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Abstract

This thesis investigates 3D pharmacophore-based strategies for bioactivity prediction by combining multi-
instance learning (MIL) with a Pharmacophore Kernel (PK). The PK compares sets of three-point phar-
macophores - including both label matching and distance-based similarities - across multiple conformers
of each molecule. In comparison with established 2D descriptors (ECFP: Extended Connectivity Finger-
prints) and 3D descriptors (RDF: Radial Distribution Function, TGT: Typed Graph Triangles) on the
BACE dataset, PK can outperform traditional methods when sufficient conformers and training data are
available. Furthermore, we investigate the performance of our models under data-scarce conditions and
report a surprisingly robust performance of the TGT fingerprint. Our results highlight the importance
of explicitly modeling molecular flexibility, although the use of the pharmacophore kernel comes with
significant computational costs. Future work should focus on more diverse datasets and thorough con-
former count selection. It should also extend the PK to more general subgraph matching kernels, further
improving the training of machine learning models for bioactivity prediction using 3D pharmacophores.
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Kurzfassung

In dieser Arbeit werden 3D-Pharmakophor-basierte Strategien zur Bioaktivitdtsvorhersage untersucht,
indem Multi-Instanz-Lernen (MIL) mit einem Pharmakophor-Kernel (PK) kombiniert wird. Der PK
vergleicht Mengen an Drei-Punkt-Pharmakophoren — basierend auf Label-Matching und distanzbasierter
Ahnlichkeit — {iber mehrere Konformere eines Molekiils hinweg. Auf dem BACE-Datensatz iibertrifft
PK etablierte 2D-Deskriptoren (ECFP) sowie 3D-Deskriptoren (RDF, TGT), sofern ausreichend Kon-
formere und Trainingsdaten vorliegen. Zudem zeigt die Evaluierung unter datenarmen Bedingungen eine
iiberraschend robuste Leistung des TGT-Fingerprints. Unsere Ergebnisse unterstreichen den Wert einer
expliziten Modellierung molekularer Flexibilitdt, wobei die Nutzung des Pharmacophorkernels jedoch
einen hohen Rechenaufwand erfordert. Zukiinftige Arbeiten sollten vielfaltigere Datensétze beriicksichti-
gen und die Auswahl der Konformeranzahl optimieren. Zudem sollte der PK auf umfassendere Subgraph
Matching Kernel ausgeweitet werden, um das Training von Machine-Learning-Modellen zur Vorhersage
von Bioaktivitat mithilfe von 3D-Pharmakophoren weiter zu verbessern.
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Chapter 1

Introduction & Foundations

1.1 Pharmacophores

In the official TUPAC definition from 1998, a pharmacophore is described as “the ensemble of steric and
electronic features that is necessary to ensure the optimal supramolecular interactions with a specific
biological target structure and to trigger (or to block) its biological response”[1]. Rather than represent-
ing an actual molecule or functional group, it serves as an abstract concept encompassing the common
molecular interaction capacities shared by a set of bioactive compounds. In this sense, a pharmacophore
identifies the largest common denominator of biologically relevant features, distinguishing it from sim-
pler structural functionalities or skeletal motifs that do not necessarily capture the essential inter- and
intramolecular interactions underlying bioactivity|2].

By focusing on key chemical features (e.g., hydrogen-bond donors, acceptors, and aromatic rings) in
three-dimensional space—often represented as spheres, planes, or vectors—pharmacophore models en-
able scaffold hopping (the replacement of a molecule’s core structure with a novel chemical motif while
preserving its biological activity[3]), leading to increased structural diversity in screening for new hits[4].
The goal of scaffold hopping is to replace the chemical core structure by a different chemical motif while
keeping the biological activity of the molecule. As pharmacophores define chemical features essential for
biological activity, they can be successfully employed to guide scaffold replacements. By emphasizing
spatial arrangements rather than specific chemical structures, pharmacophores effectively highlight the
essential interactions necessary for bioactivity. Key examples of feature types, their geometric represen-
tations, and typical interactions are provided in Table 1.1.

Table 1.1: Overview of common pharmacophoric feature types, their typical geometric representations,
complementary features, and frequently observed interactions in biological systems|[4].

Feature type Geom. representation Complementary Interaction
feature type(s) type(s)

Hydrogen-bond accep- vector or sphere HBD hydrogen bonding

tor (HBA)

Hydrogen-bond donor vector or sphere HBA hydrogen bonding

(HBD)

Aromatic (AR) plane or sphere AR, PI m-stacking,
cation—m

Positive ionizable (PI) sphere AR, NI ionic, cation—m

Negative ionizable sphere PI ionic

(NT)

Hydrophobic (H) sphere H hydrophobic con-
tact

1.1.1 Virtual Screening

Pharmacophore-based techniques currently are an integral part of many computer-aided drug design
workflows, and have been successfully and extensively applied for virtual screening[4, 5]. Pharmacophore



1 Introduction & Foundations

models, derived via receptor- or ligand-based approaches, abstract essential non-bonded interactions
between ligands and targets, making them both computationally efficient and intuitive for scientists[6].
One major application of these models is virtual screening of large compound libraries to discover novel
compounds with desired pharmacophoric features crucial for biological activity[4, 7]. Virtual screening
encompasses a series of in silico approaches designed to analyze large databases of compounds and
identify promising hit candidates. These methods often complement high-throughput screening (HTS)
campaigns by either preceding experimental assays, aiding in the selection of narrower candidate subsets,
or following HTS to recover compounds that might have been overlooked (“latent hits”). Traditionally,
virtual screening is partitioned into two main categories:

e Ligand-based screening: Relies on the 2D or 3D structures, molecular descriptors, or known
active (and sometimes inactive) compounds to identify novel molecules of interest by applying
similarity-based searches, common substructure detection, pharmacophore modeling, or shape-
comparison techniques|8].

e Structure-based (receptor-based) screening: Involves, for example, computationally dock-
ing compounds into a target binding site and ranking them according to one or multiple scoring
functions. The flexibilities of the target protein and ligand can be incorporated in varying degrees,
depending on computational resources and the nature of the protein.

By appropriately managing the ligand and receptor conformational variability and refining the hits
via post-processing steps, virtual screening can significantly accelerate the drug discovery pipeline while
saving resources and offering more targeted experimentation compared to purely empirical HT'S methods.

Pharmacophore-based screening yields structurally diverse hits, enables fast searching of large databases,
and typically achieves higher hit rates compared to random sampling, enriching active compounds in
smaller subsets. This computationally efficient method is widely used as a prefilter before applying
resource-intensive techniques like MD simulations[9]. The approach also identifies diverse chemotypes
not easily matched by traditional methods, offering valuable ideas for novel lead development and
optimization[4].

1.2 From SVMs to Pharmacophore Kernels

Support Vector Machines (SVMs) are powerful supervised learning methods primarily used for classifica-
tion but also applicable to regression, outlier detection, and related tasks. In their simplest linear form,
SVMs learn a decision boundary, (w,z) +b = 0, that maximizes the margin between two classes (labeled
—1 and +1) while minimizing classification errors. For complex or nonvectorial data, SVMs employ the
kernel trick, replacing inner products (x;,z;) with a kernel function k(z;, ;). This enables SVMs to
handle diverse data representations, including molecular structures|[10].

Molecules are often represented as molecular graphs, where nodes correspond to non-hydrogen atoms
and edges represent covalent bonds. Chemical Graph Theory (CGT) applies graph-theoretical methods to
study molecular connectivity and structure, using graphs to model atoms and their bonds[11]|. Formally,
we define a molecular graph as:

G=(V,B),

where
e V is the set of vertices (nodes) representing non-hydrogen atoms,
e F is the set of edges representing covalent bonds,
e n = |V] is the number of vertices (atoms), and
e m = |E| is the number of edges (bonds).

Molecular structures can be represented in two or three dimensions. In 2D, molecules are described by
labeled graphs where vertices correspond to atoms (excluding hydrogen) and edges denote covalent bonds,
or by various 2D descriptors[12]. In 3D, atoms are positioned in R? with defined interatomic distances
and angles. While directly converting these structures into fixed-length vectors can be challenging,
kernel methods circumvent this by requiring only a valid similarity measure between molecules. If a
kernel function satisfies positive semi-definiteness (p.s.d.), it can be integrated into an SVM framework
without explicitly constructing feature vectors[13]. This flexibility makes SVMs particularly effective for
molecular data analysis.
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Figure 1.1: Visualization of triplets of atoms, showing three atoms forming a triangle with associated
pairwise distances, adapted from[10].

1.2.1 Walk Kernels and Product Graphs

Molecules can be analyzed using walk kernels in 2D. A walk of length n on a labeled graph is a sequence
of n adjacent vertices (possibly revisiting vertices or edges). The walk kernel counts such walks and sums
over matches in their label sequences. Equivalently, one may form a product graph G x G’, where

G=(V.E) and G =(V',E)

are the molecular graphs of two molecules (with V' and V' representing the sets of atoms, each with
associated labels, and E and E’ the sets of bonds). In this product graph, vertices are pairs (v, v’) with
v € V and v € V' for which the atom labels match, and counting walks of length n corresponds to
counting matching walks in the original graphs. In 3D, one may consider complete atom-based graphs,
where every pair of atoms is connected by an edge encoding the Euclidean distance. This idea is key to
the pharmacophore kernel described below.

1.2.2 Pharmacophore Kernel

In the pharmacophore kernel introduced by Mahé et al.[10], a pharmacophore is defined as a triplet
of atoms arranged in 3D space to form a triangle with pairwise distances. This explicit definition
(focusing on triplets with associated labels and distances) contrasts with the classical IUPAC notion of
a pharmacophore as an abstract ensemble of steric and electronic features. Figure 1.1 illustrates how
three atoms form such a triplet.

Let M denote a molecule represented as a set of atoms in R3, where each atom i is described by

(Xia ‘gl)u

with x; € R3 as its coordinate vector and /; its label (e.g., atom type, partial charge). A pharmacophore
is then defined as

p=((x1,61), (x2,62), (x3,03))

(with the corresponding pairwise distances dy, da, d3 implicitly defined). Define the set of all such triplets
extracted from M as
P(M) ={p|pis a triplet of distinct atoms in M }.

To compare two molecules M and M’, the pharmacophore kernel is given by

EMM)= > > Kepp), (1.1)

pEP(M) p'eP(M’)

where Kp(p,p’) measures the similarity between triplets p and p'.
We decompose Kp(p,p’) into an intrinsic similarity term K; and a spatial similarity term Kg:

Kp(p,p') = Ki1(p,p) - Ks(p.p'), (1.2)

with
p= ((legl)a (X27€2)a (X37£3)) and p/ = ((Xllvgll)v (X/27£,2)a (ngeé))'
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Intrinsic Similarity. The intrinsic similarity compares the atom labels:

3
Kr(p,p') = [ [ Krear (6, 1)), (1.3)

i=1

where a common choice for Kgea; is the Dirac kernel:

, 1, ife=12,
Kpirac (¢, 0) = _ (1.4)
0, otherwise.
Spatial Similarity. The spatial similarity compares the pairwise distances between atoms:
3
Ks(p,0') = T Ko (I = xi1ll, I} = x4 1), (1.5)

i=1

where ||x; — x;41|| denotes the Euclidean distance (with ¢ + 1 taken modulo 3). A common choice for
Kpist is the Gaussian RBF kernel:

Ir —s|?
K r,s)=e (—7), 1.6
RBF(T,S) = exp 572 (1.6)
with ¢ > 0 controlling sensitivity to distance differences.

Because both Kpjac and Krpr are positive definite, their product yields a valid kernel for comparing
pharmacophores.

The direct computation of K (M, M’) is expensive—its complexity is

O((IM]-Im))?),

where |M] and | M| are the numbers of atoms in the respective molecules. To reduce this cost, Mahé et
al.[10] propose a matrix-based method: a square matrix M of size |[M| - |M’| is constructed, with each
entry encoding the product of intrinsic and spatial similarities between atoms. The pharmacophore kernel
is then computed as trace(M?), effectively counting closed walks of length 3 while reducing redundant
comparisons. Efficiency is further enhanced by restricting M to its nonzero entries (i.e., when atom
labels match).

Finally, note that this pharmacophore kernel is essentially a 3D extension of walk-count graph kernels.
By treating each molecule as a complete, atom-based graph—where every pair of atoms is connected by
an edge labeled with the Euclidean distance—a triplet of atoms corresponds exactly to a self-returning
walk of length 3, making the kernel formulation equivalent to counting such walks[14].
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1.3 Implementation and Limitations of the Pharmacophore Ker-
nel

ChemCppl15] is a C++ library that provides classes and tools for managing molecular data in MDL
(MOL/SDF) formats. It provides (i) file manipulation utilities and (ii) kernel tools for various graph-
based approaches. Among these, the pharmacophore kernel[10] is implemented, along with marginalized
graph kernels[16], their extensions[17], Tanimoto kernels[18], and tree-pattern-based graph kernels|[19).
Holder[20] identifies two major limitations of that pharmacophore kernel implementation:

1. Computational complexity: Exhaustive comparison of all three-point atomic pharmacophores
is computationally costly. We address this issue by using three-point pharmacophores derived from
pharmacophore features rather than raw atomic data. Abstracting molecules to the pharmacophore
level reduces the number of vertices, thereby lowering computational complexity. Further efficiency
gains are achieved by exploiting sparse adjacency matrices via the Triangular Distance Kernel and
applying row-wise parallelization to the Gram matrix computation.

2. Conformational flexibility: Structural flexibility can be a major source of unreliability in simi-
larity assessments, as freely rotatable bonds can alter interatomic distances by several angstroms.
While including multiple conformations per molecule can better capture structural flexibility, a crit-
ical challenge arises: only a specific conformer might mediate the observed binding activity. Simply
adding all conformers of an active compound as separate active instances in the dataset introduces
bias, as inactive or irrelevant conformations would be incorrectly labeled as active. Instead, ligands
should be represented as bags of conformations, where the entire bag (molecule) carries a single
activity label. This requires proper aggregation strategies to combine conformational contributions
meaningfully.

1.4 Conformational Flexibility in Molecular Systems

Molecules in biological systems exhibit inherent conformational flexibility, adopting multiple shapes
that influence their interactions and functions|[21]. Generating representative conformer ensembles is
challenging due to the high dimensionality of conformational space and computational costs.

In computational drug design and 3D virtual screening, algorithms must capture relevant molecular
conformations when binding to biomacromolecules. Tools like pharmacophore-based and shape-focused
screening engines rely on precomputed multiconformational databases, where compounds are represented
by compact conformer ensembles[22]. Small molecules, with numerous conformational degrees of freedom,
may adopt distinct binding poses, including strained states related to transition states. Generating
accurate conformer ensembles remains a key challenge[22].

This work employs confgen from CDPKit[23], which has been published under the name CONFORGE[24],
to generate high-quality conformer ensembles, ensuring a balance between computational efficiency and
molecular diversity.

1.5 Multi-Instance Learning and Drug Activity Prediction

Multi-instance learning (MIL)[25] is well-suited for drug activity prediction, where molecules are rep-
resented as "bags" of conformers (instances). This approach is particularly relevant in drug activity
prediction, where molecules are represented by multiple conformations resulting from bond rotations. A
molecule is active if at least one conformer binds to the target; otherwise, it is inactive. MIL accounts
for molecular flexibility, improving pharmacophore-based bioactivity predictions.

Gértner et al.[26] introduced MIL kernels, which aggregate similarity scores between instances within
and across bags, enabling Support Vector Machines (SVMs) to classify structured molecular data. Vish-
wanathan et al.[27] further refined this approach with the Most Optimal Assignment Kernel (MOAK),
approximating optimal assignment while preserving p.s.d., making it well-suited for handling multiple
molecular conformations.

We extend these concepts by integrating pharmacophore kernels into an MIL framework, treating
conformations as instances and aggregating their similarities.
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1.6 Aim of the Thesis

The primary goal of this thesis is to explore strategies for bioactivity prediction by incorporating 3D phar-
macophore features into a kernel-based machine learning framework. Conventional approaches often fail
to capture the spatial flexibility and stereoelectronic nuances of pharmacophores. In response, we employ
a pharmacophore kernel that uses feature data generated by CDPKit, emphasizing chemical and geo-
metric information essential for molecular interactions. Conformational flexibility is addressed through a
multi-instance learning strategy, aggregating information from multiple conformers by combining them
to enhance predictive accuracy.
The main contributions of this thesis can be summarized as follows:

e Pharmacophore Kernel extension:
Instead of relying on raw atomic data, this thesis incorporates domain-specific pharmacophore fea-
tures (e.g., hydrogen-bond donors/acceptors, hydrophobic sites, etc.) into a kernel representation.
By employing a triangular distance-based similarity, the method captures crucial 3D interactions
while reducing computational cost and maintaining predictive performance.

e Integration of multi-instance learning:
A range of approaches, including mean, max, and softmax aggregation, as well as specialized kernels
such as the Multi-Instance Kernel MI and the Most Optimal Assignment Kernel (MOAK), is used to
handle multiple conformers in a single molecule. This framework enhances similarity assessments
for flexible structures by focusing on relevant conformations or combining their contributions.

e Empirical evaluation:
The methods are demonstrated and benchmarked on the BACE dataset.



Chapter 2

Methods

2.1 Pharmacophore Kernel (PK) Computation

The PK computation begins by iterating through pairs of conformers from two conformer ensem-
bles—collections of molecular conformations representing different spatial arrangements of the same
molecule arising from rotatable bonds. In this approach, a pharmacophore is treated according to the
TUPAC definition as an ensemble of steric and electronic features responsible for biological activity, rather
than the triplet-of-atoms definition used in Mahé et al.’s work[10]. The pairwise Euclidean distances be-
tween these matched features are computed. With these distances in hand, the algorithm constructs a
fused (product) graph by initializing a square matrix, where each entry corresponds to a pair of matched
features.
It computes an edge weight by combining:

e a feature-type matching kernel (Dirac kernel, Kpjyac), and
e a distance-based kernel (Triangular kernel, Kyiangular)-

This fused adjacency matrix is then converted into a sparse representation using the Compressed
Sparse Row (CSR) format to optimize memory usage and computational efficiency. The resulting
weighted adjacency matrix encodes both the three-dimensional distance relationships and the feature-
type constraints, thereby capturing essential chemical and geometric similarities between the two con-
formers.

To capture higher-order relationships among matched pharmacophore features, the algorithm raises
the weighted adjacency matrix M to the power of three and then computes its trace. Mathematically,

this is expressed as
K(m,m') = trace(M?), (2.1)

where K (m,m’) denotes the kernel value between two conformers m and m’ and the trace is defined
as the sum of the diagonal elements of a matrix|28]. The trace of M? effectively counts the number of
closed walks of length three in the product graph, thereby providing a global measure of similarity based
on third-order interactions.

Next, the resulting kernel values are normalized to ensure comparability across different pharma-
cophore conformers. Following the scheme proposed by Perret et al.[29], the normalized kernel matrix
K is given by

K[i,j] = &

VK[t K[j, j]

Here, K]i,j] is the kernel value between conformers i and j, and K[i,q] (respectively K[j,j]) denotes

the self-similarity of conformer ¢ (respectively 7). Dividing by the geometric mean of the self-similarities

places the values on a common scale, effectively producing a normalized kernel matrix that is consistent
and comparable across all pairs of pharmacophore conformers.

(2.2)

2.2 Handling Conformational Flexibility

Flexible molecules pose additional challenges due to the variability in pharmacophore distances caused
by rotational freedom of rotatable bonds. Conformations of the same molecule may differ significantly.
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Including multiple conformers per molecule or pharmacophore can improve coverage but might also
introduce bias if not all conformers reflect observed bioactivity.

In this thesis, we adopt Multiple Instance Learning (MIL), where each molecule is treated as a “bag”
of conformers (instances). To compare two molecules, we compute pairwise similarity scores for each
conformer in one molecule/pharmacohore against each conformer in the other, then apply one of several
aggregation strategies:

e Mean aggregation: Averages all pairwise similarity scores.
e Maximum aggregation: Focuses on the most similar conformers.

e Softmax aggregation: Computes a weighted average, assigning higher weights to larger scores via
the softmax function.

e Multi-Instance kernel (MI)[26]: Sums pairwise similarities across all conformations (instances) in
both bags.

e Most Optimal Assignment Kernel (MOAK)[27]: Uses exponential weights in the logarithmic semir-
ing to combine multiple matchings while maintaining p.s.d.

2.2.1 Multi-Instance Kernel (MI)

The Multi-Instance Kernel was introduced by Gértner et al.[26] and is designed for data represented as
bags of instances rather than single feature vectors. In our setting, each molecule (or pharmacophore) is
treated as a bag, where each conformer is an instance. Biological activity may depend on one or more
specific conformers. Summing the pairwise similarities across all conformers in two bags can capture a
broader range of potentially active geometries.

Formally, the MI kernel is defined as

a¥,Y) = 33 (kxy) (2.3)

xeEX ye)y

where X and Y are bags (sets) of conformers, x and y denote individual conformers, kr(x,y) is the
kernel measuring similarity between individual conformers, and p is a positive integer that controls how
strongly the kernel focuses on highly similar conformer pairs. By aggregating pairwise similarities in
this manner, the MI kernel inherently considers conformational diversity when comparing molecules or
pharmacophores.

2.2.2 Most Optimal Assignment Kernel (MOAK)

The Most Optimal Assignment Kernel extends kernel-based similarity to structured objects, includ-
ing sets of molecular conformers, while guaranteeing positive semi-definiteness (p.s.d.). Building on
R-convolution kernels in the logarithmic semiring with a temperature parameter 8 > 0, MOAK can
approximate the optimal matching of conformers between two molecules without losing p.s.d.[27].

The MOAK kernel is defined as:

k(z,2") = Z Z exp(ﬁ k(Z, ;i’)), (2.4)

ZER Y (z)Z'€R~ (')

where R™1(z) and R!(z') represent the sets of valid decompositions of z and z’ (e.g., different con-
formers or substructures), « is a local similarity measure, and 8 balances the emphasis on high-similarity
matches, ensuring that the kernel emphasizes the most relevant contributions.

Frohlich et al.[30] propose an optimal assignment (OA) kernel for comparing chemical molecules by
finding a one-to-one matching of atoms that maximizes local similarities. Although it can incorporate
neighborhood- and distance-based comparisons in polynomial time, the OA kernel is not guaranteed to
be p.s.d.[31] In contrast, MOAK remains p.s.d. for finite 3, due to its use of the logarithmic semiring and
exponential transformation[27]. At high values of 3, MOAK approximates the OA kernel by emphasizing
the single best conformer-to-conformer mapping[31].

The MI and MOAK kernels enable support vector machines (SVMs) and other kernel methods to
handle multi-instance datasets, such as molecules or pharmacophores with multiple conformers. By
systematically aggregating pairwise similarities, these kernels focus on the conformers most relevant to
biological activity. Their ability to efficiently compare flexible molecules while maintaining p.s.d.—a key
requirement for kernel-based methods—makes them particularly relevant to our work.
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2.3 PK Extension and Triangular Kernel Integration

We extend the PK framework by incorporating pharmacophore features instead of atom features, inte-
grating molecular conformations, and evaluating different conformer aggregation approaches to enhance
virtual screening. Unlike the original work by Mahé et al.[10], which focused on individual atoms, this
thesis employs pharmacophore features generated by CDPKit|23]—including hydrogen bond donors, ac-
ceptors, hydrophobic regions, aromatic rings, positive and negative ionizable sites, and halogen bond
donors and acceptors. Emphasizing the structural and spatial arrangements of these features aims for
more accurate bioactivity prediction.

To improve computational efficiency and scalability, this thesis adopts a triangular kernel function for
spatial similarity computations, replacing the Gaussian radial basis function (RBF) kernel traditionally
used for pairwise distance comparisons. The Triangular Kernel, Ktyiangular, compares distances by
assessing their proximity within a tolerance parameter C' and sets similarity to zero when the distance
difference exceeds C"

1—

d—d
|C| if |d—d'| < C,

KTriangular (da d/) = (25)

0 otherwise.

Here, C is the tolerance parameter, and d and d’ denote the pairwise distances being compared.

The Triangular Kernel is compactly supported, meaning that beyond a certain distance threshold,
its similarity value is zero. By contrast, the Gaussian RBF kernel is globally supported and never truly
drops to zero. According to Kriege[32], exploiting this compact support leads to sparser product graphs
and thus significantly reduces the runtime when computing graph-based kernels. This is because the
resulting matrices contain many zero entries, which, when combined with data structures and algorithms
designed for sparse matrices, enable faster computations. In addition, classification accuracy remains
comparable or even improves on multiple datasets. Empirical evaluations (see Table 2.1) confirm that the
Triangular Kernel yields similar or slightly better performance and substantially reduces computational
overhead.

Parallelized computations further enhance scalability, enabling efficient handling of large datasets
with extensive conformer ensembles. However, this approach requires access to increased computational
resources (e.g., additional CPUs or GPU nodes) to fully realize its benefits.

Table 2.1: Performance metrics (mean + std, across 4 random states) for PK RBF and PK triangular.

Metric PK RBF PK triangular
Accuracy 0.79 +£ 0.01 0.80 £+ 0.01
CV accuracy 0.81 £ 0.01 0.81 + 0.01
F1 0.77 &£ 0.02 0.78 4+ 0.02
ROC AUC 0.79 £ 0.01 0.80 £ 0.01
MCC 0.58 £ 0.03 0.59 £ 0.03

2.3.1 Gram Matrix

In general, kernels are functions that take two objects (e.g., data points, vectors, or pharmacophores)
as input and return a scalar value that quantifies the similarity between the objects. For a dataset, the
pairwise kernel values for all data points are compiled into a matrix called the kernel matriz or Gram
matriz[33].

Let X = {x(l), . 7x(m)} represent a dataset of m points, each being an n-dimensional vector, i.e.,
x( € R™. A kernel K maps pairs of points to a real-valued similarity measure

K(x®,x@) : R" x R" — R. (2.6)
The Gram matrix G is an m X m symmetric and positive semi-definite matrix, defined as
G, = K(x(i)7x(j)), (2.7)

where each entry G; ; represents the kernel value for the corresponding data points x( and xU )[34].
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2.3.2 Gram Matrix Computation for Molecular Conformers

In our implementation of the Gram matrix computation, each entry represents the kernel value computed
between the conformers of two molecules or pharmacophores being compared. Specifically:

o If each molecule has a single conformer, the matrix entry G; ; is the kernel value between the
conformer of the i-th molecule and the conformer of the j-th molecule.

e For molecules with multiple conformers, the Gram matrix entry becomes a list (or array) of kernel
values. Each element in the list corresponds to the kernel value between one conformer of the
first molecule and each conformer of the second molecule. For example, if the first molecule has n
conformers and the second has m conformers (where n and m may differ, as molecules can exhibit
varying numbers of conformers), the entry G; ; will be an array of size n x m, representing all
pairwise comparisons between the conformers.

2.4 Fingerprint Representation

Molecular descriptors are numerical indices that encode a molecule’s structure and physicochemical
properties, serving as key variables in chemoinformatics and modeling[35]. They range from simple atom
or fragment counts (e.g., molecular weight, hydrogen bond donors/acceptors) to complex theoretical
calculations based on quantum chemistry or graph theory. In the field of Quantitative Structure—Activity
Relationship (QSAR) modeling these descriptors link molecular structure to biological or physicochemical
behavior, enabling predictions for untested compounds using known activities of similar molecules[36, 35].

While molecules are often represented as 2D or 3D structures, statistical and machine learning meth-
ods require finite-dimensional vector inputs. Molecular descriptors provide these numeric representations,
capturing chemical information such as elemental composition, steric, electronic, or topological proper-
ties. This enables models to predict biological activity, toxicity, and pharmacokinetics. Careful selection
of descriptors is crucial to streamline predictions and reduce complexity in drug discovery[13].

Descriptors are categorized based on their representation, with 2D (topological) and 3D (geometrical)
descriptors being particularly relevant. 2D descriptors, derived from molecular graphs, encode atom
connectivity and bond types, ignoring spatial metrics like bond angles. They include topological indices
reflecting connectivity or structural complexity[35]. In contrast, 3D descriptors, derived from spatial (x,
y, z) coordinates, capture molecular shape, size, and steric features, providing insights into conformational
influences on activity or properties[35].

Pharmacophore-based fingerprints differ from molecular fingerprints by focusing on combinations of
pharmacophoric features (e.g., hydrogen bond donors, acceptors) rather than atom-level details. Both
molecular and pharmacophore-based descriptors encode structural and functional attributes into compact
vectors, facilitating data-driven modeling for bioactivity prediction.

2.4.1 Extended Connectivity Fingerprints (ECFP)

Circular fingerprints are representations of chemical structures by atom neighborhoods and have been
widely applied in QSAR analysis. A widely used class of circular fingerprints are ECFPs, based on the
Morgan algorithm. Heavy atoms (i.e., non-hydrogen atoms) are encoded into multiple circular layers,
with each layer extending up to a specified diameter[12].

ECFP fingerprints encode molecular structures into fixed-length bit vectors by recursively enumer-
ating atomic neighborhoods within a specified radius, effectively capturing relevant 2D substructural
features[37]. In this work, we employ ECFP4, which uses a radius of 2 bond steps, to capture the local
environments around each atom and generate descriptors suitable for subsequent modeling tasks. ECFP4
fingerprints were used as the baseline molecular representation for machine learning model training and
bioactivity prediction. This fingerprint was implemented for molecules with the CircularFingerprint-
Generator from the CDPKit CDPL.Descr class|[23].

While ECFPs capture 2D substructural features, Radial Distribution Function (RDF) descriptors
provide a complementary approach by encoding 3D spatial information.

2.4.2 Radial Distribution Function (RDF)

Radial Distribution Function descriptors are based on the distance distribution in the geometrical repre-
sentation of a molecule[35]. These descriptors represent molecular structure as a radial scattering curve
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derived from interatomic distance spectra, which can be calculated for molecules of any complexity pro-
vided their Cartesian coordinates are known[38]. RDF fingerprints encode the spatial arrangement of
atoms or pharmacophore features. They analyze pairwise distances, weight them based on specific cri-
teria, and bin them into intervals to produce a continuous distribution. This approach captures the 3D
structural information of molecules in a quantitative and interpretable manner, making RDF descrip-
tors highly useful for molecular similarity analysis, virtual screening, and machine learning applications.
The RDF descriptors for molecules were generated using the MoleculeRDFDescriptorCalculator, while
those for pharmacophores were created using the PharmacophoreRDFDescriptorCalculator from the
CDPL.Descr class in the CDPKit. The PharmacophoreRDFDescriptorCalculator computes RDF de-
scriptors from pharmacophore features to capture molecular properties in 3D space. It analyzes pairwise
distances between features, such as hydrophobic regions, aromatic rings, hydrogen bond donors, and
hydrogen bond acceptors, with higher weights assigned to pairs of the same feature type. The RDF
calculation is parameterized by a smoothing factor, scaling factor, start radius, radius increment, and
step count, which collectively control the resolution and shape of the descriptor. For each feature type,
distances are binned, and their weighted contributions are summed to generate the RDF fingerprint[39].

2.4.3 Typed Graph Triangles (TGT)

The Typed Graph Triangle descriptor encodes sets of three pharmacophore features (triangles) by their
types and 3D inter-feature distances. Its reference implementation is found in the CDPKit CDPL.Descr
class in N-Point3DPharmacophoreFingerprintGenerator[40].

—_

. Extract features: Identify all pharmacophore features and their 3D coordinates.
2. Subset enumeration: Enumerate subsets of size 3 of these features.

3. Distance binning: For each pair within the subset, compute the Euclidean distance and map it
to a discrete bin.

4. Canonical ordering: If multiple features share the same type, reorder them consistently to ensure
uniqueness.

5. Hashing to bit index:

Combine the binned distances and feature types.

Hash the result using the SHA-1 algorithm, which generates a unique 160-bit hash value for
each input.

Convert the hash to a fingerprint bit index (by modulus).

Set that bit in the output bitset.

Repeating the above for all feature triplets yields a sparse bit vector (size m), where each set bit
encodes one unique typed graph triangle in 3D space.

2.5 BACE Dataset

The BACE dataset, obtained from MoleculeNet[41], is a comprehensive resource designed for bioactivity
prediction, specifically targeting human -secretase 1 (BACE-1) inhibitors. It includes both quantitative
(IC50 values) and qualitative (binary labels) binding results derived from experimental values reported
in scientific literature over the past decade. The compounds were divided into binary classes—active
(IC50 < 100 nM) and inactive—using a self-imposed cutoff for the experimental ICs¢[42]. This collection
comprises 1513 compounds, represented as SMILES strings with 2D structures, making it suitable for
classification tasks. Among these, 691 compounds are labeled as actives and 822 as inactives. Initially,
the data is split into actives and inactives files, which are processed independently through the steps
described in 2.6.

11
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2.6 Data Processing and Preparation

To prepare the BACE dataset for analysis, a series of preprocessing, conformer generation, and pharma-
cophore generation steps were performed. These steps are crucial for ensuring the quality and consistency
of the data, enabling accurate bioactivity prediction.

e Preprocessing: Molecules were standardized, charges minimized, and counter ions and solvents
removed. Protonation and deprotonation adjusted molecules to physiological pH, while duplicate
entries were eliminated to avoid redundancy.

e Conformer generation: High-quality 3D conformers were generated using confgen from CDPKit
with the CONFORGE[24] algorithm. This process produced ensembles of varying sizes (e.g., 1, 2,
4,5, 8,12, 20, 25, 50, 100) to evaluate the impact of conformational diversity. While the algorithm
aims to produce the specified number of conformers per molecule, final counts may vary slightly.

e Pharmacophore generation: Pharmacophores were created from the generated conformers using
psdcreate from CDPKit. They were stored in pharmacophore-screening databases (.psd) for
downstream analysis.

The final dataset and descriptors form the basis for model training and evaluation (see Appendix A
for details on hyperparameters and performance metrics).
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Chapter 3

Results & Discussion

3.1 Overview of the Evaluation Workflow

The evaluation begins by establishing a 2D baseline with Extended Connectivity Fingerprints (ECFP),
focusing on single-conformer molecules. This benchmark highlights the competitive performance of a
well-established fingerprint. Next, we introduce 3D descriptors using single-conformer models. For
molecules, we use molecular RDF fingerprints (RDF Mol); for pharmacophores, we use pharmacophore
RDF fingerprints (RDF Pharm), Typed Graph Triangles (TGT), and the Pharmacophore Kernel (PK).
These models incorporate spatial and stereoelectronic features, allowing us to compare their predictive
accuracy to the baseline.

Building on these single-conformer insights, we then consider multiple conformers per molecule in
RDF Mol to capture a broader range of 3D structural flexibility. Extending this multi-conformer approach
to RDF Pharm enables a direct comparison of molecule-based versus pharmacophore-based representa-
tions under increased conformational diversity. Subsequently, TGT is introduced as a pharmacophore-
focused fingerprint that enumerates typed triangles of pharmacophoric features. Finally, the PK is
presented to investigate a more extensive kernel-based comparison of three-point pharmacophore fea-
tures.

In this way, we quantify the impact of (1) going beyond 2D descriptors, (2) adding multiple con-
formers, and (3) utilizing pharmacophore-focused kernel-based methods on the predictive performance
of bioactivity classification. Throughout this step-by-step progression, we focus on the Matthews correla-
tion coefficient (MCC) for brevity; however, other metrics (Accuracy, F1, and ROC-AUC) were evaluated
as well. Detailed numerical results, including those additional metrics, are provided in the appendix C.1.

3.2 Single-Conformer Comparison Among Models

This section compares the performance of all five models—ECFP, RDF Mol, RDF Pharm, TGT, and
PK—when using only a single conformer per molecule or pharmacophore.

13
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Figure 3.1: Comparison of MCC (mean + std) across five models using only one conformer. The highest
performance was achieved by the ECFP fingerprint, followed by the PK.

From Figure 3.1, it is clear that the ECFP descriptor consistently achieves a higher MCC than the
other approaches. This finding aligns with prior work suggesting that 2D fingerprint-based methods can
outperform 3D shape-based alternatives in certain contexts[43]. Nevertheless, the PK method follows
closely, indicating that a carefully designed 3D kernel might have the potential to approach the strong
performance of ECFP. The RDF Mol, RDF Pharm, and TGT methods exhibit slightly lower MCC values,
emphasizing that the specific representation and kernel design can substantially impact classification
accuracy.

Overall, these single-conformer results highlight both the reliability of ECFP and the potential of 3D
kernel-based methods to narrow the gap in performance. In the subsequent sections, we explore whether
using multiple conformers—and hence capturing more extensive 3D structural information—can further
increase performance.

3.3 Multiple Conformers Comparison

3.3.1 RDF Mol vs. RDF Pharm

The inclusion of multiple conformers for RDF descriptors on full molecular structures enhances MCC
compared to single-conformer models, though performance remains below the ECFP baseline (MCC
= 0.63). Aggregation methods such as Multi-Instance Kernel (MI), Most Optimal Assignment Kernel
(MOAK), and mean achieve moderate gains, with MI peaking at 0.60 for 16 conformers. Notably, the max
aggregator demonstrates significantly weaker performance, likely due to its failure to ensure a positive
semi-definite (p.s.d.) kernel matrix — a critical requirement for kernel-based methods. Despite these
improvements, RDF descriptors are not yet able to match ECFP in predictive performance, suggesting
their structural and chemical feature encoding require further optimization to bridge the gap with ECFP’s
bioactivity modeling.

Transitioning to pharmacophore-level RDF descriptors yields slight improvements over molecular
RDF fingerprints for most aggregations. As shown in Figure 3.2, pharmacophore-based RDF approaches
and molecule-based ones both reach their highest MCC values at 16 and 25 conformers.

Figure 3.3 highlights that mean, MOAK, and MI consistently achieve higher MCC scores than softmax
or max, underscoring the value of multi-instance aggregation strategies. For all aggregations, except MI,
pharmacophore RDF outperforms molecular RDF in the prediction on the BACE dataset, suggesting
that pharmacophoric features may generally provide more accurate representations than atomic fea-
tures in this setting. However, the gains remain modest, with pharmacophore RDF only marginally
outperforming molecular RDF in most cases. The max aggregator continues to underperform for both
representations. Overall, while pharmacophore-level RDF offers incremental improvements, the results
emphasize the need for further 3D representations, to better utilize conformational diversity.
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RDF Mol RDF Pharm
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Figure 3.2: Side-by-side MCC comparison for RDF on molecules vs. RDF on pharmacophores across

various conformer counts. Pharmacophore-level RDF slightly improves with more conformers but still
lags behind the ECFP baseline in most cases.
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Figure 3.3: Average and maximum MCC values for each aggregation scheme comparing RDF on molecules

vs. RDF on pharmacophores. The average and maximum values were calculated for each aggregation
method across all available conformer counts.

3.3.2 RDF Pharm vs. TGT

TGT fingerprints encode triplets of pharmacophore features and thus make use of 3D information
more effectively than pairwise RDF. Figure 3.4 shows TGT benefiting more from additional conform-
ers—particularly with MOAK and MI aggregators—occasionally matching or surpassing the ECFP baseline
(e.g., at 16 conformers). This advantage can stem from TGT’s explicit encoding of higher-order spatial
relationships among features. Figure 3.5 further highlights that MOAK and MI consistently perform better

than simpler aggregation schemes, reinforcing TGT’s value in capturing 3D pharmacophore geometry
better.
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RDF Pharm TGT
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Figure 3.4: MCC comparison for RDF Pharm vs. TGT across conformer counts. TGT performance can
equal or exceed ECFP with sufficient conformers.
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Figure 3.5: Average vs. best MCC values per aggregation across all available numbers of conformers for
RDF on pharmacophores vs. TGT. TGT with MOAK or MI surpasses or nears ECFP performance.

3.3.3 TGT vs. PK

Figure 3.6 illustrates how PK—by directly comparing three-point pharmacophore features within a graph-
based kernel—can outperform TGT and ECFP. With MOAK, MI, or max aggregation, PK can exceed the
ECFP baseline at moderate conformer counts (e.g., 2, 5, 16). Indicating that a tailored 3D kernel on
pharmacophore triplets can capture spatial and chemical nuances more effectively than simpler fingerprint
approaches. Notably, the max aggregator achieves peak performance at 16 conformers (MCC = 0.66),
despite lacking guaranteed p.s.d. However, given the high performance observed, we assume that the
resulting kernel matrix is positive semi-definite in this case. A rigorous validation of this assumption is left
for future work. Figure 3.7 further emphasizes PK’s superior performance, showing higher average and

maximum scores across aggregation methods and its consistent ability to use conformational information
from the BACE dataset.
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3.4. COMPARATIVE ANALYSIS OF PK AGAINST PREVIOUS METHODS
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Figure 3.6: MCC comparison of TGT vs. PK across different conformer counts. PK offers higher perfor-
mance.
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Figure 3.7: Comparison of TGT vs. PK showing average vs. best MCC across aggregation methods.
Average and maximum values were calculated per aggregation method across all available conformer
counts. PK performs better than TGT across all aggregations.

3.4 Comparative Analysis of PK Against Previous Methods

To unify our observations, we limited each molecule to 16 conformers. Compared to fingerprint-based
methods, PK is substantially more expensive. It does not scale linearly with the number of conformers
but instead grows quadratically, because each conformer is compared pairwise. Hence, restricting to 16
conformers helps keep computations feasible while still accounting for molecular flexibility.

We compared RDF (molecules and pharmacophores), TGT, and the PK. As shown in Figure 3.8,
PK achieves the highest MCC in nearly all aggregators, with its max aggregation reaching 0.66 (at a
conformer count of 16)—surpassing the ECFP baseline. Even on average, PK remains the top performer,
indicating that its direct, kernel-based comparison of three-point pharmacophore features more effectively
captures 3D spatial and chemical interactions. Unlike TGT, which also encodes pharmacophore triplets
but uses simpler hashing, PK uses a full graph-kernel framework, applying distance- and label-based
weighting at each comparison. This richer 3D modeling and the corresponding computational overhead
limit PK to fewer conformers (here, 16). This improved accuracy over simpler RDF-based or TGT
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3 Results & Discussion

representations confirms the added value of a kernel-driven approach to 3D pharmacophore similarity.
Figure 3.1 also shows that with one conformer alone, PK still outperforms other single-conformer methods
but cannot exceed the ECFP baseline—further underscoring the importance of conformational diversity
for maximizing PK’s predictive power.

Max MCC Comparison Average MCC Comparison
MOAK

[l
\
\
\

---- ECFP Baseline —— RDF Mol —— RDF Pharm — TGT — PK

Figure 3.8: Radar plot comparing MCC (max and average) for each method (up to 16 conformers
considered). PK consistently provides the highest scores across aggregators.
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3.5 Impact of Training Data Size on Model Performance

For each method, we evaluated decreasing training-data fractions using a fixed limit of up to 16 conformers
per molecule or pharmacophore. We selected 16 because each method performed optimally or near-
optimally at that count, and using a lower conformer count might have negatively impacted performance,
especially under limited-data conditions. This uniform choice allowed fair comparisons across all methods.

One of Kernel-SVMs characteristic is to deliver robust performance with limited data points—a crit-
ical advantage in drug discovery where researchers often work with just 10-20 samples for modeling.
This capability stems from their dual formulation, which enables efficient handling of high-dimensional
data[44]. By focusing on only support vectors to define margins and decision boundaries in the trans-
formed feature space, a relative small dataset can be sufficient for achieving accurate prediction results.
The kernel trick further enhances computational efficiency by operating on pairwise dot products rather
than explicit high-dimensional coordinates[45].

To evaluate model robustness under data scarcity, we trained models on progressively smaller subsets
of the training data while keeping hyperparameters and test sets fixed. This approach not only simulates
real-world low-data scenarios but also reduces computational costs, particularly relevant for the PK.

Figure 3.9 illustrates MCC trends as training data decreases. While all methods degrade with fewer
samples, PK and TGT achieve better prediction accuracy then RDF-based approaches, which fall be-
low the ECFP baseline. Notably, TGT surpasses ECFP and PK for specific aggregation strategies,
performing the best out of all methods as the traing data size decreases.
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Figure 3.9: MCC trends for RDF Mol, RDF Pharm, TGT and PK as the training data fraction decreases.

Figure 3.10 highlights performance at the smallest training fraction (1/64). TGT obtains the high-
est MCC for MOAK and mi, indicating stronger robustness under extreme data scarcity than the other
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Figure 3.10: Grouped bar chart of MCC values at 1/64 of the training data across four datasets (RDF
Mol, RDF Pharm, TGT, and PK). Each group shows five aggregation methods (mean, max, softmax,
MOAK, and MI), with error bars indicating the standard deviation from multiple random splits.

methods. RDF Mol is weakest across nearly all aggregators, and although RDF Pharm improves on
RDF Mol, it still trails behind ECFP. Meanwhile, PK slightly surpasses ECFP but does not exceed
TGT, which contradicts earlier findings (Section 3.4) where PK achieved superior accuracy. Hence, for
very limited data, TGT appears to offer the best predictive strength among the methods tested. The
previous observation that PK outperformed TGT on the full training set could not be confirmed under
this restricted data regime.
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Chapter 4

Conclusion & Future Perspectives

4.1 Conclusion

This thesis explored the integration of 3D pharmacophore features and multi-instance learning (MIL)
for bioactivity prediction, benchmarking kernel-based methods against traditional 2D and 3D molecular
descriptors. While the Extended Connectivity Fingerprint (ECFP) remained a competitive baseline, the
proposed Pharmacophore Kernel (PK) showed the potential to outperform it with suitable aggregation
strategies.

Single-conformer models struggled to exceed ECFP, highlighting the limitations of purely static 3D
representations. However, incorporating multiple conformers significantly increased predictive accuracy,
emphasizing the importance of conformational diversity in molecular similarity. Comparisons among
pharmacophore-based approaches revealed that PK, through its graph-kernel framework, exceeded both
Typed Graph Triangle (TGT) descriptors and Radial Distribution Function (RDF) fingerprints when
trained on the entire dataset. This advantage likely arises from PK’s ability to weight pharmacophore
triangles by both feature type and distance, offering a more structured and chemically meaningful com-
parison than TGT’s hashing-based method.

In contrast, when training data was limited to smaller subsets, PK no longer surpassed TGT or
ECFP. These conclusions stem from a single dataset and thus must be treated cautiously. Experimental
measurements inherently contain noise, and design choices in data preparation, kernel parameterization,
and fingerprint construction can all influence outcomes.

4.2 Future Perspectives

While the presented study demonstrates the potential of the Pharmacophore Kernel for bioactivity
prediction, additional validation is essential. Larger and more diverse datasets, such as LIT-PCBAJ[46],
will help clarify the generalizability of PK.

Selecting the optimal number of conformers and identifying suitable aggregation methods remain
crucial for high predictive performance. Further exploration of alternative kernel functions could refine
PK’s capabilities and address potential biases arising from design decisions, including data preparation
strategies, fingerprint parameters, and overall model architectures. It is also important to recognize the
inherent noise in experimental measurements, which can introduce uncertainties in bioactivity predic-
tion. Consequently, broader parameter sweeps and evaluations on multiple, more varied datasets would
provide a deeper understanding of PK’s strengths and the limitations of its application in drug discovery
workflows.

To advance the practical application of pharmacophore-based models, the number of conformers per
molecule should be systematically optimized alongside other hyperparameters within a nested cross-
validation framework. First, PK Gram matrices for all candidate conformer counts would be precom-
puted, thus decoupling the computationally expensive conformer generation step from subsequent anal-
yses. An inner cross-validation loop within the training set would then perform a grid search over
both conformer counts and aggregation strategies, using averaged validation scores to identify the most
promising configuration. The best combination would be retrained on the complete training set and
finally evaluated on a held-out test set. This procedure generates validated hyperparameter guidelines
(specifically, the optimal aggregation method and conformer count) for subsequent use on novel com-
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pound collections without dedicated test sets. In practice, researchers can thus implement these validated
parameters when training and validating on new active/inactive compound collections, ensuring robust
model configuration without the need for external test data.

Bioactivity prediction accuracy could be further improved by extending PK with Subgraph Matching
Kernels (SMK)[32]|, which generalize triplet-based approaches to capture larger pharmacophore sub-
graphs. In essence, PK—restricted to triplets—can be viewed as a special case of subgraph matching.
By relaxing the triplet restriction, SMKs can incorporate higher-order structural motifs, unveiling more
nuanced structure—activity correlations. Rather than only comparing three-point pharmacophores, an
SMK-based approach would enumerate larger subgraphs (e.g., four or more nodes) and account for
richer spatial and chemical interactions. Incorporating multiple conformers, similar to the approach in
this study, would enable SMKs to adapt more flexibly to pharmacophore variability. Although expanding
beyond triplets inevitably increases computational complexity, adopting strategies to improve efficiency
and using the ability of kernel methods to make reliable predictions even with smaller datasets can keep
runtimes feasible. SMK-based methods could thus capture deeper structure—activity relationships than
triplet-based kernels to aim for better predictive accuracy in real-world drug discovery applications.
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Appendix A

Hyperparameter Optimization,
Training, and Evaluation

A.1 Hyperparameter Optimization

We performed a grid search on a Support Vector Classifier (SVC), tuning:
e Regularization parameter C' € {0.01,0.1,1, 10,100}
e Kernel parameter v € {10~7,1076,1075,107%,1073,0.01,0.1, 1,10}

For Fingerprint-based models (ECFP, RDF, TGT), we used the RBF kernel, where «y controls the width
of the Gaussian function.

In the PK model, we employed the same range for -y, which serves as the tolerance parameter in the
triangular distance-based kernel.

Additonally, we tuned two multi-conformer aggregation kernels:
e MOAK (Most Optimal Assignment Kernel): g € {0.001,0.01,0.1,1,10}.

e MI (Multi-Instance Kernel): p € {0.001,0.01,0.1,1,10}.

A.2 Training and Evaluation Process

We repeated the following procedure four times with different random seeds:
1. Outer split: Stratify the dataset into 75% training and 25% testing.

2. Inner Cross-Validation: Perform a 5-fold stratified split on the training set to select the best
hyperparameters based on average accuracy.

3. Final testing: Retrain a model with the optimal parameters on the entire training set, then evaluate
it on the held-out test set.

A.3 Performance Metrics
We quantified performance using:
e Accuracy: Proportion of correctly predicted labels.

e F1-Score: Harmonic mean of precision and recall.

e ROC-AUC: Area under the ROC curve.

e MCC: Matthews correlation coefficient.
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Appendix B

Tools

Computational experiments were conducted on a remote server, a 64-bit machine running Rocky Linux
9.4. The server is equipped with 15 GiB of system memory and an Intel Core i5-6600K CPU (3.50 GHz,
64-bit, SMP, vsyscall32). The primary development environment counsisted of Visual Studio Code (VS
Code)[47], Jupyter Notebook[48|, and a conda environment with Python 3.10.14[49]. We employed a
Support Vector Classifier (SVC) from scikit-learn (v. 1.4.2)[50].
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Supplementary Tables
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C.1. FULL DATA EVALUATION RESULTS

C.1 Full Data Evaluation Results

Table C.1: Results for RDF Mol

Conformer Count | Aggregation | Accuracy (mean + std) | F1 (mean + std) | ROC AUC (mean =+ std) | MCC (mean + std)
1 mean 0.77 £ 0.01 0.74 + 0.01 0.77 £+ 0.01 0.54 £+ 0.02
1 MOAK 0.77 £ 0.01 0.74 £ 0.01 0.77 £ 0.01 0.54 + 0.02
1 MI 0.77 £ 0.01 0.74 £ 0.01 0.77 £ 0.01 0.54 + 0.02
1 softmax 0.77 £ 0.01 0.74 £ 0.01 0.77 £ 0.01 0.54 + 0.02
1 max 0.77 £ 0.01 0.74 £ 0.01 0.77 £ 0.01 0.54 + 0.02
2 mean 0.75 £+ 0.01 0.72 £ 0.01 0.75 £ 0.01 0.5 + 0.02
2 MOAK 0.77 + 0.02 0.74 + 0.02 0.77 £ 0.02 0.53 + 0.04
2 MI 0.77 £ 0.01 0.74 £ 0.01 0.76 £+ 0.01 0.53 £ 0.02
2 softmax 0.72 £ 0.02 0.68 £ 0.01 0.72 £ 0.02 0.44 £ 0.03
2 max 0.65 £+ 0.02 0.61 + 0.01 0.65 + 0.01 0.3 £ 0.03
4 mean 0.78 + 0.03 0.76 = 0.03 0.78 £ 0.03 0.56 + 0.06
4 MOAK 0.78 + 0.03 0.76 £ 0.04 0.78 £ 0.03 0.56 £ 0.06
4 MI 0.79 £ 0.03 0.76 £ 0.03 0.78 £ 0.03 0.57 £ 0.06
4 softmax 0.75 £ 0.03 0.72 + 0.04 0.74 £ 0.03 0.49 + 0.07
4 max 0.63 + 0.04 0.59 + 0.03 0.63 £ 0.03 0.26 + 0.07
5 mean 0.78 + 0.02 0.75 + 0.02 0.77 £ 0.02 0.55 = 0.03
5 MOAK 0.79 £ 0.01 0.76 £ 0.01 0.78 £ 0.01 0.57 £ 0.01
5 MI 0.79 £ 0.03 0.76 £ 0.04 0.78 £ 0.03 0.57 £ 0.06
5 softmax 0.73 £ 0.03 0.69 + 0.03 0.72 + 0.03 0.45 £+ 0.06
5 max 0.62 + 0.01 0.58 £ 0.01 0.62 £ 0.01 0.23 + 0.03
8 mean 0.78 + 0.02 0.75 + 0.02 0.78 £ 0.02 0.56 = 0.03
8 MOAK 0.78 £ 0.01 0.75 £ 0.01 0.77 £ 0.01 0.55 £ 0.02
8 MI 0.79 £ 0.01 0.77 £ 0.01 0.79 £+ 0.01 0.58 £ 0.01
8 softmax 0.72 + 0.05 0.69 + 0.05 0.72 £ 0.05 0.44 = 0.09
8 max 0.59 + 0.02 0.54 + 0.02 0.59 £ 0.02 0.18 + 0.04
12 mean 0.78 £ 0.02 0.76 £ 0.02 0.78 £ 0.02 0.56 £ 0.04
12 MOAK 0.79 £ 0.02 0.77 £ 0.02 0.79 £+ 0.02 0.58 £ 0.04
12 MI 0.8 £ 0.02 0.78 + 0.02 0.8 £ 0.02 0.6 £ 0.04
12 softmax 0.71 + 0.05 0.66 + 0.06 0.7 &£ 0.05 0.41 £ 0.1
12 max 0.6 + 0.05 0.54 + 0.05 0.59 £ 0.05 0.18 £ 0.1
16 mean 0.78 £ 0.02 0.76 £ 0.03 0.78 £ 0.02 0.56 £ 0.05
16 MOAK 0.78 £ 0.02 0.76 + 0.03 0.78 £ 0.02 0.56 = 0.05
16 MI 0.8 £ 0.02 0.78 + 0.02 0.8 £ 0.02 0.6 + 0.04
16 softmax 0.74 + 0.02 0.71 + 0.02 0.74 £ 0.02 0.47 + 0.04
16 max 0.61 £ 0.02 0.56 £ 0.03 0.6 £ 0.02 0.2 £ 0.04
20 mean 0.76 + 0.01 0.74 £ 0.01 0.76 £ 0.01 0.52 + 0.02
20 MOAK 0.78 £ 0.01 0.75 £ 0.02 0.77 £ 0.01 0.55 £+ 0.02
20 MI 0.78 £+ 0.01 0.76 £ 0.01 0.78 £ 0.01 0.55 + 0.02
20 softmax 0.72 + 0.02 0.69 + 0.02 0.71 £ 0.02 0.43 + 0.04
20 max 0.6 + 0.02 0.56 + 0.02 0.6 + 0.02 0.19 + 0.05
25 mean 0.79 £ 0.01 0.77 £ 0.01 0.79 £ 0.01 0.57 + 0.02
25 MOAK 0.8 £ 0.01 0.78 + 0.01 0.8 £ 0.01 0.59 £+ 0.02
25 MI 0.8 + 0.01 0.78 £ 0.01 0.8 + 0.01 0.6 + 0.02
25 softmax 0.72 + 0.03 0.69 £ 0.04 0.72 £ 0.03 0.44 £ 0.06
25 max 0.59 £ 0.03 0.54 £ 0.04 0.58 £+ 0.03 0.17 £ 0.05
50 mean 0.79 £ 0.01 0.77 £ 0.01 0.79 £+ 0.01 0.58 £+ 0.02
50 MOAK 0.79 £+ 0.01 0.76 £ 0.01 0.78 £ 0.01 0.57 £ 0.01
50 MI 0.79 £ 0.01 0.77 £+ 0.02 0.79 £ 0.01 0.58 + 0.03
50 softmax 0.73 £ 0.03 0.7 £ 0.03 0.72 £ 0.03 0.45 £ 0.06
50 max 0.58 + 0.02 0.55 + 0.03 0.58 £ 0.02 0.15 + 0.04
100 mean 0.78 4+ 0.02 0.76 + 0.01 0.78 + 0.02 0.57 + 0.04
100 MOAK 0.78 £+ 0.01 0.75 £ 0.01 0.78 £ 0.01 0.56 + 0.03
100 MI 0.79 £ 0.01 0.76 = 0.02 0.79 £ 0.01 0.58 = 0.03
100 softmax 0.73 + 0.02 0.7 + 0.03 0.73 £ 0.02 0.46 + 0.04
100 max 0.58 £+ 0.03 0.55 + 0.03 0.58 + 0.03 0.16 + 0.07
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C Supplementary Tables

Table C.2: Results for RDF Pharm

Conformer Count | Aggregation | Accuracy (mean =+ std) | F1 (mean + std) | ROC AUC (mean + std) | MCC (mean =+ std)
1 mean 0.77 £ 0.01 0.74 £ 0.02 0.77 £ 0.01 0.54 £ 0.02
1 MOAK 0.77 £ 0.01 0.74 £ 0.02 0.77 £ 0.01 0.54 £ 0.02
1 MI 0.77 £ 0.01 0.74 £ 0.02 0.77 £ 0.01 0.54 £ 0.02
1 softmax 0.77 £ 0.01 0.74 £ 0.02 0.77 £ 0.01 0.54 £ 0.02
1 max 0.77 £ 0.01 0.74 £ 0.02 0.77 £ 0.01 0.54 & 0.02
2 mean 0.77 £ 0.01 0.75 £ 0.01 0.77 + 0.01 0.54 + 0.01
2 MOAK 0.78 + 0.02 0.76 + 0.02 0.78 £ 0.02 0.56 £ 0.04
2 MI 0.77 £ 0.02 0.75 £ 0.02 0.77 £ 0.02 0.54 £ 0.03
2 softmax 0.77 £ 0.01 0.75 £ 0.02 0.77 £ 0.01 0.53 £ 0.03
2 max 0.7+ 0.04 0.66 £+ 0.06 0.69 £+ 0.05 0.39 £ 0.09
4 mean 0.79 £ 0.02 0.77 £ 0.02 0.79 + 0.02 0.58 £ 0.03
4 MOAK 0.78 + 0.02 0.76 £ 0.03 0.78 £ 0.02 0.55 £ 0.04
4 MI 0.78 £ 0.01 0.76 £ 0.01 0.78 £ 0.01 0.56 £ 0.02
4 softmax 0.79 £ 0.02 0.77 £ 0.02 0.79 £+ 0.02 0.58 £ 0.04
4 max 0.67 £ 0.05 0.64 £ 0.05 0.67 £+ 0.05 0.34 £0.1
5 mean 0.78 £ 0.01 0.75 £ 0.01 0.78 £ 0.01 0.56 + 0.02
5 MOAK 0.79 £ 0.02 0.77 £ 0.02 0.79 £ 0.02 0.57 £ 0.04
5 MI 0.78 £ 0.01 0.75 £ 0.02 0.78 £ 0.02 0.56 £ 0.03
5 softmax 0.78 £ 0.01 0.75 £ 0.01 0.77 £ 0.01 0.55 £+ 0.02
5 max 0.67 £ 0.05 0.64 £ 0.04 0.66 + 0.04 0.33 = 0.09
8 mean 0.78 + 0.02 0.77 £ 0.02 0.78 £ 0.02 0.56 + 0.04
8 MOAK 0.79 £ 0.02 0.78 £ 0.02 0.79 £ 0.02 0.59 £ 0.04
8 MI 0.79 £ 0.02 0.77 £ 0.03 0.79 £+ 0.02 0.57 £ 0.04
8 softmax 0.78 £ 0.02 0.76 £+ 0.02 0.78 £+ 0.02 0.56 & 0.03
8 max 0.66 &+ 0.04 0.62 + 0.06 0.66 £+ 0.04 0.32 + 0.08
12 mean 0.79 £ 0.01 0.77 £ 0.02 0.79 £ 0.01 0.59 £ 0.02
12 MOAK 0.79 £ 0.02 0.76 £ 0.01 0.78 £ 0.01 0.57 £ 0.03
12 MI 0.79 £ 0.02 0.77 £ 0.02 0.79 £+ 0.02 0.58 & 0.04
12 softmax 0.79 + 0.02 0.77 + 0.02 0.79 + 0.02 0.59 &+ 0.03
12 max 0.65 + 0.04 0.61 + 0.05 0.65 £+ 0.04 0.29 £ 0.09
16 mean 0.8 £0.04 0.78 £ 0.05 0.8 £0.04 0.59 £ 0.08
16 MOAK 0.8 £ 0.02 0.78 £ 0.03 0.8 £ 0.02 0.6 £ 0.05
16 MI 0.8 £ 0.02 0.78 £ 0.02 0.8 £ 0.02 0.6 £ 0.04
16 softmax 0.8 + 0.03 0.78 £ 0.04 0.8 £0.03 0.6 + 0.07
16 max 0.68 £ 0.02 0.63 £ 0.01 0.67 £ 0.02 0.35 £ 0.04
20 mean 0.78 £ 0.01 0.76 £ 0.01 0.77 £ 0.01 0.55 £ 0.01
20 MOAK 0.78 £ 0.01 0.76 £+ 0.02 0.78 £ 0.01 0.55 £ 0.03
20 MI 0.78 £ 0.02 0.76 £ 0.02 0.78 £ 0.02 0.56 &+ 0.04
20 softmax 0.77 £ 0.01 0.76 £ 0.01 0.77 £ 0.01 0.55 £ 0.01
20 max 0.66 £ 0.03 0.62 £ 0.03 0.66 = 0.03 0.32 £ 0.06
25 mean 0.79 £ 0.03 0.77 £ 0.04 0.79 £ 0.04 0.58 £ 0.07
25 MOAK 0.8 + 0.02 0.78 £ 0.03 0.8 + 0.02 0.6 + 0.05
25 MI 0.79 + 0.02 0.76 £ 0.03 0.78 + 0.02 0.57 + 0.05
25 softmax 0.78 £ 0.02 0.76 £ 0.03 0.78 £ 0.03 0.57 £ 0.05
25 max 0.67 £ 0.05 0.64 £ 0.04 0.67 £ 0.05 0.34 £ 0.09
50 mean 0.79 £ 0.02 0.76 £+ 0.03 0.78 & 0.03 0.57 £ 0.05
50 MOAK 0.78 £ 0.01 0.75 £ 0.01 0.78 £+ 0.01 0.56 £+ 0.02
50 MI 0.78 £ 0.01 0.75 £ 0.01 0.77 £ 0.01 0.56 £+ 0.01
50 softmax 0.79 £ 0.02 0.77 £ 0.03 0.79 £ 0.03 0.58 £ 0.05
50 max 0.65 £ 0.02 0.61 £ 0.02 0.65 £+ 0.02 0.3 £0.04
100 mean 0.78 £ 0.02 0.76 &+ 0.02 0.78 + 0.02 0.56 &+ 0.04
100 MOAK 0.78 + 0.03 0.75 + 0.03 0.78 + 0.03 0.56 £ 0.06
100 MI 0.78 £ 0.01 0.75 £ 0.01 0.78 £ 0.01 0.56 £ 0.03
100 softmax 0.78 £ 0.02 0.76 £ 0.02 0.78 £ 0.02 0.56 £ 0.03
100 max 0.64 £+ 0.05 0.59 £+ 0.05 0.64 + 0.05 0.28 £ 0.09
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C.1. FULL DATA EVALUATION RESULTS

Table C.3: Results for TGT

Conformer Count | Aggregation | Accuracy (mean =+ std) | F1 (mean + std) | ROC AUC (mean + std) | MCC (mean =+ std)
1 mean 0.78 £ 0.02 0.75 £ 0.03 0.77 £ 0.02 0.55 £ 0.05
1 MOAK 0.78 + 0.02 0.75 £ 0.03 0.77 + 0.02 0.55 £ 0.05
1 MI 0.78 £ 0.02 0.75 £ 0.03 0.77 £ 0.02 0.55 £ 0.05
1 softmax 0.78 £ 0.02 0.75 £ 0.03 0.77 £ 0.02 0.55 £ 0.05
1 max 0.78 £ 0.02 0.75 £+ 0.03 0.77 £ 0.02 0.55 £ 0.05
2 mean 0.79 £ 0.02 0.76 &+ 0.02 0.78 + 0.02 0.57 + 0.04
2 MOAK 0.8 £ 0.01 0.77 £ 0.01 0.79 £ 0.01 0.59 £ 0.02
2 MI 0.8 £0.01 0.77 £ 0.01 0.79 £ 0.01 0.59 £ 0.02
2 softmax 0.79 £ 0.01 0.76 £ 0.01 0.78 £ 0.01 0.57 £ 0.03
2 max 0.78 £ 0.02 0.75 &+ 0.02 0.78 + 0.02 0.55 &+ 0.04
4 mean 0.78 + 0.03 0.76 £ 0.04 0.78 + 0.03 0.55 £ 0.06
4 MOAK 0.8 + 0.02 0.78 + 0.03 0.8 £0.02 0.6 £ 0.05
4 MI 0.8 £ 0.02 0.78 £ 0.03 0.8 £0.02 0.6 £ 0.05
4 softmax 0.78 £ 0.03 0.76 £+ 0.04 0.78 £+ 0.03 0.56 £ 0.07
4 max 0.79 £ 0.02 0.77 £ 0.03 0.79 £+ 0.02 0.58 + 0.05
5 mean 0.78 + 0.02 0.75 £+ 0.03 0.78 + 0.02 0.56 £ 0.05
5 MOAK 0.81 £ 0.01 0.79 £ 0.02 0.81 £ 0.01 0.61 £ 0.03
5 MI 0.81 £ 0.01 0.79 £ 0.02 0.81 £+ 0.01 0.61 £ 0.03
5 softmax 0.78 £ 0.02 0.75 £ 0.03 0.78 £+ 0.02 0.56 £+ 0.04
5 max 0.8 £ 0.02 0.78 £ 0.03 0.8 £ 0.02 0.6 £ 0.05
8 mean 0.78 £ 0.03 0.77 £ 0.03 0.78 = 0.03 0.57 £ 0.06
8 MOAK 0.81 £ 0.01 0.79 £ 0.01 0.81 £+ 0.01 0.61 £ 0.02
8 MI 0.81 £+ 0.02 0.8 + 0.02 0.81 £+ 0.02 0.62 £+ 0.03
8 softmax 0.78 £ 0.03 0.76 £+ 0.04 0.78 + 0.03 0.56 £ 0.06
8 max 0.8 + 0.01 0.78 £ 0.01 0.8 & 0.01 0.6 + 0.01
12 mean 0.78 £ 0.04 0.75 £ 0.06 0.78 £ 0.04 0.56 £ 0.08
12 MOAK 0.81 £ 0.01 0.79 £ 0.01 0.81 £ 0.01 0.61 £ 0.02
12 MI 0.81 £ 0.01 0.79 £ 0.01 0.8 £0.01 0.61 £ 0.02
12 softmax 0.78 = 0.03 0.75 &+ 0.05 0.78 + 0.04 0.56 + 0.07
12 max 0.81 + 0.02 0.79 + 0.02 0.81 £ 0.02 0.62 + 0.04
16 mean 0.79 £ 0.05 0.77 £ 0.07 0.79 £ 0.06 0.58 £ 0.11
16 MOAK 0.82 £ 0.01 0.8 £0.01 0.82 £+ 0.01 0.63 £ 0.03
16 MI 0.82 £ 0.01 0.8 £0.01 0.82 £+ 0.01 0.63 £ 0.03
16 softmax 0.79 + 0.05 0.77 £ 0.06 0.79 £ 0.05 0.58 £ 0.1
16 max 0.81 £ 0.02 0.8 £ 0.02 0.81 £ 0.02 0.62 £ 0.04
20 mean 0.77 £ 0.03 0.75 £ 0.05 0.77 £ 0.03 0.54 £ 0.06
20 MOAK 0.8 + 0.01 0.78 £ 0.01 0.8 + 0.01 0.6 £ 0.02
20 MI 0.8 £0.01 0.79 £ 0.02 0.8 £0.01 0.6 £ 0.03
20 softmax 0.77 £ 0.03 0.74 £ 0.04 0.76 = 0.03 0.53 £ 0.06
20 max 0.79 £ 0.01 0.77 £ 0.01 0.79 £ 0.01 0.58 £ 0.02
25 mean 0.78 £ 0.05 0.75 £ 0.08 0.77 £ 0.05 0.55 £ 0.1
25 MOAK 0.81 £ 0.02 0.79 £ 0.03 0.81 £+ 0.02 0.61 £ 0.04
25 MI 0.81 + 0.02 0.79 £ 0.02 0.81 £ 0.02 0.61 + 0.03
25 softmax 0.78 £ 0.04 0.75 £ 0.07 0.78 £ 0.05 0.56 £ 0.09
25 max 0.79 £ 0.01 0.77 £ 0.02 0.79 £ 0.02 0.58 £ 0.03
50 mean 0.77 £ 0.03 0.75 £ 0.04 0.77 £ 0.03 0.54 £ 0.07
50 MOAK 0.8 + 0.01 0.78 £ 0.01 0.8 + 0.01 0.6 + 0.01
50 MI 0.79 £+ 0.01 0.77 £ 0.01 0.79 £ 0.01 0.59 £ 0.01
50 softmax 0.78 £ 0.02 0.76 £ 0.03 0.78 £ 0.03 0.55 £ 0.05
50 max 0.8 £0.01 0.78 £ 0.01 0.8 £0.01 0.6 £ 0.02
100 mean 0.78 £ 0.02 0.76 &+ 0.04 0.78 + 0.02 0.57 = 0.04
100 MOAK 0.81 £+ 0.01 0.79 £ 0.01 0.81 £ 0.01 0.62 + 0.03
100 MI 0.81 + 0.01 0.79 £ 0.01 0.81 £ 0.01 0.61 + 0.02
100 softmax 0.78 £ 0.02 0.76 £ 0.03 0.78 £ 0.02 0.56 £ 0.04
100 max 0.8 + 0.02 0.79 £+ 0.02 0.8 £+ 0.02 0.6 £ 0.05
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Table C.4: Results for Pl

N

Conformer Count | Aggregation | Accuracy (mean =+ std) | F1 (mean + std) | ROC AUC (mean =+ std) | MCC (mean + std)
1 mean 0.77 £ 0.01 0.74 £+ 0.02 0.77 = 0.01 0.54 £+ 0.02
1 MOAK 0.77 £ 0.01 0.74 £ 0.02 0.77 £ 0.01 0.54 £ 0.02
1 MI 0.77 £ 0.01 0.74 + 0.02 0.77 £ 0.01 0.54 £ 0.02
1 softmax 0.77 £ 0.01 0.74 £ 0.02 0.77 £ 0.01 0.54 £ 0.02
1 max 0.77 £ 0.01 0.74 £ 0.02 0.77 + 0.01 0.54 & 0.02
2 mean 0.77 £ 0.01 0.75 £ 0.01 0.77 £ 0.01 0.54 £ 0.01
2 MOAK 0.78 + 0.02 0.76 + 0.02 0.78 £ 0.02 0.56 £ 0.04
2 MI 0.77 £ 0.02 0.75 £ 0.02 0.77 £ 0.02 0.54 £ 0.03
2 softmax 0.77 £ 0.01 0.75 £ 0.02 0.77 £ 0.01 0.53 £ 0.03
2 max 0.7+ 0.04 0.66 £+ 0.06 0.69 + 0.05 0.39 & 0.09
4 mean 0.79 + 0.02 0.77 £ 0.02 0.79 + 0.02 0.58 £ 0.03
4 MOAK 0.78 + 0.02 0.76 + 0.03 0.78 £ 0.02 0.55 £ 0.04
4 MI 0.78 £ 0.01 0.76 £ 0.01 0.78 £ 0.01 0.56 £ 0.02
4 softmax 0.79 £ 0.02 0.77 £ 0.02 0.79 £+ 0.02 0.58 & 0.04
4 max 0.67 £ 0.05 0.64 £+ 0.05 0.67 £+ 0.05 0.34 + 0.1
5 mean 0.78 £ 0.01 0.75 £ 0.01 0.78 £ 0.01 0.56 + 0.02
5 MOAK 0.79 £ 0.02 0.77 £ 0.02 0.79 £ 0.02 0.57 £ 0.04
5 MI 0.78 £ 0.01 0.75 £ 0.02 0.78 £ 0.02 0.56 £ 0.03
5 softmax 0.78 £ 0.01 0.75 £ 0.01 0.77 £ 0.01 0.55 & 0.02
5 max 0.67 £ 0.05 0.64 £ 0.04 0.66 + 0.04 0.33 = 0.09
8 mean 0.78 £ 0.02 0.77 £ 0.02 0.78 £ 0.02 0.56 + 0.04
8 MOAK 0.79 £ 0.02 0.78 £ 0.02 0.79 £ 0.02 0.59 £ 0.04
8 MI 0.79 £ 0.02 0.77 £ 0.03 0.79 £ 0.02 0.57 = 0.04
8 softmax 0.78 £ 0.02 0.76 £+ 0.02 0.78 £+ 0.02 0.56 & 0.03
8 max 0.66 £ 0.04 0.62 = 0.06 0.66 £+ 0.04 0.32 + 0.08
12 mean 0.79 £ 0.01 0.77 £ 0.02 0.79 £ 0.01 0.59 £ 0.02
12 MOAK 0.79 £ 0.02 0.76 £ 0.01 0.78 £ 0.01 0.57 £ 0.03
12 MI 0.79 £ 0.02 0.77 £ 0.02 0.79 + 0.02 0.58 & 0.04
12 softmax 0.79 + 0.02 0.77 + 0.02 0.79 + 0.02 0.59 &+ 0.03
12 max 0.65 + 0.04 0.61 = 0.05 0.65 £+ 0.04 0.29 £ 0.09
16 mean 0.8 £0.04 0.78 £ 0.05 0.8 £0.04 0.59 £ 0.08
16 MOAK 0.8 £ 0.02 0.78 £ 0.03 0.8 £ 0.02 0.6 £ 0.05
16 MI 0.8 £ 0.02 0.78 £ 0.02 0.8 £ 0.02 0.6 £ 0.04
16 softmax 0.8 + 0.03 0.78 £ 0.04 0.8 £0.03 0.6 + 0.07
16 max 0.68 £ 0.02 0.63 £ 0.01 0.67 £ 0.02 0.35 £ 0.04
20 mean 0.78 £ 0.01 0.76 £ 0.01 0.77 £ 0.01 0.55 £ 0.01
20 MOAK 0.78 £ 0.01 0.76 & 0.02 0.78 £ 0.01 0.55 & 0.03
20 MI 0.78 £ 0.02 0.76 £+ 0.02 0.78 £+ 0.02 0.56 £+ 0.04
20 softmax 0.77 £ 0.01 0.76 £ 0.01 0.77 £ 0.01 0.55 £ 0.01
20 max 0.66 £ 0.03 0.62 £ 0.03 0.66 = 0.03 0.32 £ 0.06
25 mean 0.79 £ 0.03 0.77 £ 0.04 0.79 £ 0.04 0.58 £ 0.07
25 MOAK 0.8 + 0.02 0.78 £ 0.03 0.8 + 0.02 0.6 + 0.05
25 MI 0.79 + 0.02 0.76 £ 0.03 0.78 + 0.02 0.57 = 0.05
25 softmax 0.78 £ 0.02 0.76 £ 0.03 0.78 £ 0.03 0.57 £ 0.05
25 max 0.67 £ 0.05 0.64 £ 0.04 0.67 £+ 0.05 0.34 £ 0.09
50 mean 0.79 £ 0.02 0.76 £+ 0.03 0.78 £ 0.03 0.57 £ 0.05
50 MOAK 0.78 £ 0.01 0.75 £ 0.01 0.78 £+ 0.01 0.56 £+ 0.02
50 MI 0.78 £ 0.01 0.75 £ 0.01 0.77 £ 0.01 0.56 £ 0.01
50 softmax 0.79 £ 0.02 0.77 £ 0.03 0.79 £ 0.03 0.58 £ 0.05
50 max 0.65 £ 0.02 0.61 £ 0.02 0.65 £+ 0.02 0.3 £0.04
100 mean 0.78 £ 0.02 0.76 £+ 0.02 0.78 £+ 0.02 0.56 £+ 0.04
100 MOAK 0.78 £ 0.03 0.75 + 0.03 0.78 + 0.03 0.56 £ 0.06
100 MI 0.78 £+ 0.01 0.75 £ 0.01 0.78 £ 0.01 0.56 £ 0.03
100 softmax 0.78 £ 0.02 0.76 £ 0.02 0.78 £ 0.02 0.56 £ 0.03
100 max 0.64 £+ 0.05 0.59 £+ 0.05 0.64 + 0.05 0.28 & 0.09

C.2 Evaluation Results for Fractions of Training Data
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C.2. EVALUATION RESULTS FOR FRACTIONS OF TRAINING DATA

Table C.5: RDF Mol Fraction Results (16 confs.)

Conformer Count | Fraction | Aggregation | Accuracy (mean + std) | F1 (mean =+ std) | ROC AUC (mean + std) | MCC (mean + std)
16 1 mean 0.78 £ 0.02 0.76 £ 0.03 0.78 £ 0.02 0.56 £ 0.05
16 1 MOAK 0.78 £ 0.02 0.76 £ 0.03 0.78 £ 0.02 0.56 £ 0.05
16 1 MI 0.8 £ 0.02 0.78 £ 0.02 0.8 £ 0.02 0.6 £ 0.04
16 1 max 0.61 £ 0.02 0.56 £ 0.03 0.6 = 0.02 0.2 £ 0.04
16 1 softmax 0.74 £ 0.02 0.71 £ 0.02 0.74 £ 0.02 0.47 £ 0.04
16 0.5 mean 0.75 £ 0.01 0.72 £ 0.01 0.75 £ 0.01 0.5 £ 0.02
16 0.5 MOAK 0.76 £ 0.02 0.74 £ 0.02 0.76 £ 0.02 0.52 £ 0.04
16 0.5 MI 0.76 £ 0.01 0.74 £ 0.02 0.76 £ 0.02 0.52 £ 0.03
16 0.5 max 0.59 £ 0.01 0.54 £ 0.01 0.58 £ 0.01 0.17 £ 0.03
16 0.5 softmax 0.72 £ 0.03 0.68 £+ 0.03 0.71 £ 0.03 0.43 £ 0.06
16 0.25 mean 0.75 £ 0.02 0.71 £ 0.02 0.74 £ 0.02 0.49 £ 0.03
16 0.25 MOAK 0.73 £ 0.02 0.7 £ 0.02 0.72 £ 0.02 0.45 £ 0.03
16 0.25 MI 0.72 £ 0.03 0.69 £ 0.05 0.71 £ 0.04 0.43 £ 0.07
16 0.25 max 0.58 £ 0.03 0.52 £ 0.03 0.58 £ 0.03 0.16 £ 0.06
16 0.25 softmax 0.71 £ 0.03 0.68 £+ 0.03 0.71 £ 0.03 0.42 £ 0.05
16 0.125 mean 0.7 £ 0.01 0.66 = 0.02 0.69 £ 0.01 0.39 £ 0.02
16 0.125 MOAK 0.69 & 0.02 0.65 & 0.03 0.69 & 0.02 0.38 & 0.04
16 0.125 MI 0.69 & 0.03 0.66 & 0.03 0.68 & 0.03 0.37 & 0.06
16 0.125 max 0.59 & 0.03 0.55 & 0.02 0.59 & 0.03 0.18 & 0.06
16 0.125 softmax 0.69 & 0.02 0.65 & 0.03 0.69 & 0.02 0.38 & 0.04
16 0.0625 mean 0.65 & 0.04 0.6 + 0.04 0.64 & 0.04 0.28 & 0.08
16 0.0625 MOAK 0.62 & 0.04 0.57 &+ 0.03 0.62 & 0.04 0.24 & 0.08
16 0.0625 MI 0.64 & 0.05 0.6 + 0.05 0.64 & 0.05 0.28 + 0.1
16 0.0625 max 0.58 & 0.03 0.5 + 0.03 0.57 & 0.03 0.14 & 0.07
16 0.0625 softmax 0.66 & 0.04 0.61 & 0.05 0.65 & 0.04 0.3 £ 0.08
16 0.03125 mean 0.64 & 0.03 0.58 &+ 0.04 0.63 & 0.03 0.27 & 0.06
16 0.03125 MOAK 0.63 & 0.03 0.57 &+ 0.02 0.62 & 0.02 0.25 & 0.05
16 0.03125 MI 0.66 & 0.04 0.62 + 0.05 0.66 & 0.04 0.32 & 0.08
16 0.03125 max 0.57 &+ 0.04 0.5 + 0.06 0.57 & 0.04 0.13 & 0.08
16 0.03125 softmax 0.64 & 0.03 0.58 + 0.04 0.63 & 0.03 0.26 & 0.06
16 0.015625 mean 0.59 & 0.05 0.51 + 0.07 0.58 & 0.05 0.16 & 0.11
16 0.015625 MOAK 0.57 &+ 0.05 0.49 &+ 0.06 0.56 & 0.05 0.13+0.1
16 0.015625 MI 0.6 £ 0.05 0.54 &+ 0.06 0.59 & 0.05 0.19 +£ 0.1
16 0.015625 max 0.56 & 0.06 0.49 + 0.07 0.55 & 0.06 0.1 £0.12
16 0.015625 softmax 0.58 &+ 0.05 0.49 + 0.06 0.57 &+ 0.05 0.14 £ 0.1

Table C.6: RDF Pharm Fraction Results (16 confs.)

Conformer Count | Fraction | Aggregation | Accuracy (mean + std) | F1 (mean =+ std) | ROC AUC (mean =+ std) | MCC (mean % std)
16 1 mean 0.8 £ 0.04 0.78 + 0.05 0.8 £ 0.04 0.59 & 0.08
16 1 MOAK 0.8 £ 0.02 0.78 + 0.03 0.8 £ 0.02 0.6 £ 0.05
16 1 MI 0.8 £ 0.02 0.78 £ 0.02 0.8 + 0.02 0.6 + 0.04
16 1 max 0.68 & 0.02 0.63 + 0.01 0.67 & 0.02 0.35 & 0.04
16 1 softmax 0.8 £ 0.03 0.78 + 0.04 0.8 £ 0.03 0.6 £ 0.07
16 0.5 mean 0.77 + 0.03 0.74 + 0.03 0.76 & 0.03 0.53 & 0.05
16 0.5 MOAK 0.77 &+ 0.02 0.74 + 0.03 0.77 & 0.02 0.54 & 0.04
16 0.5 MI 0.77 &+ 0.02 0.74 + 0.03 0.77 &+ 0.02 0.54 & 0.04
16 0.5 max 0.68 &+ 0.04 0.64 + 0.03 0.67 &+ 0.03 0.35 &+ 0.07
16 0.5 softmax 0.77 + 0.03 0.74 + 0.03 0.76 &+ 0.03 0.53 & 0.06
16 0.25 mean 0.73 &+ 0.02 0.7+ 0.03 0.73 & 0.02 0.46 & 0.04
16 0.25 MOAK 0.74 £ 0.01 0.71 £ 0.01 0.73 + 0.01 0.47 + 0.02
16 0.25 MI 0.72 + 0.02 0.68 + 0.03 0.71 £+ 0.02 0.43 £+ 0.05
16 0.25 max 0.69 &+ 0.03 0.65 + 0.03 0.69 £+ 0.03 0.38 + 0.07
16 0.25 softmax 0.73 + 0.02 0.69 + 0.03 0.73 + 0.02 0.45 + 0.04
16 0.125 mean 0.7 + 0.02 0.65 + 0.03 0.69 £+ 0.02 0.39 + 0.04
16 0.125 MOAK 0.7 £ 0.03 0.67 + 0.04 0.7 £ 0.03 0.4 + 0.06
16 0.125 MI 0.69 &+ 0.04 0.64 + 0.05 0.68 &+ 0.04 0.37 + 0.08
16 0.125 max 0.67 £ 0.02 0.6 £ 0.02 0.66 £ 0.02 0.34 + 0.04
16 0.125 softmax 0.7 + 0.02 0.65 £ 0.03 0.69 £ 0.02 0.39 + 0.04
16 0.0625 mean 0.69 £ 0.01 0.64 &+ 0.02 0.68 £ 0.01 0.37 = 0.03
16 0.0625 MOAK 0.67 £ 0.01 0.64 + 0.01 0.67 £ 0.01 0.34 + 0.02
16 0.0625 MI 0.66 &+ 0.04 0.62 + 0.04 0.66 &+ 0.04 0.32 £ 0.08
16 0.0625 max 0.66 £ 0.02 0.6 £ 0.03 0.65 £ 0.02 0.32 £ 0.05
16 0.0625 softmax 0.69 £ 0.02 0.64 + 0.02 0.68 £ 0.02 0.37 = 0.03
16 0.03125 mean 0.64 £+ 0.04 0.58 £ 0.02 0.63 + 0.04 0.27 + 0.08
16 0.03125 MOAK 0.64 £+ 0.01 0.57 £ 0.01 0.63 £ 0.01 0.27 + 0.02
16 0.03125 MI 0.63 £ 0.03 0.56 = 0.05 0.62 £ 0.03 0.25 £ 0.06
16 0.03125 max 0.65 £ 0.03 0.57 £ 0.05 0.64 &+ 0.03 0.28 £ 0.05
16 0.03125 softmax 0.64 £+ 0.04 0.58 £+ 0.02 0.63 £ 0.03 0.27 £+ 0.07
16 0.015625 mean 0.63 £ 0.01 0.56 = 0.07 0.62 £ 0.01 0.26 £ 0.03
16 0.015625 MOAK 0.62 £ 0.02 0.61 £ 0.05 0.63 £ 0.02 0.26 £ 0.05
16 0.015625 MI 0.62 £ 0.01 0.58 £ 0.05 0.62 £ 0.01 0.25 £ 0.02
16 0.015625 max 0.6 £ 0.04 0.55 £ 0.04 0.59 £ 0.03 0.19 £ 0.07
16 0.015625 softmax 0.62 £ 0.01 0.58 £ 0.05 0.62 £ 0.01 0.25 £ 0.02
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Table C.7: TGT Fraction Results (16 confs.)

Conformer Count | Fraction | Aggregation | Accuracy (mean + std) | F1 (mean =+ std) | ROC AUC (mean + std) | MCC (mean =+ std)
16 1 mean 0.79 £ 0.05 0.77 £ 0.07 0.79 £ 0.06 0.58 £ 0.11
16 1 MOAK 0.82 £ 0.01 0.8 £ 0.01 0.82 £ 0.01 0.63 £ 0.03
16 1 MI 0.82 £+ 0.01 0.8 +£0.01 0.82 £+ 0.01 0.63 £+ 0.03
16 1 max 0.81 £ 0.02 0.8 £0.02 0.81 £ 0.02 0.62 £ 0.04
16 1 softmax 0.79 £ 0.05 0.77 + 0.06 0.79 £ 0.05 0.58 £ 0.1
16 0.5 mean 0.75 £ 0.06 0.7+ 0.12 0.75 + 0.07 0.5 £ 0.12
16 0.5 MOAK 0.8 £ 0.01 0.78 + 0.01 0.79 £ 0.01 0.59 £ 0.02
16 0.5 MI 0.8 £ 0.01 0.78 + 0.01 0.8 £ 0.01 0.6 = 0.03
16 0.5 max 0.79 £ 0.01 0.76 + 0.02 0.79 £ 0.01 0.57 + 0.02
16 0.5 softmax 0.75 £ 0.06 0.7+ 0.11 0.75 £ 0.07 0.5 £ 0.12
16 0.25 mean 0.73 £ 0.06 0.67 £ 0.13 0.73 £ 0.07 0.47 £ 0.12
16 0.25 MOAK 0.76 £ 0.02 0.74 &+ 0.02 0.76 £ 0.02 0.52 £+ 0.04
16 0.25 MI 0.77 £ 0.02 0.74 &+ 0.02 0.76 £ 0.02 0.53 + 0.04
16 0.25 max 0.75 £ 0.01 0.72 + 0.01 0.75 £ 0.01 0.5 £ 0.02
16 0.25 softmax 0.74 £+ 0.07 0.67 £ 0.14 0.73 £ 0.08 0.47 £0.13
16 0.125 mean 0.7 + 0.06 0.6 £0.17 0.69 £ 0.07 0.41 £ 0.11
16 0.125 MOAK 0.75 £ 0.02 0.72 £ 0.02 0.75 £ 0.01 0.5 £ 0.03
16 0.125 MI 0.76 £ 0.01 0.72 £ 0.02 0.75 £ 0.01 0.51 £ 0.02
16 0.125 max 0.74 £ 0.01 0.69 £ 0.01 0.73 £ 0.01 0.47 £ 0.02
16 0.125 softmax 0.7 + 0.06 0.6 £ 0.16 0.69 £ 0.07 0.4 £0.12
16 0.0625 mean 0.69 £ 0.06 0.56 £ 0.21 0.67 £ 0.08 0.37 £ 0.12
16 0.0625 MOAK 0.72 £ 0.03 0.68 £ 0.04 0.72 £ 0.03 0.44 £ 0.07
16 0.0625 MI 0.73 £ 0.01 0.68 £+ 0.03 0.73 £ 0.01 0.47 £ 0.02
16 0.0625 max 0.71 £ 0.02 0.64 £+ 0.06 0.7 £ 0.03 0.42 £ 0.04
16 0.0625 softmax 0.69 £ 0.06 0.56 £+ 0.21 0.67 £ 0.08 0.38 £ 0.12
16 0.03125 mean 0.66 £ 0.08 0.5 £ 0.29 0.65 £ 0.09 0.3 £ 0.19
16 0.03125 MOAK 0.71 £ 0.03 0.66 = 0.04 0.7 £ 0.03 0.41 £ 0.06
16 0.03125 MI 0.71 £ 0.03 0.65 £ 0.05 0.7 £ 0.03 0.41 £ 0.05
16 0.03125 max 0.7 £ 0.03 0.61 £ 0.08 0.68 £ 0.04 0.4 £ 0.06
16 0.03125 softmax 0.66 £ 0.08 0.49 £ 0.29 0.65 £ 0.09 0.3 £ 0.19
16 0.015625 mean 0.65 £ 0.07 0.47 £ 0.28 0.64 £ 0.09 0.29 £ 0.18
16 0.015625 MOAK 0.7 £ 0.02 0.66 £+ 0.05 0.7 £ 0.03 0.41 £ 0.05
16 0.015625 MI 0.71 £ 0.03 0.66 &+ 0.06 0.7+ 0.03 0.42 £+ 0.06
16 0.015625 max 0.67 £ 0.04 0.56 &+ 0.12 0.66 £ 0.05 0.35 £ 0.08
16 0.015625 softmax 0.66 £+ 0.07 0.49 &+ 0.29 0.64 £+ 0.09 0.3 +£0.19
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C.2. EVALUATION RESULTS FOR FRACTIONS OF TRAINING DATA

Table C.8: PK Fraction Results (16 confs.)

Conformer Count | Fraction | Aggregation | Accuracy (mean + std) | F1 (mean =+ std) | ROC AUC (mean + std) | MCC (mean =+ std)
16 1 mean 0.81 £ 0.01 0.79 £ 0.02 0.81 £ 0.01 0.61 £ 0.02
16 1 MOAK 0.82 £ 0.01 0.8 £ 0.01 0.81 £ 0.01 0.63 + 0.03
16 1 MI 0.81 £+ 0.01 0.78 &+ 0.02 0.81 £+ 0.01 0.61 £ 0.02
16 1 max 0.83 £ 0.01 0.82 £ 0.01 0.83 £ 0.01 0.66 £ 0.02
16 1 softmax 0.81 £ 0.01 0.79 &+ 0.02 0.8 £ 0.01 0.61 £ 0.03
16 0.5 mean 0.79 £ 0.01 0.76 &+ 0.03 0.78 £ 0.02 0.58 £ 0.03
16 0.5 MOAK 0.8 £ 0.01 0.77 + 0.01 0.79 £ 0.01 0.59 £ 0.02
16 0.5 MI 0.78 £ 0.03 0.74 + 0.06 0.78 £ 0.03 0.57 + 0.05
16 0.5 max 0.8 £ 0.01 0.78 + 0.02 0.8 £ 0.01 0.6 £ 0.02
16 0.5 softmax 0.79 £ 0.01 0.76 &+ 0.02 0.79 £ 0.01 0.58 £ 0.03
16 0.25 mean 0.76 £ 0.02 0.71 + 0.04 0.75 £ 0.02 0.51 £ 0.03
16 0.25 MOAK 0.77 £ 0.02 0.74 + 0.03 0.77 £ 0.02 0.54 £ 0.05
16 0.25 MI 0.76 &+ 0.04 0.69 £ 0.11 0.75 £ 0.05 0.52 £ 0.07
16 0.25 max 0.77 £ 0.01 0.74 &+ 0.02 0.77 £ 0.01 0.54 £ 0.01
16 0.25 softmax 0.76 £ 0.02 0.71 £ 0.04 0.75 £ 0.02 0.51 £ 0.03
16 0.125 mean 0.74 £+ 0.02 0.68 £ 0.05 0.73 £ 0.03 0.48 £ 0.04
16 0.125 MOAK 0.76 £ 0.03 0.71 £ 0.04 0.75 £ 0.03 0.51 £ 0.06
16 0.125 MI 0.73 £ 0.08 0.61 £ 0.23 0.71 £ 0.1 0.45 £ 0.16
16 0.125 max 0.76 £ 0.01 0.71 £ 0.02 0.75 £ 0.01 0.51 £ 0.01
16 0.125 softmax 0.74 £ 0.02 0.68 £ 0.05 0.73 £ 0.02 0.48 £ 0.03
16 0.0625 mean 0.71 £ 0.02 0.61 £ 0.08 0.69 £ 0.03 0.42 £ 0.02
16 0.0625 MOAK 0.7 = 0.03 0.63 £ 0.07 0.69 £ 0.04 0.39 £ 0.07
16 0.0625 MI 0.72 £ 0.01 0.66 = 0.03 0.71 £ 0.02 0.44 £ 0.03
16 0.0625 max 0.72 £ 0.01 0.66 = 0.03 0.71 £ 0.01 0.45 £ 0.02
16 0.0625 softmax 0.71 £ 0.02 0.62 £ 0.07 0.7 £ 0.02 0.43 £ 0.02
16 0.03125 mean 0.66 £ 0.02 0.5 £ 0.08 0.64 £ 0.03 0.33 £ 0.04
16 0.03125 MOAK 0.68 £ 0.04 0.58 £ 0.1 0.67 £ 0.04 0.36 £ 0.07
16 0.03125 MI 0.68 £ 0.04 0.56 = 0.09 0.66 £ 0.04 0.35 £ 0.07
16 0.03125 max 0.68 £ 0.02 0.58 £ 0.05 0.67 £ 0.02 0.36 £ 0.05
16 0.03125 softmax 0.66 £ 0.02 0.5 £ 0.08 0.64 £ 0.03 0.33 £ 0.04
16 0.015625 mean 0.63 £ 0.04 0.45 £ 0.13 0.61 £ 0.05 0.28 £ 0.08
16 0.015625 MOAK 0.64 &+ 0.04 0.55 &+ 0.15 0.63 £ 0.05 0.29 £ 0.09
16 0.015625 MI 0.64 &+ 0.04 0.55 &+ 0.15 0.63 £ 0.05 0.29 £+ 0.09
16 0.015625 max 0.64 &+ 0.03 0.52 &+ 0.12 0.63 £+ 0.04 0.29 £+ 0.08
16 0.015625 softmax 0.64 £ 0.03 0.46 £ 0.13 0.62 £ 0.04 0.29 £ 0.07

Table C.9: ECFP Fraction Results
Conformer Count | Fraction | Accuracy (mean =+ std) | F1 (mean £ std) | ROC AUC (mean =+ std) | MCC (mean =+ std)
1 1 0.82 £ 0.04 0.8 £ 0.04 0.81 £ 0.03 0.63 £ 0.07
1 0.5 0.79 £ 0.02 0.77 £ 0.01 0.79 £ 0.01 0.58 £ 0.03
1 0.25 0.78 £ 0.03 0.75 £ 0.04 0.77 £ 0.03 0.55 £ 0.07
1 0.125 0.74 £ 0.04 0.71 £ 0.04 0.74 £ 0.04 0.48 £+ 0.07
1 0.0625 0.7 £ 0.03 0.64 £ 0.04 0.69 £ 0.03 0.39 £ 0.07
1 0.03125 0.68 £ 0.04 0.6 £ 0.06 0.67 £ 0.04 0.35 £ 0.07
1 0.015625 0.64 £+ 0.03 0.6 £ 0.05 0.64 £+ 0.03 0.28 + 0.06
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Appendix D

List of Abbreviations

2D Two-dimensional

3D Three-dimensional

CGT Chemical Graph Theory

CDPKit Chemical Data Processing Kit
ECFP Extended Connectivity Fingerprints
GPU Graphics Processing Unit

HTS High-Throughput Screening

MIL Multi-Instance Learning

MCC Matthews Correlation Coefficient
MOAK Most Optimal Assignment Kernel
MI Multi-Instance Kernel

p-s.d. Positive Semi-Definite

PK Pharmacophore Kernel

RBF Radial Basis Function

RDF Radial Distribution Function
ROC-AUC Receiver Operating Characteristic — Area Under the Curve
CSR Compressed Sparse Row

SVM Support Vector Machine

SVC Support Vector Classifier

SHA-1 Secure Hash Algorithm 1
SMILES Simplified Molecular Input Line Entry System
SMK Subgraph Matching Kernel

TGT Typed Graph Triangles

VS Code Visual Studio Code

CPU Central Processing Unit

36



	Introduction & Foundations
	Pharmacophores
	Virtual Screening

	From SVMs to Pharmacophore Kernels
	Walk Kernels and Product Graphs
	Pharmacophore Kernel

	Implementation and Limitations of the Pharmacophore Kernel
	Conformational Flexibility in Molecular Systems
	Multi-Instance Learning and Drug Activity Prediction
	Aim of the Thesis

	Methods
	Pharmacophore Kernel (PK) Computation
	Handling Conformational Flexibility
	Multi-Instance Kernel (MI)
	Most Optimal Assignment Kernel (MOAK)

	PK Extension and Triangular Kernel Integration
	Gram Matrix
	Gram Matrix Computation for Molecular Conformers

	Fingerprint Representation
	Extended Connectivity Fingerprints (ECFP)
	Radial Distribution Function (RDF)
	Typed Graph Triangles (TGT) 

	BACE Dataset
	Data Processing and Preparation

	Results & Discussion
	Overview of the Evaluation Workflow
	Single-Conformer Comparison Among Models
	Multiple Conformers Comparison
	RDF Mol vs. RDF Pharm
	RDF Pharm vs. TGT
	TGT vs. PK

	Comparative Analysis of PK Against Previous Methods
	Impact of Training Data Size on Model Performance

	Conclusion & Future Perspectives
	Conclusion
	Future Perspectives

	References
	Hyperparameter Optimization, Training, and Evaluation
	Hyperparameter Optimization
	Training and Evaluation Process
	Performance Metrics

	Tools
	Supplementary Tables
	Full Data Evaluation Results
	Evaluation Results for Fractions of Training Data

	List of Abbreviations

