00 0.00 0.00 1.00
frsulfonamd 0.02 0.17 0.00 0.00 0.00 0.00 2.00
frsulfone 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frtermacetylene 0.01 0.1 0.00 0.00 0.00 0.00 1.00
frtetrazole 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frthiazole 0.01 0.08 0.00 0.00 0.00 0.00 1.00
frthiocyan 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frthiophene 0.00 0.04 0.00 0.00 0.00 0.00 1.00
frunbrchalkane 0.30 141 0.00 0.00 0.00 0.00 21.00
frurea 0.07 0.27 0.00 0.00 0.00 0.00 2.00

STD indicates the standard deviation, measuring the spread of a variable around its mean. MIN and MAX indicate the minimum and maximum values observed for
each variable, respectively. Quartiles divide the data into four equal parts when sorted in ascending order: Q1 represents the 25th percentile, Q2 the median (50th
percentile), and Q3 the 75th percentile

F.3: Self-curated gas
See Table 18.



Jang et al. Journal of Cheminformatics (2026) 18:18 Page 42 of 52
Table 18 Summary statistics of Vapor Pressure and 209 molecular descriptors

Descriptor Mean STD Min Q1 Q2 Q3 Max
Vapor pressure (target) —1.53 3.09 —1045 —3.69 —0.70 0.79 567
MaxEStatelndex 7.09 3.61 0.00 3.66 6.55 10.37 14.27
MinEStatelndex —0.14 1.54 —9.81 —0.51 0.29 0.87 3.50
MaxAbsEStatelndex 7.09 3.61 0.00 3.66 6.55 10.37 14.27
MinAbsEStatelndex 0.65 0.66 0.00 0.19 048 1.00 7.66
ged 051 0.12 0.09 043 0.50 0.58 094
MolWt 17291 9231 16.04 110.10 144.16 218.04 943.17
HeavyAtomMolWt 160.60 90.25 12.01 96.09 132.10 204.19 943.17
ExactMolWt 172.50 91.89 16.03 109.97 143.95 21797 933.18
NumValenceElectrons 61.59 29.09 7.00 42.00 54.00 76.00 242.00
NumRadicalElectrons 0.00 0.05 0.00 0.00 0.00 0.00 2.00
MaxPartialCharge 0.14 0.16 —0.41 0.00 0.12 0.29 1.00
MinPartialCharge —0.28 0.16 —1.00 —042 —0.30 —0.10 0.00
MaxAbsPartialCharge 0.29 0.16 0.00 0.10 033 045 1.00
MinAbsPartialCharge 0.15 0.13 0.00 0.04 0.12 0.26 0.54
FpDensityMorgan1 1.15 0.39 0.15 0.88 1.15 1.40 2.00
FpDensityMorgan2 1.63 047 0.24 1.31 1.67 2.00 267
FpDensityMorgan3 1.95 0.53 0.31 157 2.00 2.36 3.15
BCUT2DMWHI 24.84 17.54 12.01 14.64 16.50 3292 126.92
BCUT2DMWLOW 10.36 1.97 9.41 10.06 10.20 10.38 79.90
BCUT2DCHGHI 2.00 0.28 —0.41 1.87 1.99 217 3.32
BCUT2DCHGLO —2.00 0.23 —2.81 —2.13 —2.01 —1.91 0.00
BCUT2DLOGPHI 211 0.29 —0.48 1.98 212 228 3.13
BCUT2DLOGPLOW —1.94 0.29 —3.03 —2.12 —1.95 —1.80 0.85
BCUT2DMRHI 597 1.51 0.82 4.87 5.70 643 14.20
BCUT2DMRLOW 047 0.67 —1.11 —0.01 033 0.77 893
BalabanJ 284 0.64 0.00 243 285 3.15 8.21
BertzCT 21161 21348 0.00 52.74 136.72 311.80 121917
Chio 8.37 3.92 0.00 5.70 740 10.49 33.58
Chion 6.73 3.17 0.00 457 6.13 8.25 24.86
Chiov 743 3.60 0.00 5.01 6.51 9.16 32.86
Chi1 5.18 261 0.00 331 446 6.79 17.64
Chiln 3.72 1.94 0.00 241 343 4.68 16.41
Chilv 4.35 267 0.00 2.71 3.68 538 3557
Chi2n 268 1.59 0.00 1.60 243 347 1334
Chi2v 346 2.85 0.00 1.89 2.82 4.32 4430
Chi3n 1.59 111 0.00 0.77 142 2.21 771
Chi3v 219 2.25 0.00 0.96 1.65 2.84 3539
Chi4n 0.97 0.84 0.00 0.35 0.78 1.40 6.34
Chidv 142 239 0.00 042 094 1.81 47.12
HallKierAlpha =055 0.82 —4.01 —1.00 —048 —0.04 348
Ipc 130 x 10° 286 x 100 0.00 3440 130,65 1589.72 134 % 108
Kappal 9.04 4.46 0.00 6.02 7.79 11.21 38.07
Kappa2 445 3.20 —27.04 251 359 563 32.00
Kappa3 14.90 255.23 —104.04 1.58 2.81 4.87 9507.96
LabuteASA 7041 3375 6.10 46.24 60.65 88.39 213.51
PEOEVSA1 3.80 4.60 0.00 0.00 452 511 3292
PEOEVSA10 214 4.22 0.00 0.00 0.00 5.02 38.99
PEOEVSAT1 1.14 379 0.00 0.00 0.00 0.00 34.63
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Descriptor Mean STD Min Q1 Q2 Q3 Max
PEOEVSA12 0.68 2.54 0.00 0.00 0.00 0.00 34.90
PEOEVSA13 051 1.95 0.00 0.00 0.00 0.00 20.35
PEOEVSA14 2.31 572 0.00 0.00 0.00 0.00 82.86
PEOEVSA2 1.96 3.83 0.00 0.00 0.00 4.79 30.34
PEOEVSA3 1.16 3.17 0.00 0.00 0.00 0.00 40.46
PEOEVSA4 1.55 5.64 0.00 0.00 0.00 0.00 11854
PEOEVSAS 1.63 5.62 0.00 0.00 0.00 0.00 9281
PEOEVSA6 26.03 23.86 0.00 6.58 23.20 38.97 212.89
PEOEVSA7 1645 13.93 0.00 6.42 12.84 24.27 159.30
PEOEVSA8 597 7.92 0.00 0.00 447 11.09 55.85
PEOEVSA9 441 713 0.00 0.00 0.00 6.61 52.86
SMRVSA1 6.29 8.15 0.00 0.00 4.79 9.59 11854
SMRVSA10 12.78 17.39 0.00 0.00 597 18.53 159.30
SMRVSA2 0.13 0.96 0.00 0.00 0.00 0.00 15.79
SMRVSA3 1.07 311 0.00 0.00 0.00 0.00 24.69
SMRVSA4 1.86 415 0.00 0.00 0.00 0.00 29.59
SMRVSAS 21.99 2329 0.00 4.84 13.85 3330 212.89
SMRVSA6 5.02 7.94 0.00 0.00 0.00 6.67 56.38
SMRVSA7 18.75 2135 0.00 0.00 12.15 34.89 109.19
SMRVSA8 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SMRVSA9 1.84 441 0.00 0.00 0.00 0.00 29.72
SlogPVSA1 142 323 0.00 0.00 0.00 0.00 34.66
SlogPVSA10 1.86 6.13 0.00 0.00 0.00 0.00 118.54
SlogPVSAT1 1.19 352 0.00 0.00 0.00 0.00 2352
SlogPVSA12 832 15.87 0.00 0.00 0.00 11.60 159.30
SlogPVSA2 10.52 11.59 0.00 0.00 6.54 1548 77.10
SlogPVSA3 413 6.55 0.00 0.00 0.00 642 46.02
SlogPVSA4 3.63 6.36 0.00 0.00 0.00 592 4744
SlogPVSAS 20.80 22.86 0.00 0.00 13.85 32.34 212.89
SlogPVSA6 14.69 17.78 0.00 0.00 11.65 24.27 109.19
SlogPVSA7 1.85 728 0.00 0.00 0.00 0.00 117.85
SlogPVSA8 133 4.72 0.00 0.00 0.00 0.00 53.86
SlogPVSA9 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TPSA 21.70 24.27 0.00 0.00 17.07 3553 20948
EStateVSA1 349 7.75 0.00 0.00 0.00 5.60 77.10
EStateVSA10 3.46 6.76 0.00 0.00 0.00 4.79 11854
EStateVSAT1 0.00 0.00 0.00 0.00 0.00 0.00 0.00
EStateVSA2 392 6.92 0.00 0.00 0.00 597 61.35
EStateVSA3 541 8.03 0.00 0.00 0.00 6.61 50.73
EStateVSA4 6.38 7.99 0.00 0.00 556 11.38 64.21
EStateVSAS 11.78 1840 0.00 0.00 5.69 16.69 199.05
EStateVSA6 5.22 953 0.00 0.00 0.00 6.92 72.80
EStateVSA7 7.84 12.79 0.00 0.00 0.00 12.18 91.00
EStateVSA8 13.55 1642 0.00 0.00 6.92 20.77 15930
EStateVSA9 8.68 15.10 0.00 0.00 0.00 10.25 139.21
VSAEState1 593 15.99 —3.84 0.00 0.00 5.09 349.32
VSAEState10 325 7.27 —4.38 0.00 0.00 348 79.99
VSAEState2 458 7.30 —14.32 0.00 0.00 9.96 56.15
VSAEState3 2.83 4.99 —9.32 0.00 0.00 418 40.21
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Descriptor Mean STD Min Q1 Q2 Q3 Max
VSAEState4 0.73 1.75 —7.91 0.00 0.00 1.09 1541
VSAEState5 0.08 2.66 —5543 0.00 0.00 049 1046
VSAEState6 3.59 5.61 —2943 0.00 0.00 6.68 38.97
VSAEState7 227 4.76 —25.31 0.00 047 332 45.89
VSAEState8 3.27 3.73 —5.88 0.00 225 5.14 3830
VSAEState9 0.13 1.38 —20.28 0.00 0.00 0.00 1143
FractionCSP3 0.57 0.38 0.00 0.20 0.61 1.00 1.00
HeavyAtomCount 10.98 546 1.00 7.00 10.00 14.00 40.00
NHOHCount 035 0.72 0.00 0.00 0.00 0.00 7.00
NOCount 157 1.83 0.00 0.00 1.00 2.00 16.00
NumAliphaticCarbocycles 0.12 044 0.00 0.00 0.00 0.00 6.00
NumAliphaticHeterocycles 0.07 0.28 0.00 0.00 0.00 0.00 4.00
NumAliphaticRings 0.19 0.53 0.00 0.00 0.00 0.00 6.00
NumAromaticCarbocycles 0.52 0.78 0.00 0.00 0.00 1.00 6.00
NumAromaticHeterocycles 0.09 0.30 0.00 0.00 0.00 0.00 2.00
NumAromaticRings 0.61 0.85 0.00 0.00 0.00 1.00 6.00
NumHAcceptors 152 1.74 0.00 0.00 1.00 2.00 12.00
NumHDonors 031 0.59 0.00 0.00 0.00 1.00 5.00
NumHeteroatoms 2.60 2.72 0.00 1.00 2.00 4.00 28.00
NumRotatableBonds 267 3.24 0.00 0.00 2.00 4.00 30.00
NumSaturatedCarbocycles 0.09 037 0.00 0.00 0.00 0.00 6.00
NumSaturatedHeterocycles 0.04 0.24 0.00 0.00 0.00 0.00 4.00
NumSaturatedRings 0.13 044 0.00 0.00 0.00 0.00 6.00
RingCount 0.80 0.97 0.00 0.00 1.00 1.00 6.00
MolLogP 2.59 1.75 —4.66 1.51 244 342 13.12
MolMR 46.22 2214 250 30.70 40.64 59.25 159.18
frAICOO 0.03 0.19 0.00 0.00 0.00 0.00 2.00
frAIOH 0.10 034 0.00 0.00 0.00 0.00 4.00
frAlOHNoTert 0.08 032 0.00 0.00 0.00 0.00 4.00
frArN 0.02 017 0.00 0.00 0.00 0.00 3.00
frArCOO 0.01 0.09 0.00 0.00 0.00 0.00 2.00
frArN 013 0.53 0.00 0.00 0.00 0.00 5.00
frArNH 0.01 0.08 0.00 0.00 0.00 0.00 2.00
frArOH 0.05 0.21 0.00 0.00 0.00 0.00 2.00
frCOO 0.04 0.21 0.00 0.00 0.00 0.00 2.00
frCO02 0.04 0.21 0.00 0.00 0.00 0.00 2.00
frCO 0.31 0.58 0.00 0.00 0.00 1.00 3.00
frCONoCOO 0.28 0.56 0.00 0.00 0.00 0.00 3.00
frCS 0.01 0.09 0.00 0.00 0.00 0.00 2.00
frHOCCN 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frimine 0.01 0.11 0.00 0.00 0.00 0.00 3.00
frINHO 0.29 0.73 0.00 0.00 0.00 0.00 6.00
frNH1 0.08 032 0.00 0.00 0.00 0.00 4.00
frNH2 0.04 0.24 0.00 0.00 0.00 0.00 3.00
fiINO 0.00 0.09 0.00 0.00 0.00 0.00 2.00
frNdealkylation1 0.01 0.08 0.00 0.00 0.00 0.00 1.00
frNdealkylation2 0.00 0.06 0.00 0.00 0.00 0.00 1.00
friNhpyrrole 0.01 0.08 0.00 0.00 0.00 0.00 2.00

frSH 0.01 0.1 0.00 0.00 0.00 0.00 2.00
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Descriptor Mean STD Min Q1 Q2 Q3 Max
fraldehyde 0.02 0.16 0.00 0.00 0.00 0.00 2.00
fralkylcarbamate 0.00 0.04 0.00 0.00 0.00 0.00 2.00
fralkylhalide 0.38 1.38 0.00 0.00 0.00 0.00 27.00
frallylicoxid 0.22 0.71 0.00 0.00 0.00 0.00 8.00
framide 0.07 0.34 0.00 0.00 0.00 0.00 5.00
framidine 0.00 0.04 0.00 0.00 0.00 0.00 2.00
franiline 0.07 032 0.00 0.00 0.00 0.00 4.00
frarylmethyl 017 0.50 0.00 0.00 0.00 0.00 4.00
frazide 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frazo 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frbarbitur 0.00 0.02 0.00 0.00 0.00 0.00 1.00
frbenzene 0.52 0.78 0.00 0.00 0.00 1.00 6.00
frbenzodiazepine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frbicyclic 0.18 0.70 0.00 0.00 0.00 0.00 12.00
frdiazo 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frdihydropyridine 0.00 0.00 0.00 0.00 0.00 0.00 0.00
froxazole 0.00 0.03 0.00 0.00 0.00 0.00 1.00
froxime 0.01 0.09 0.00 0.00 0.00 0.00 2.00
frparahydroxylation 0.08 034 0.00 0.00 0.00 0.00 4.00
frphenol 0.04 0.21 0.00 0.00 0.00 0.00 2.00
frphenolnoOrthoHbond 0.04 0.21 0.00 0.00 0.00 0.00 2.00
frphosacid 0.01 0.11 0.00 0.00 0.00 0.00 2.00
frphosester 0.01 0.11 0.00 0.00 0.00 0.00 2.00
frpiperdine 0.00 0.08 0.00 0.00 0.00 0.00 3.00
frpiperzine 0.00 0.06 0.00 0.00 0.00 0.00 3.00
frpriamide 0.00 0.08 0.00 0.00 0.00 0.00 2.00
frprisulfonamd 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frpyridine 0.02 0.14 0.00 0.00 0.00 0.00 2.00
frquatN 0.00 0.02 0.00 0.00 0.00 0.00 1.00
frsulfide 0.03 017 0.00 0.00 0.00 0.00 2.00
frsulfonamd 0.00 0.05 0.00 0.00 0.00 0.00 1.00
frsulfone 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frtermacetylene 0.01 0.11 0.00 0.00 0.00 0.00 2.00
frtetrazole 0.00 0.02 0.00 0.00 0.00 0.00 1.00
frthiazole 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frthiocyan 0.00 0.02 0.00 0.00 0.00 0.00 1.00
frthiophene 0.01 0.09 0.00 0.00 0.00 0.00 1.00
frunbrchalkane 0.67 228 0.00 0.00 0.00 0.00 28.00
frurea 0.01 0.10 0.00 0.00 0.00 0.00 2.00

STD indicates the standard deviation, measuring the spread of a variable around its mean. MIN and MAX indicate the minimum and maximum values observed for
each variable, respectively. Quartiles divide the data into four equal parts when sorted in ascending order: Q1 represents the 25th percentile, Q2 the median (50th
percentile), and Q3 the 75th percentile

F.4: Self-curated solubility
See Table 19.
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Table 19 Summary statistics of Solubility and 209 molecular descriptors

Descriptor Mean STD Min Q1 Q2 Q3 Max
Solubility (target) —2.87 2.06 —1747 —4.14 =275 —=1.50 1.70
MaxEStatelndex 9.51 3.26 0.00 6.26 10.61 11.92 17.81
MinEStatelndex —0.64 1.27 —6.88 —0.92 —035 0.00 400
MaxAbsEStatelndex 9.51 3.26 0.00 6.26 10.61 11.92 17.81
MinAbsEStatelndex 0.23 0.34 0.00 0.00 0.10 0.31 4.50
ged 0.58 0.19 0.02 046 0.60 073 094
MolWt 284.14 128.69 16.04 194.22 268.32 350.26 1583.58
HeavyAtomMolWt 265.18 120.79 12.01 182.11 250.19 326.55 1475.73
ExactMolWt 283.64 128.48 16.03 194.08 268.12 349.22 1582.65
NumValenceElectrons 102.21 46.31 2.00 70.00 98.00 126.00 618.00
NumRadicalElectrons 0.00 0.06 0.00 0.00 0.00 0.00 3.00
MaxPartialCharge 0.25 0.20 —0.41 012 0.24 033 3.00
MinPartialCharge —046 0.21 —1.00 —049 —0.44 —0.34 1.00
MaxAbsPartialCharge 048 0.24 0.00 0.35 045 0.50 3.00
MinAbsPartialCharge 0.23 0.14 0.00 0.12 0.24 032 1.00
FpDensityMorgan1 1.15 0.29 0.19 1.00 117 1.33 2.00
FpDensityMorgan2 1.75 0.38 0.29 1.54 1.81 2.00 2.75
FpDensityMorgan3 226 049 033 2.00 2.35 2.59 345
BCUT2DMWHI 30.84 23.15 12.01 1641 19.41 3545 126.93
BCUT2DMWLOW 10.09 0.31 0.01 9.95 10.10 10.21 14.01
BCUT2DCHGHI 2.19 0.22 —0.37 2.06 217 2.31 3.30
BCUT2DCHGLO —2.18 0.20 —2.80 —232 —2.18 —2.05 —0.08
BCUT2DLOGPHI 223 0.20 —0.48 2.13 2.24 2.35 3.09
BCUT2DLOGPLOW —2.32 0.35 —3.21 —247 —2.30 —2.11 0.14
BCUT2DMRHI 633 1.38 213 572 5.93 633 14.28
BCUT2DMRLOW 0.06 0.53 —2.00 —0.14 0.03 0.28 3.31
BalabanJ 1.77 1.28 —0.00 0.00 211 275 6.05
BertzCT 47344 31292 0.00 259.62 427.36 644.54 4074.50
Chio 13.44 597 0.00 942 12.82 16.23 81.48
Chion 11.00 5.03 0.00 743 1042 13.72 62.08
Chiov 11.87 529 0.00 8.03 11.25 14.85 62.97
Chi1 8.76 4,01 0.00 5.95 833 10.78 50.88
Chiln 6.26 3.08 0.00 4.05 5.84 7.96 35.30
Chilv 6.71 3.18 0.00 437 6.33 852 3853
Chi2n 4.74 262 0.00 287 431 6.13 28.79
Chi2v 5.25 2.86 0.00 3.25 4.85 6.76 82.66
Chi3n 3.28 217 0.00 1.75 285 434 21.07
Chi3v 3.65 2.25 0.00 2.01 3.26 4.84 21.60
Chidn 227 1.78 0.00 1.05 1.83 3.02 16.52
Chidv 255 1.86 0.00 1.22 217 343 19.15
HallKierAlpha —1.25 1.07 —9.20 —1.85 —132 —0.58 12.66
Ipc 489 x 1025 458 x 102 0.00 723.09 9095.77 138 x 10° 429 x 10%°
Kappal 14.87 7.19 0.00 9.89 13.90 1847 91.71
Kappa2 6.77 393 0.00 4.09 6.02 8.60 62.81
Kappa3 493 20.85 —27.04 2.18 340 534 112896
LabuteASA 116.63 5136 8.74 79.76 11136 14436 627.65
PEOEVSAT 12.78 1261 0.00 511 9.90 1574 165.89
PEOEVSA10 5.80 821 —0.06 0.00 541 6.61 121.83
PEOEVSAT1 254 5.28 0.00 0.00 0.00 511 7277
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PEOEVSA12 1.78 373 0.00 0.00 0.00 0.00 53.39
PEOEVSA13 1.12 284 0.00 0.00 0.00 0.00 3544
PEOEVSA14 3.95 9.62 0.00 0.00 0.00 597 354.69
PEOEVSA2 4.61 559 0.00 0.00 4.79 5.84 57.84
PEOEVSA3 273 435 0.00 0.00 0.00 4.79 33.67
PEOEVSA4 1.21 3.63 0.00 0.00 0.00 0.00 52.68
PEOEVSAS 346 745 0.00 0.00 0.00 0.00 92.81
PEOEVSA6 24.00 21.26 0.00 6.42 1941 36.03 251.92
PEOEVSA7 28.90 21.60 0.00 12.84 2435 3892 161.93
PEOEVSA8 13.58 12.55 0.00 556 11.64 19.26 114.14
PEOEVSA9 9.88 11.66 0.00 0.00 642 13.21 117.88
SMRVSA1 14.76 16.13 0.00 4.79 9.90 19.37 467.94
SMRVSA10 16.94 14.47 0.00 597 1241 23.56 170.67
SMRVSA2 0.14 1.00 0.00 0.00 0.00 0.00 15.79
SMRVSA3 447 513 0.00 0.00 4.90 532 61.80
SMRVSA4 348 7.1 0.00 0.00 0.00 573 94.71
SMRVSAS 2561 25.66 —0.06 6.92 19.77 37.89 296.55
SMRVSA6 15.46 15.18 0.00 0.00 13.09 2495 137.90
SMRVSA7 3250 25.03 0.00 1213 29.83 48.03 180.54
SMRVSA8 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SMRVSA9 298 540 0.00 0.00 0.00 575 68.51
SlogPVSA1 841 11.88 0.00 0.00 532 10.63 41341
SlogPVSA10 264 4.76 0.00 0.00 0.00 5.69 73.64
SlogPVSAT1 221 447 0.00 0.00 0.00 5.75 46.00
SlogPVSA12 779 12.75 0.00 0.00 0.00 12.22 13555
SlogPVSA2 30.18 23.76 —0.06 13.09 25.54 40.36 370.27
SlogPVSA3 7.04 7.89 0.00 0.00 4.79 10.21 94.49
SlogPVSA4 4.25 7.58 0.00 0.00 0.00 6.92 71.02
SlogPVSA5 2423 21.70 0.00 6.92 1941 34.12 29045
SlogPVSA6 26.40 21.32 0.00 1111 2427 41.14 170.18
SlogPVSA7 0.80 2.79 0.00 0.00 0.00 0.00 35.16
SlogPVSA8 241 571 0.00 0.00 0.00 0.00 65.34
SlogPVSA9 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TPSA 53.98 47.27 0.00 24.06 46.17 69.92 896.66
EStateVSA1 752 15.13 0.00 0.00 0.00 10.02 250.73
EStateVSA10 6.79 798 0.00 0.00 4.79 9.59 10941
EStateVSA11 0.02 037 0.00 0.00 0.00 0.00 14.38
EStateVSA2 13.08 13.52 0.00 541 11.66 1845 354.69
EStateVSA3 9.64 1044 0.00 0.00 642 13.21 117.88
EStateVSA4 15.69 15.14 —0.06 457 12.04 24.95 104.72
EStateVSAS 14.05 19.02 0.00 0.00 6.92 19.26 192.62
EStateVSA6 834 11.66 0.00 0.00 0.00 12.99 124.63
EStateVSA7 13.96 16.80 0.00 0.00 6.92 24.27 139.53
EStateVSA8 18.33 20.56 0.00 498 11.05 25.67 221.16
EStateVSA9 893 1062 0.00 0.00 511 11.69 13633
VSAEStatel 6.87 11.77 —3.70 0.00 295 7.96 15295
VSAEState10 1.84 433 —5.10 0.00 0.00 149 65.67
VSAEState2 11.77 12.06 —3.76 135 10.75 16.59 164.67

VSAEState3 7.57 11.62 —9.32 0.00 3.20 1042 153.27
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Table 19 (continued)

Descriptor Mean STD Min Q1 Q2 Q3 Max
VSAEState4 2.10 3.12 —9.03 0.00 1.14 3.16 38.76
VSAEState5 0.12 1.76 —34.01 —0.22 0.00 0.65 12.58
VSAEState6 6.90 6.81 —9.66 0.00 6.07 10.57 44.64
VSAEState7 230 4.25 —36.18 0.00 1.16 3.81 62.70
VSAEState8 347 3.72 —6.81 0.29 249 521 3212
VSAEState9 0.76 242 —40.11 0.00 0.00 1.63 17.51
FractionCSP3 047 0.30 0.00 0.25 043 067 1.00
HeavyAtomCount 18.69 849 1.00 13.00 18.00 23.00 109.00
NHOHCount 147 1.90 0.00 0.00 1.00 2.00 38.00
NOCount 3.90 2.87 0.00 2.00 3.00 5.00 50.00
NumAliphaticCarbocycles 0.28 083 0.00 0.00 0.00 0.00 7.00
NumAliphaticHeterocycles 047 0.78 0.00 0.00 0.00 1.00 8.00
NumAliphaticRings 0.75 1.16 0.00 0.00 0.00 1.00 10.00
NumAromaticCarbocycles 0.90 0.85 0.00 0.00 1.00 1.00 7.00
NumAromaticHeterocycles 0.25 0.52 0.00 0.00 0.00 0.00 6.00
NumAromaticRings 1.15 095 0.00 0.00 1.00 2.00 7.00
NumHAcceptors 3.24 2.46 0.00 2.00 3.00 4.00 36.00
NumHDonors 123 1.52 0.00 0.00 1.00 2.00 30.00
NumHeteroatoms 4.85 3.05 0.00 3.00 4.00 6.00 53.00
NumRotatableBonds 4.20 347 0.00 2.00 4.00 6.00 47.00
NumSaturatedCarbocycles 0.19 0.69 0.00 0.00 0.00 0.00 6.00
NumSaturatedHeterocycles 034 0.67 0.00 0.00 0.00 1.00 6.00
NumSaturatedRings 0.53 0.98 0.00 0.00 0.00 1.00 10.00
RingCount 1.90 141 0.00 1.00 2.00 3.00 16.00
MolLogP 1.84 243 —46.67 0.78 2.01 333 1643
MoIMR 73.98 3235 0.00 50.30 70.79 9232 37022
frAICOO 0.11 0.44 0.00 0.00 0.00 0.00 6.00
frAIOH 0.31 091 0.00 0.00 0.00 0.00 14.00
frAlOHNnoTert 0.26 0.83 0.00 0.00 0.00 0.00 13.00
frArN 0.06 0.28 0.00 0.00 0.00 0.00 3.00
frArCOO 0.02 0.17 0.00 0.00 0.00 0.00 3.00
frArN 033 0.81 0.00 0.00 0.00 0.00 8.00
frArNH 0.05 0.23 0.00 0.00 0.00 0.00 3.00
frArOH 0.11 040 0.00 0.00 0.00 0.00 6.00
frCOO 0.14 046 0.00 0.00 0.00 0.00 6.00
frCO02 0.14 047 0.00 0.00 0.00 0.00 6.00
frCO 0.71 0.94 0.00 0.00 0.00 1.00 12.00
frCONoCOO 0.59 0.85 0.00 0.00 0.00 1.00 12.00
frCS 0.01 013 0.00 0.00 0.00 0.00 2.00
frHOCCN 0.01 012 0.00 0.00 0.00 0.00 2.00
frimine 0.03 0.21 0.00 0.00 0.00 0.00 4.00
frNHO 0.93 1.10 0.00 0.00 1.00 1.00 9.00
frNH1 041 0.66 0.00 0.00 0.00 1.00 8.00
frNH2 0.21 0.52 0.00 0.00 0.00 0.00 8.00
fiINO 0.02 0.18 0.00 0.00 0.00 0.00 6.00
frNdealkylation1 0.15 040 0.00 0.00 0.00 0.00 4.00
frNdealkylation2 0.10 032 0.00 0.00 0.00 0.00 4.00
friNhpyrrole 0.05 023 0.00 0.00 0.00 0.00 3.00

frSH 0.01 0.10 0.00 0.00 0.00 0.00 2.00
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Table 19 (continued)

Descriptor Mean STD Min Q1 Q2 Q3 Max
fraldehyde 0.01 0.09 0.00 0.00 0.00 0.00 2.00
fralkylcarbamate 0.01 0.12 0.00 0.00 0.00 0.00 2.00
fralkylhalide 0.15 0.70 0.00 0.00 0.00 0.00 12.00
frallylicoxid 0.14 067 0.00 0.00 0.00 0.00 12.00
framide 0.36 0.78 0.00 0.00 0.00 0.00 10.00
framidine 0.02 0.16 0.00 0.00 0.00 0.00 2.00
franiline 0.25 0.57 0.00 0.00 0.00 0.00 6.00
frarylmethyl 0.19 0.50 0.00 0.00 0.00 0.00 6.00
frazide 0.00 0.01 0.00 0.00 0.00 0.00 1.00
frazo 0.00 0.04 0.00 0.00 0.00 0.00 1.00
frbarbitur 0.01 011 0.00 0.00 0.00 0.00 2.00
froenzene 0.90 0.85 0.00 0.00 1.00 1.00 7.00
frbenzodiazepine 0.00 0.06 0.00 0.00 0.00 0.00 1.00
frbicyclic 0.58 1.21 0.00 0.00 0.00 1.00 15.00
frdiazo 0.00 0.02 0.00 0.00 0.00 0.00 2.00
frdihydropyridine 0.00 0.03 0.00 0.00 0.00 0.00 1.00
froxazole 0.01 0.11 0.00 0.00 0.00 0.00 2.00
froster 0.13 0.41 0.00 0.00 0.00 0.00 6.00
frother 0.58 1.00 0.00 0.00 0.00 1.00 11.00
frfuran 0.01 0.12 0.00 0.00 0.00 0.00 2.00
frguanido 0.01 0.13 0.00 0.00 0.00 0.00 4,00
frhalogen 067 1.09 0.00 0.00 0.00 1.00 12.00
frhdrzine 0.01 0.13 0.00 0.00 0.00 0.00 3.00
frhdrzone 0.01 0.11 0.00 0.00 0.00 0.00 2.00
frimidazole 0.02 0.16 0.00 0.00 0.00 0.00 2.00
frimide 0.04 0.25 0.00 0.00 0.00 0.00 4.00
frisocyan 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frisothiocyan 0.00 0.03 0.00 0.00 0.00 0.00 2.00
frketone 0.11 0.38 0.00 0.00 0.00 0.00 400
frketoneTopliss 0.08 0.31 0.00 0.00 0.00 0.00 4.00
frlactam 0.01 0.07 0.00 0.00 0.00 0.00 2.00
frlactone 0.01 0.13 0.00 0.00 0.00 0.00 6.00
frmethoxy 0.15 052 0.00 0.00 0.00 0.00 6.00
frmorpholine 0.02 0.15 0.00 0.00 0.00 0.00 2.00
frnitrile 0.02 0.15 0.00 0.00 0.00 0.00 3.00
frnitro 0.05 0.24 0.00 0.00 0.00 0.00 3.00
frnitroarom 003 0.18 0.00 0.00 0.00 0.00 3.00
frnitroaromnonortho 0.02 0.14 0.00 0.00 0.00 0.00 3.00
frnitroso 0.01 0.09 0.00 0.00 0.00 0.00 2.00
froxazole 0.01 0.1 0.00 0.00 0.00 0.00 1.00
froxime 0.00 0.06 0.00 0.00 0.00 0.00 2.00
frparahydroxylation 0.18 048 0.00 0.00 0.00 0.00 4.00
frphenol 0.10 0.39 0.00 0.00 0.00 0.00 6.00
frohenolnoOrthoHbond 0.09 0.38 0.00 0.00 0.00 0.00 6.00
frphosacid 0.01 0.13 0.00 0.00 0.00 0.00 6.00
frphosester 0.01 0.10 0.00 0.00 0.00 0.00 6.00
frpiperdine 0.11 0.40 0.00 0.00 0.00 0.00 6.00
frpiperzine 0.05 0.22 0.00 0.00 0.00 0.00 4.00

froriamide 0.05 0.26 0.00 0.00 0.00 0.00 6.00
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Descriptor Mean STD Min Q1 Q2 Q3 Max
frprisulfonamd 0.00 0.00 0.00 0.00 0.00 0.00 0.00
frpyridine 0.08 0.29 0.00 0.00 0.00 0.00 6.00
frquatN 0.12 039 0.00 0.00 0.00 0.00 2.00
frsulfide 0.05 0.26 0.00 0.00 0.00 0.00 2.00
frsulfonamd 0.02 017 0.00 0.00 0.00 0.00 2.00
frsulfone 0.00 0.07 0.00 0.00 0.00 0.00 2.00
frtermacetylene 0.01 0.10 0.00 0.00 0.00 0.00 2.00
frtetrazole 0.00 0.04 0.00 0.00 0.00 0.00 1.00
frthiazole 0.01 0.10 0.00 0.00 0.00 0.00 2.00
frthiocyan 0.00 0.04 0.00 0.00 0.00 0.00 1.00
frthiophene 0.01 0.10 0.00 0.00 0.00 0.00 2.00
frunbrchalkane 048 1.74 0.00 0.00 0.00 0.00 33.00
frurea 0.03 0.19 0.00 0.00 0.00 0.00 4.00

STD indicates the standard deviation, measuring the spread of a variable around its mean. MIN and MAX indicate the minimum and maximum values observed for
each variable, respectively. Quartiles divide the data into four equal parts when sorted in ascending order: Q1 represents the 25th percentile, Q2 the median (50th

percentile), and Q3 the 75th percentile

Abbreviations

GCN Graph convolutional networks
GNN Graph neural networks

GAT Graph attention networks

GIN Graph isomorphism networks
Al Aritifical intelligence

ISIS Iterative sure independence screening
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MSE Mean squared error

MAE Mean absolute error

FreeSolv  Free solvation

ESOL Estimated solubility

PCA Principal component analysis
R? Coefficient of determination

SHAP Shapley additive explanations
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