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Abstract. The shape of a molecule determines its physicochemical and 
biological properties. However, it is often underrepresented in standard 
molecular representation learning approaches. Here, we propose using 
the Euler Characteristic Transform (ECT) as a geometrical-topological 
descriptor. Computed directly from molecular graphs constructed using 
handcrafted atomic features, the ECT enables the extraction of multi-
scale structural features, offering a novel way to encode molecular shape 
in the feature space. We assess the predictive performance of this repre-
sentation across nine benchmark regression datasets, all centered around
predicting the inhibition constant .Ki. In addition, we compare our pro-
posed ECT-based descriptor against traditional molecular representa-
tions and methods, such as molecular fingerprints/descriptors and graph 
neural networks (GNNs). Our results show that our ECT-based rep-
resentation achieves competitive performance, ranking among the best-
performing methods on several datasets. More importantly, combining 
our descriptor with established representations, particularly with the 
AVALON fingerprint, significantly enhances predictive performance,  out-
performing other methods on most datasets. These findings highlight the 
complementary value of multiscale topological information and its poten-
tial for being combined with established techniques. Our study suggests 
that hybrid approaches incorporating explicit shape information can lead 
to more informative and robust molecular representations, enhancing and 
opening new avenues in molecular machine learning. To supp ort repro-
ducibility and foster open biomedical research, we provide open access
to all experiments and code used in this work.

Keywords: Euler Characteristic Transform · Topological Data 
Analysis · Molecular Machine Learning · Molecular Representations

1 Introduction 

Understanding and predicting the properties of molecules is at the core of mo dern 
medicine and healthcare. Almost all pharmaceutical agents, like small-molecule
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drugs or diagnostic agents, are molecular in nature, and their therapeutic efficacy 
is critically dependent on their physicochemical and biological properties. From 
drug discovery to personalized medicine, the ability to predict how a molecule 
will behave in the body (its solubility, toxicity, bioavailability, and binding affin-
ity), as well as predicting molecule properties, is essential for developing safe 
and effective treatments. Given the high costs and long timelines associated with 
traditional drug d iscovery, predictive modeling has emerged as a vital tool for 
improving the efficiency of the early stages of drug development, enabling faster 
screening o f potential candidates and reducing the need for extensive experimen-
tal testing [4,9,31]. However, despite significant advancements, predicting molec-
ular properties remains a challenge due to the complexity of molecular behavior. 
Traditional molecular representations, such as fingerprints or descriptors, often 
fail to fully capture the rich structure and shape information that influence a 
molecule’s function in a biological context [8,32]. This gap is particularly pro-
nounced when trying to predict properties like the inhibition constant (.Ki), a key 
parameter in drug–target interactions, where even small changes in molecular 
shape can lead to large differences in binding affinity [10,29]. Recent develop-
ments in molecular machine learning (MML) have demonstrated the potential 
of deep learning techniques in general and graph-based models in particular to 
improve predictive performance [2,15]. However, many of these models still fail to 
fully capture the topological and geometric aspects of molecular shape, proving 
detrimental to the learning outcome. For example, methods like Graph Neural
Networks (GNNs) [13] may capture some of the structural information, but they 
often overlook the importance of representing the s hape in a comprehensive and 
multiscale way [17]. 

Algebraic topology [14,22] and topological data analysis [12,20]  can  provide  
powerful tools to analyze the shape of molecular data, as shown by recent studies
[26]. The Euler Characteristic Transform (ECT) [21,24], for example, could be 
a topological representation of molecules that captures the molecular shape b y 
tracking changes in the Euler characteristic [19] across different scales and direc-
tions of the feature space. By incorporating topological shape information, the 
ECT allows us to represent and encode the molecular structure in a multiscale 
and novel way, capturing essential shape details that traditional representations 
may miss. Recent studies have sho wn the promise of the ECT in other fields, 
such as biology and material science, where shap e plays a crucial role in deter-
mining functional properties [1,25]. In this work, we compare and explore the 
use of the ECT-based molecular representation, which is computed directly over 
molecular graphs derived from handcrafted atomic features, to predict .Ki,  a  key  
molecular property, as well as perform a comparison between our approach and 
traditional methods over a series of nine binding affinity datasets. By using this 
topological representation, as well as combining it with traditional molecular rep-
resentations, we aim to enhance predictive performance and provide new insights 
into the role of molecular shape in molecular machine learning. Our experiments 
shows that our ECT-based approach exhibites competitive predictive perfor-
mance, in some cases even outperforming all alternative and traditional meth-
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ods. In addition, our experiments show that the combination of our ECT-based 
approach with existing methods, more specifically with the AVALON fingerprint, 
leads to further enhance predictive performance, thus highlighting the comple-
mentary value of multiscale topological and shape information. Ultimately, our 
work contributes to the growing body of evidence suggesting that incorporating 
molecular shape at a f undamental level can lead to more robust and informa-
tive molecular representations, opening up new avenues for the design o f better
molecular machine learning models and more effective therapies.

The remainder of this paper is organized as follows: Firstly, Sect. 2 intro-
duces the foundational concepts relevant to our study, including molecular struc-
tures and their representations, traditional molecular descriptors, and the Euler 
Characteristic Transform. Section 3 details the datasets employed, the tradi-
tional representations included for comparison in the experiments, our proposed 
ECT-based approach, and the overall experimental setup. The r esults of our 
experiments, with a comprehensive discussion, are presented in Sect. 4. Finally, 
conclusions and future work are discussed in Sect. 5. 

2 Background 

Molecules [6] are the fundamental building blocks of chemical and biological 
systems. In the context of drug discovery [11], small molecules are designed or 
screened for their ability to modulate the activity of specific biological targets, 
typically proteins. The interaction between a drug and its target is governed 
by a complex interplay of properties, including molecular shape, electronic dis-
tribution, and physicochemical characteristics such as hydrophobicity, polarity, 
and charge. Accurately modeling and predicting these properties is a central 
challenge in cheminformatics and molecular machine learning [32]. 

In practice, molecules are often represented in formats that facilitate both 
human readability and algorithmic processing. One of the most widely used 
textual encodings is the SMILES (Simplified Molecular Input Line Entry Sys-
tem) notation, which encodes a molecule as a string describing the atoms and 
their connectivity through a series of characters and symbols. For example, the 
SMILES string CC(O)=O represents acetic acid. This format is compact, easily 
parsed, and widely supported in cheminformatics toolkits. However, SMILES 
do not directly convey geometric or spatial information, and small changes in 
the string can correspond to large structural differences. From molecular s truc-
tures (e.g. SMILES, although alternative encodings exist), it is common to derive
graph-based representations [13], where atoms are modeled as nodes and cova-
lent bonds as edges, possibly enriched with additional features such as atomic 
types, bond orders, or aromaticity indicators. These molecular graphs serve a s 
the foundation for numerous machine learning models, facilitating the use of 
graph-based algorithms and neural networks [9]. They also provide the basis for 
computing molecular representations such as fingerprints, descriptors, and our 
ECT-based representation. An example of the molecular graph of acetic acid is 
shown in Fig. 1a.
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Traditionally, computational models for molecular machine learning tasks 
have relied on handcrafted molecular representations [32]. Among these are 
molecular descriptors (e.g., FGCount or 2DAP), which are numerical features 
derived from molecules, such as atom counts, topological indices, or electronic 
properties, and molecular fingerprints (e.g., AVALON or MACCS), which rep-
resent the presence of specific substructures or chemical motifs as binary or 
count vectors. Both types of features are computed directly from the molecular 
graph structure. These representations have been successfully applied in a variety 
of tasks such as quantitative structure–activity relationship (QSAR) modeling, 
molecule classification, and property prediction. However, they often suffer from 
a lack of expressiveness and poor generalization to out-of-distribution chemi-
cal spaces, especially in the presence of subtle variations in molecular geometry
[3,8,33]. 

In recent years Graph Neural Networks (GNNs) [13], have become a dominant 
paradigm in molecular property prediction, extending neural networks to graph-
based data. The core mechanism of most GNNs is message passing, which itera-
tively propagates information across the graph elements. While GNNs can cap-
ture relational and structural information more flexibly than fixed descriptors, 
they often lack explicit access to multiscale shape information. Moreover, they 
may struggle to distinguish between molecules that are topologically or geometri-
cally distinct but share similar local connectivity [15]. Methods from Topological 
Data Analysis (TDA) [12] provide a complementary perspective. Instead of rely-
ing on raw atomic positions, handcrafted atomic features or purely local graph 
structures, TD A extracts global shape features from data, capturing relevan t
geometric information at multiple scales [20], making it thus particularly suit-
able for applications in the life sciences [30]. A particularly relevant tool within 
this framework is the Euler Characteristic Transform (ECT) [21,24,25,28], a 
method that combines ideas from algebraic topology with geometric data anal-
ysis. The ECT operates by filtering a shape, such as a molecular graph, across 
multiple scales and directions in the feature space, and computing the Euler
characteristic [19], denoted b y . χ. This geometrical-topological quantity encodes 
information about the number of connected components, holes, and voids at 
each step (scale) of the filtration. Moreover, it is an invariant, i.e., it will remain 
unchanged under any smooth transformation applied to a shape. Put briefly, 
the Euler characteristic can be seen as a summary statistic of the shape of a 
graph or simplicial complex. To fully understand this tool and how molecules 
are represented as graphs, we next provide a more detailed intro duction about
graphs and simplicial complexes, serving as the starting point for computing the
Euler characteristic and the ECT.

Graphs. Graphs enable the modeling of real-world systems by focusing on dyadic 
relationships between elements. Formally, a graph .G = (V,E) consists of a finite 
set of vertices .V = {v1, v2, . . . , vn}, which represent entities (e.g. atoms in a 
molecule), and a set of edges .E ⊆ {{u, v} | u, v ∈ V and u = v}, which rep-
resent pairwise relationships (e.g., chemical bonds). In cheminformatics, graphs 
are the natural way to represent molecules, nodes corresponds to atoms, typi-
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cally encoded as a feature vector , and edges to chemical bonds. However, to 
extract richer geometric and topological information, we can generalize graphs 
into structures called simplicial complexes. The graph of the acetid acid molecule
shown in Fig. 1a (visualized in .2D) contains 8 vertices, which corresponds to 2 
carbon atoms, 2 oxygen atoms, and 4 hydrogen atoms and 7 edges, with . {H,O}
being an example of an edge between two v ertices (representing a c hemical bond).

Simplicial complexes. An (abstract) simplicial complex .K is a data structure for 
representing topological spaces, which generalizes a graph by permitting more 
than mere dyadic relations. It is defined as a family of sets (simplices)  that  is  
closed under taking subsets, meaning that if a set (like a triangle) is part of the 
complex, then so are all its faces (edges and vertices). More formally, a simplicial 
complex is obtained by a nested family of simplices, which are the elementary
building blocks, for example: a .0-simplex can be thought of as a point (vertex), 
a .1-simplex as an edge, a .2-simplex as a filled triangle, and a .3-simplex as a filled 
tetrahedron. Eac h .k-simplex has .k + 1 faces obtained by removing one of the 
vertices. For example, the graph of Fig. 1a can also be seen as a .1-dimensional 
simplicial complex with 8 .0-simplices and 7 .1-simplices. 

The Euler characteristic is a key topological invariant of a simplicial com-
plex . K, being defined as: 

.χ(K) =
n

k=0

(−1)k|K(k)|, (1) 

where .|K(k)| denotes the number (cardinality) of .k-simplices in the simpli-
cial complex . K. Hence, the Euler characteristic is an alternating sum of the 
number of simplices (elements) in each dimension. In the case of (molecular) 
graphs, which only consist of .0-simplices (vertices) and .1-simplices (edges), this 
is reduced to: 

.χ = |V | − |E|. (2) 

For example, the Euler characteristic of the acetic acid graph presented in Fig. 1a 
is 1 (. 8 vertices - . 7 edges). 

Taken on its own, the Euler characteristic lacks sufficient complexity to fully 
describe a shape, but if we think of computing it at different scales (thresholds), 
considering we have a dynamic object, which grows in the number of their com-
ponents (vertices, edges, etc.) across time, we may observe significant changes 
on it. This leads to the concept of the Euler Characteristic Curve (ECC), which 
tracks how the topological complexity of a shape evolves over different scales. 
To formalize this dynamic view and to compute the Euler characteristic at dif-
ferent scales, we use the notion of a filtration, leading to a filtered simplicial
complex. More formally, a filtered simplicial complex is a collection of subcom-
plexes .{K(t) | t ∈ R} of a simplicial complex .K such that .K(t) ⊆ K(s) for 
.t < s and there exists .tmax ∈ R such that .K(tmax) = K.  The  filtration time 
(or filtration value) of a simplex .σ ∈ K is the smallest . t such that .σ ∈ K(t). 
To illustrate the concept of a filtration, consider the graph representation of the
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acetic acid molecule shown in Fig. 1b. Each node (atom) is assigned a scalar 
value, which in this case corresponds to its projection onto a fixed direction, 
which corresponds to the x-axis direction for that example. These scalar values 
determine the filtration times of the nodes: a node enters the filtration at the 
time equal to its value. Formally, this means we construct a sequence of sub-
graphs (subcomplexes), .{K(t) | t ∈ R} such that eac h .K(t) contains all nodes 
and edges whose filtration time is less than or equal to . t. Since an edge can only 
appear after both its incident nodes hav e appeared, the filtration is nested, we
have .K(t) ⊆ K(s) for .t < s. An illustrative example is shown in Fig. 1c, where 
the molecular graph of Fig. 1a evolves as the filtration parameter increases along 
the x-axis direction. At each step, new atoms (nodes) and b onds (edges) are 
incorporated according to their associated filtration values, as shown in Fig. 1b, 
progressively revealing the full molecular topology .

Euler Characteristic Transforms. While the ECC already provides a summary of 
how the topological complexity of a shape evolves with respect to a single filtra-
tion parameter, it is often insufficient to fully characterize a high-dimensional or 
intricate structure like a molecule. This is where the Euler Characteristic Trans-
form (ECT) comes into play, making it possible to characterize shapes based 
on multiple filtrations, parameterized using a direction vector. Specifically, each 
direction provides a differen t view of the data, capturing how the topological 
features of the structure unfold when the complex is filtered using a different 
criterion. To better understand this, imagine a 2D or 3D object (like a molecule
embedded in space). If we project the molecule along a certain direction, for
example along the .x-axis, we can define a filtration by sweeping a hyperplane 
orthogonally to that axis and including simplices as their associated values fall 
below a certain threshold. This process gives us an ECC in the .x-direction. Now, 
if we repeat this process in another direction, for example along the .y-axis, we will 
generally obtain a different ECC, since the structure of the molecule may appear 
differently from that angle. The key idea is that each direction typically provides 
complementary topological information. Thus, the ECT is formally defined as 
the collection of Euler characteristic curves obtained by filtering a shape along 
a family of directions, which for molecule graphs are sampled randomly in the 
high-dimensional node feature space. For example, for a given molecule and its 
graph, the ECT produces a collection of curves (ECCs), each corresponding to a 
different direction in the node feature space. By aggregating all these curves into 
a single descriptor, the ECT captures ho w the topology of the molecule evolves
as a function of spatial thresholds, providing a rich and compact descriptor of
molecular shape. Refer to Fig. 1d for the ECC of the molecule graph in Fig. 1a 
along the .x-axis direction, and to Fig. 1e for an ECT example of this graph, 
built by stacking multiple ECCs, visualized as a matrix, where each column 
corresponds to a direction, each row to a threshold level in the filtration pro-
cess, and the color intensity encodes the Euler characteristic value. Note that 
the  numbers shown on the .x-axis and .y-axis of these figures do not represent 
the actual threshold and directions values used during filtration, but rather the 
index of the threshold and direction step. The resulting feature set derived from
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(a) Molecule Graph example (b) Filtration values along x-axis direction 

(c) Filtration sequence along x-axis direction 

(d) Euler Characteristic Curve (e) Euler Characteristic Transform 

Fig. 1. Extracting topological shape information from molecular graphs. (a): Exem-
plary 2D graph representation of the acetic acid molecule, derived from its SMILES 
string CC(O)=O. The graph contains 8 vertices (2 carbon, 2 oxygen, and 4 hydrogen 
atoms) and 7 edges, resulting in an Euler characteristic of 1 (.χ =  1). (b): Filtration 
values of the nodes along the x-axis direction. (c) Filtration sequence along the x-axis 
direction. (d): ECC computed for the x-axis direction. In the figure, the x-axis rep-
resents the filtration thresholds values, and the y-axis shows the corresponding Euler 
characteristic values. (e): ECT example, built by stacking the ECC along 10 random 
directions from the molecule graph of (a). Columns correspond to directions, rows to 
thresholds (set to 20), and color intensit y encodes the Euler characteristic value.
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the ECT encodes both multiscale and directional information, resulting in a 
highly expressive representation that can be used in machine learning models as 
input features for both classification and regression tasks, and that can comple-
ment traditional descriptors and graph-based methods. Hence, the ECT has been 
successfully applied for various machine-learning tasks [1,25]. While the Euler 
characteristic itself has previously been used in molecular dynamics [18,27], to 
our knowledge, our work is the first to explore the use of the ECT in the context 
of molecular machine learning.

3 Materials and Methods 

Having described a novel and multiscale topology-based approach to represent 
molecules, we conduct an extensive suite of experiments to explore and assess its 
effectiv eness against established methods such as molecular fingerprints, descrip-
tors, and graph neural networks.

3.1 Datasets 

We concentrate on a number of datasets from different biochemical domains. 
Specifically, we use a collection of nine p rotein-ligand binding affinity datasets, 
all focused on predicting the inhibition constant .Ki,  a  key  measure  of  how  
strongly a molecule binds to a given protein target. These datasets a re sourced
from BindingDB1 and cover a variety of biologically relevant proteins. The 
dataset associated with the alpha1A adrenergic receptor (ADRA1A) contains 
1959 molecules; the one for the arachidonate 5-lipoxygenase-activating protein 
(ALOX5AP) includes 1636 molecules; and the dataset for the ataxia telangiec-
tasia and Rad3-related protein (ATR) consists of 1411 molecules. For human 
dipeptidyl peptidase-4 (DPP4), the dataset comprises 3345 molecules, while the 
Janus kinase proteins JAK1 and JAK2 include 3058 and 1449 molecules, respec-
tively. The kappa-type opioid r eceptor (KOR) dataset contains 1685 molecules, 
and the two datasets corresponding to subtypes of muscarinic receptors (MUSC1 
and MUSC2) consist of 2129 and 1109 molecules, respectively. These m olecule
counts correspond to the pre-processed data, from which molecules with missing
or invalid .Ki binding affinity values were excluded, and only unique SMILES rep-
resentations were retained. Despite targeting different proteins, all d atasets share 
a unified prediction task: estimating the binding affinity constant .Ki. Experi-
ments were conducted both individually for each dataset and on a combined 
dataset comprising 16558 unique molecules.

3.2 Methods 

We organize our description of the methods according to the type of molecular 
representation used, as this choice determines the applicable machine learning

1 https://www.bindingdb.org/. 

https://www.bindingdb.org/
https://www.bindingdb.org/
https://www.bindingdb.org/
https://www.bindingdb.org/
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Table 1. List of molecular representations, grouped by their respective categories and 
sorted alphabetically within each group. For each representation, the category and 
corresponding feature vector dimensionality are provided.

Representation name Representation Category Dimension 

Molecule graph Graph -

AVALON Fingerprint 1024 
CATS2D Fingerprint 189 
ECFP4 Fingerprint 1024 
EState Fingerprint 79 
KR Fingerprint 4860 
MACCS Fingerprint 166 
MAP4 Fingerprint 1024 
Pharm2D Fingerprint 1024 
PubChem Fingerprint 881 
RDKit Fingerprint 1024 

2DAP Descriptor 1596 
ConstIdx Descriptor 50 
FGCount Descriptor 153 
MolProp Descriptor 14 
RingDesc Descriptor 35 
TOPO Descriptor 74 
WalkPath Descriptor 46 

ECT (ours) Multiscale Topological 2528 
ECT + AVALON Fingerprint (ours) Multiscale Topological 3552 

approaches. Table 1 summarizes the representations, including their category and 
feature vector dimensionality. Note that dimensionality is not defined for graph-
based representations. In total, we have 4 different categories of representations: 
molecular graphs, fingerprints, descriptors, and our topological representation 
based on the ECT. The latter includes two variants: using the ECT alone, or 
combined with the AVALON molecular fingerprint, which consists of concate-
nating the ECT with the AVALON fingerprint. A VALON was chosen for its 
widespread use and solid performance. In future work, we aim to study whether 
there are specific combinations of represen tations that can perform even better;
please refer to our discussion in (Sect. 5). 

When using the molecular graph representation, we use graph neural net-
works as the underlying machine learning models, since they are specialized for 
this type of data input. Concretely, we used two standard GNN models, a graph 
attention network (GAT) and a g raph convolutional network (GCN), as well 
as an specialized graph neural network for m olecular machine learning, named
“AttentiveFP” [33]. For all other representations, we use an XGBoost [5]  model,  
which has consistently shown strong performance in variety of tasks.
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3.3 Experimental Setup 

Molecule graphs are extracted from the SMILES strings provided in the datasets 
using the PyTorch Geometric2 Python package, which encoded nodes (atoms) 
as a 9-dimensional handcrafted feature vector. Specifically, each vector includes 
the following categorical atomic features: (1) atomic number, (2) chirality tag, 
(3) total degree, (4) formal charge, (5) total number of bonded hydrogens, (6) 
number of radical electrons, (7) hybridization type, (8) aromaticity , and (9) ring 
membership. The ECT is then computed over this multidimensional feature 
space. Based on a prior sensitivity analysis, we fixed the number of directions . θ
and filtration thresholds . r to compute the ECT t o .158 and . 16, respectively. To 
validate this choice, we evaluated our ECT-descriptor on the A DRA1A dataset 
across a grid of values (.θ, r ∈ {10, 20, 40, 60, 80, 100, 140, 180, 200}), training 
XGBoost regressors on each configuration using 10-fold cross-validation. Predic-
tive performance was measured using the Root Mean Squared Error (RMSE). 
This analysis revealed that the number of directions has a substantially greater 
impact on predictive performance than the number of filtration thresholds. 
For instance, increasing the number of directions from 20 to 40 led to notice-
able improvements in model accuracy. However, performance gains plateaued 
at higher values, with little to no improvement observed between 180 and 200 
directions. In contrast, varying the number of filtration thresholds had mini-
mal effect on performance a cross a wide range of values. This is quantitatively
supported by Pearson correlations: .−0.74 between .theta and RMSE, and . −0.13
between . r and RMSE. Therefore, we selected .158 directions to ensure sufficient 
expressiveness while limiting the number of thresholds to .16 to reduce computa-
tional cost and dimensionality without sacrificing predictive performance. The 
resulting ECT-based feature vector has a dimensionality of .2528, as summarized 
in Table 1. All ECTs have been computed using the DECT Python package [25]. 

To fairly evaluate the predictive performance of both traditional vector-
based and ECT-based methods, we designed two experimental setups: one using 
XGBoost for vector representations (fingerprints, descriptors, and ECT), and 
another using graph neural netw orks (GNNs) operating directly on the molecu-
lar graphs. For vector-based representations, we employed the XGBoost regres-
sor [5], trained with .1000 estimators, a learning rate of .0.01, and a maximum 
tree depth o f . 5. For the graph-based models, we explored three architectures: 
Graph Convolutional Networks (GCN), Graph Attention Networks (GAT), and 
the “AttentiveFP” model. The GCN was configured with two convolutional lay-
ers and .64 hidden channels. The GAT model used eight attention heads, each 
with eight hidden units. Both GCN and GAT architectures followed the design 
principles of Platonov et al. [23], including a two-layer perceptron after each 
neighborhood aggregation step, skip connections, and layer n ormalization. The 
“AttentiveFP” model was configured with .64 hidden units, a single output chan-
nel, four message-passing layers, and two attention-based up date steps. Dropout 
was set to .0.2. All GNN models were trained for .100 epochs using the ADAM

2 https://pytorch-geometric.readthedocs.io/. 

https://pytorch-geometric.readthedocs.io/
https://pytorch-geometric.readthedocs.io/
https://pytorch-geometric.readthedocs.io/
https://pytorch-geometric.readthedocs.io/
https://pytorch-geometric.readthedocs.io/
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optimizer with a learning rate of .10−2.5 and a weight decay o f .10−5.  A  .10-fold 
cross-validation strategy was applied for all the methods with shuffling and a 
fixed random seed to ensure reproducibility. Model evaluation was conducted 
using two metrics: RMSE, and co efficient of determination (R2). This was done 
separately for each d ataset and for the combined one.

4 Results 

Table 2 provides an overview of all results for the different representations for 
each dataset, as well as for all datasets combined into a single one. Overall, we 
observe that already the ECT on its own provides meaningful and effective fea-
tures for molecular machine learning, outperforming all alternative methods on 
ADRA1A. In combination with the AVALON molecular fingerprint, w e observe 
generally improved baseline predictive performance in 5/9 datasets, as well as 
on the combined dataset. Thus, the ECT p erforms consistently well, showing its
potential for creating generalizable features.

Table 2. Results (RMSE, reported as mean . ± standard deviation across 10-fold cross-
validation) for the collection of molecular datasets. Rows corresponds to different rep-
resentation methods grouped b y category (GNNs, fingerprints, descriptors, and ECT-
based). C olumns correspond to datasets.

Method Dataset 
ADRA1A ALOX5P ATR DPP4 JAK1 JAK2 KOR MUSC1 MUSC2 Combined 

AttentiveFP 2.01 .± 0.05 2.01 .± 0.29 1.42 .± 0.12 0.90 .± 0.06 1.10 .± 0.12 1.60 .± 0.20 2.17 .± 0.19 2.19 .± 0.10 2.03 .± 0.18 2.43 .± 0.27 
GAT 2.65 .± 0.17 2.45 .± 0.17 1.81 .± 0.09 1.18 .± 0.05 1.99 .± 0.15 2.67 .± 0.33 2.56 .± 0.17 2.84 .± 0.17 2.60 .± 0.16 2.80 .± 0.07 
GCN 2.75 .± 0.15 2.51 .± 0.19 1.96 .± 0.16 1.26 .± 0.08 2.76 .± 0.17 2.95 .± 0.28 2.73 .± 0.13 2.96 .± 0.15 2.76 .± 0.18 2.88 .± 0.10 
AVALON 1.81 .± 0.14 1.58 .± 0.18 1.26 .± 0.10 0.79 .± 0.04 0.99 .± 0.10 1.30 .± 0.19 1.83 .± 0.16 1.88 .± 0.09 1.86 .± 0.16 1.71 .± 0.03 
CATS2D 1.88 .± 0.09 1.88 .± 0.14 1.36 .± 0.12 0.90 .± 0.04 1.04 .± 0.08 1.50 .± 0.21 1.85 .± 0.12 1.98 .± 0.09 1.86 .± 0.11 1.88 .± 0.04 
ECFP4 1.81 .± 0.11 1.71 .± 0.17 1.30 .± 0.09 0.84 .± 0.04 1.01 .± 0.12 1.31 .± 0.18 1.90 .± 0.14 1.98 .± 0.06 1.83 .± 0.13 1.81 .± 0.03 
EState 2.20 .± 0.16 2.12 .± 0.20 1.48 .± 0.10 1.11 .± 0.06 1.21 .± 0.15 1.74 .± 0.18 2.44 .± 0.16 2.54 .± 0.09 2.19 .± 0.08 2.28 .± 0.04 
KR 1.82 .± 0.14 1.78 .± 0.20 1.36 .± 0.09 0.88 .± 0.04 1.03 .± 0.12 1.42 .± 0.19 1.91 .± 0.18 2.00 .± 0.07 1.85 .± 0.11 1.95 .± 0.02 
MACCS 1.88 .± 0.15 1.81 .± 0.20 1.39 .± 0.11 0.90 .± 0.04 1.06 .± 0.12 1.52 .± 0.19 1.99 .± 0.15 2.07 .± 0.09 2.08 .± 0.13 1.92 .± 0.04 
MAP4 1.88 .± 0.15 1.68 .± 0.16 1.33 .± 0.10 0.86 .± 0.05 1.03 .± 0.10 1.44 .± 0.22 2.01 .± 0.17 2.07 .± 0.09 2.00 .± 0.17 1.86 .± 0.04 
Pharm2D 1.80 .± 0.11 1.68 .± 0.21 1.35 .± 0.10 0.79 .± 0.05 0.98 .± 0.12 1.47 .± 0.20 1.81 .± 0.11 1.89 .± 0.12 1.79 .± 0.13 1.71 .± 0.03 
PubChem 1.87 .± 0.13 1.66 .± 0.16 1.32 .± 0.12 0.90 .± 0.04 1.01 .± 0.10 1.32 .± 0.22 2.01 .± 0.15 2.06 .± 0.11 1.90 .± 0.09 1.94 .± 0.02 
RDKit 1.83 .± 0.13 1.56 .± 0.13 1.26 .± 0.10 0.78 .± 0.05 0.99 .± 0.11 1.36 .± 0.15 1.85 .± 0.13 1.89 .± 0.08 1.91 .± 0.13 1.69 .± 0.03 
2DAP 1.84 .± 0.14 1.66 .± 0.13 1.33 .± 0.11 0.90 .± 0.05 1.02 .± 0.10 1.45 .± 0.23 1.91 .± 0.14 1.98 .± 0.10 1.88 .± 0.08 1.91 .± 0.05 
ConstIdx 1.99 .± 0.17 1.92 .± 0.14 1.38 .± 0.10 1.00 .± 0.06 1.12 .± 0.11 1.58 .± 0.22 2.12 .± 0.10 2.20 .± 0.10 2.06 .± 0.09 2.01 .± 0.05 
FGCount 1.93 .± 0.16 1.71 .± 0.16 1.36 .± 0.10 0.91 .± 0.06 1.01 .± 0.08 1.40 .± 0.17 1.98 .± 0.16 2.09 .± 0.07 1.87 .± 0.15 2.01 .± 0.06 
MolProp 2.05 .± 0.05 1.90 .± 0.14 1.43 .± 0.09 1.06 .± 0.07 1.17 .± 0.11 1.65 .± 0.22 2.22 .± 0.16 2.20 .± 0.08 2.06 .± 0.13 2.01 .± 0.06 
RingDesc 2.12 .± 0.12 2.15 .± 0.17 1.62 .± 0.11 1.18 .± 0.08 1.22 .± 0.14 1.66 .± 0.21 2.28 .± 0.21 2.46 .± 0.10 2.32 .± 0.13 2.24 .± 0.07 
TOPO 1.89 .± 0.13 1.92 .± 0.13 1.50 .± 0.08 1.04 .± 0.06 1.20 .± 0.09 1.64 .± 0.18 2.01 .± 0.16 2.10 .± 0.11 1.92 .± 0.09 1.97 .± 0.05 
WalkPath 1.97 .± 0.13 1.98 .± 0.13 1.42 .± 0.10 1.06 .± 0.06 1.16 .± 0.12 1.61 .± 0.21 2.16 .± 0.19 2.17 .± 0.09 2.09 .± 0.09 2.13 .± 0.05 
ECT (ours) 1.78 .± 0.12 1.77 .± 0.16 1.35 .± 0.10 0.83 .± 0.04 1.03 .± 0.13 1.45 .± 0.18 1.87 .± 0.14 1.89 .± 0.08 1.81 .± 0.13 1.79 .± 0.05 
ECT+ FP (ours) 1.74 .± 0.12 1.52 .± 0.17 1.29 .± 0.09 0.78 .± 0.04 0.99 .± 0.11 1.38 .± 0.20 1.82 .± 0.12 1.82 .± 0.08 1.77 .± 0.13 1.68 .± 0.02 

Figure 2 ranks the representations by their mean error for two different met-
rics (RMSE and R2) for the combined dataset. Performance is visualized using 
boxplots to show the error distribution for each representation method accord-
ing the cross validation results. The representation combining our ECT-based 
representation and the AVALON fingerprint consistently achieves better values
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Fig. 2. Boxplots showing the distribution of test errors for each representation method 
across the combined dataset. From left to right, the metrics displayed are RMSE and 
R2. Representations are ranked by their mean values: F or RMSE, lower values indicate 
better performance, while for R2, higher values (closer to 1) indicate better performance.

for RMSE and R2 metrics. The low variance between cross-validation results is 
particularly noteworthy , showing the robustness of the approach.

An overall observation is that most complex models (like GNNs) that directly 
take the molecular graph as its input tend to yield the worst computational 
performance. This is in marked contrast to the other molecular representa-
tions (using XGBoost), where a single iteration of cross-validation takes around 
10 to 20 s on a standard computer. In comparison, for GNNs, a single itera-
tion takes about 40 to 60 s for GCN and GAT, and up to 100 s for “Atten-
tiveFP,” which nevertheless leads to significantly worse predictive performance. 
This observation suggests that the use of deep learning models is not inherently 
justified by their (computational and predictive) p erformance in this context. 
Rather, it appears that the choice of molecular representation plays a much more 
critical role in determining model effectiveness, highlighting that more complex 
architectures do not necessarily lead to better results. This observation is in line
with other studies and might be attributed to the limited availability of data in
the biomedical domain.

5 Conclusion 

In this paper, we propose and implement an effective new molecular represen-
tation method based on the Euler Characteristic Transform (ECT), which cap-
tures multiscale topological information relevant to molecular property predic-
tion tasks, specifically for predicting .Ki, the inhibition constant. Our results on
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different datasets show that the ECT provides meaningful and effective features 
for molecular machine learning, and that its combination with other approaches, 
specifically with the AVALON fingerprint, leads to improved predictive perfor-
mance. This multiscale topological approach, which can capture shape charac-
teristics across differen t resolutions, encodes structural information of molecules, 
which were hitherto not being considered or fully exploited by existing methods,
presenting a promising avenue for molecular machine learning research.

Future work. An exploration of how the number of directions and thresholds used 
in the computation of the ECT affects its representational power is needed. We 
believe that identifying optimal or data-adaptive strategies for selecting these 
parameters will lead to more expressive and discriminative topological signa-
tures, thus potentially improving performance in molecular property prediction 
tasks. This question is not only relevant for cheminformatics and biomedical 
applications, but could also benefit a wide range of domains where data can be 
modeled geometrically and topologically. In addition, we plan to extend and test 
our topological approach in other molecular machine learning tasks, like molec-
ular classification, toxicity prediction, or even generative models for molecular
design. In this work, we tested a single hybrid strategy (ECT .+ AVALON fin-
gerprint) and observed improved predictive accuracy. Future work could bench-
mark multiple hybrid strategies to identify synergies between multiscale topo-
logical and traditional representations. Moreover, we aim to extend the ECT 
to molecular graphs with 3D positional information to quantify the geometric 
shape of the molecular structure itself, instead of, or in combination with, gen-
eral atomic features. A particularly exciting direction for future work involves 
the development of a more comprehensive topological descriptor that integrates 
information from multiple tools of TDA. Rather than relying solely on the ECT, 
this extended descriptor could incorporate additional topological summaries, 
such as Betti n umbers or persistence-based descriptors from persistent homol-
ogy. This may lead to more powerful and expressive descriptors. Further efforts 
will also include systematic hyperparameter tuning and the evaluation of differ-
ent dataset splitting strategies, which can substantially influence both predictive 
performance and generalizability. Finally, our approach could also be extended to
other variants of the ECT, such as the Weighted Euler Characteristic Transform
(WECT) [16] or the Smooth Euler Characteristic Transform (SECT) [7]. 
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