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ABSTRACT

Analyzing and modeling relationships between the structure of chemical com-
pounds, their physico-chemical properties, and biological or toxic effects in chem-
ical datasets is a challenging task for scientific researchers in the field of chemin-
formatics. Therefore, (Q)SAR model validation is essential to ensure future model
predictivity on unseen compounds. Proper validation is also one of the require-
ments of regulatory authorities in order to approve its use in real-world scenarios
as an alternative testing method. However, at the same time, the question of how
to validate a (Q)SAR model is still under discussion. In this work, we empirically
compare a k-fold cross-validation with external test set validation. The introduced
workflow allows to apply the built and validated models to large amounts of un-
seen data, and to compare the performance of the different validation approaches.
Our experimental results indicate that cross-validation produces (Q)SAR models
with higher predictivity than external test set validation and reduces the variance
of the results.

Statistical validation is important to evaluate the performance of (Q)SAR mod-
els, but does not support the user in better understanding the properties of the
model or the underlying correlations. We present the 3D molecular viewer CheS-
Mapper (Chemical Space Mapper) that arranges compounds in 3D space, such that
their spatial proximity reflects their similarity. The user can indirectly determine
similarity, by selecting which features to employ in the process. The tool can use
and calculate different kinds of features, like structural fragments as well as quan-
titative chemical descriptors. Comprehensive functionalities including clustering,
alignment of compounds according to their 3D structure, and feature highlighting
aid the chemist to better understand patterns and regularities and relate the obser-
vations to established scientific knowledge.

Even though visualization tools for analyzing (Q)SAR information in small
molecule datasets exist, integrated visualization methods that allows for the investi-
gation of model validation results are still lacking. We propose visual validation, as
an approach for the graphical inspection of (Q)SAR model validation results. New
functionalities in CheS-Mapper 2.0 facilitate the analysis of (Q)SAR information
and allow the visual validation of (Q)SAR models. The tool enables the comparison
of model predictions to the actual activity in feature space. Our approach reveals if
the endpoint is modeled too specific or too generic and highlights common proper-
ties of misclassified compounds. Moreover, the researcher can use CheS-Mapper to

III



inspect how the (Q)SAR model predicts activity cliffs. The CheS-Mapper software
is freely available at http://ches-mapper.org.
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ZUSAMMENFASSUNG

Zusammenhinge zwischen der Struktur von chemischen Verbindungen und biol-
ogischen oder toxischen Effekten zu analysieren und zu modellieren ist eine wis-
senschaftliche Herausforderung im Bereich der Chemieinformatik. Deshalb ist die
sorgfdltige Validierung von (Q)SAR Modellen entscheidend um die Vorhersage-
Genauigkeit eines Modells bei ungesehenen Verbindungen zu gewéhrleisten. Ord-
nungsgemadfse Validierung ist auch eine der Voraussetzungen der Regulierungs-
behorden, um den Einsatz von (Q)SAR Modellen als alternative Test-Methode
von Chemikalien zu genehmigen. Allerdings wird immer noch aktiv diskutiert,
welches die korrekte Validierungsmethode von (Q)SAR Modellen ist. Diese Ar-
beit vergleicht empirisch k-fache Kreuzvalidierung mit einer externen Validierung
anhand eines Test-Datensatzes. Mit der vorgestellten Methodik werden die vali-
dierten Modelle auf grofie Mengen ungesehener Verbindungen angewendet, und
die Genauigkeit der verschiedenen Validierungsmethoden verglichen. Unsere ex-
perimentellen Ergebnisse legen nahe, dass kreuzvalidierte (Q)SAR Modelle eine
hohere Vorhersage-Genauigkeit aufweisen, als solche, die mit einem externen Test-
datensatz validiert worden sind. Des weiteren ist die Varianz der Kreuzvalidierung
geringer.

Statistische Validierung ist zwingend notwendig, um die Vorhersage-
Genauigkeit von (Q)SAR Modellen zu ermitteln. Diese Validierung ist aber
nur eingeschrankt hilfreich um die Eigenschaften des Modells oder der zugrunde
liegenden Beziehungen zu verstehen. In diesem Zusammenhang stellen wir
den molekularen 3D-Viewer CheS-Mapper (Chemical Space Mapper) vor. Diese
Computer-Anwendung ordnet chemische Verbindungen im 3D-Raum an, so
dass die raumliche Distanz die Ahnlichkeit der Verbindungen widerspiegelt.
Durch die Wahl der chemischen Deskriptoren kann der Benutzer die Ahnlichkeit
festlegen. CheS-Mapper kann diverse Deskriptoren-Typen, zum Beispiel struk-
turelle Fragmente oder numerische Kennzahlen, berechnen. Des weiteren erlaubt
CheS-Mapper das Clustern von Verbindungen, das Ausrichten und Ubereinan-
derlegen der Strukturen im 3D-Raum, wie auch die farbliche Hervorhebung
von Verbindungen anhand ihrer Deskriptor-Werte. Das Programm erleichtert es
daher, Chemikern Muster und Zusammenhinge in den Daten zu erkennen und
bekanntes wissenschaftliches Wissen zu veranschaulichen.

Zwar existieren bereits einige Visualisierungs-Werkzeuge fiir (Q)SAR Informatio-
nen in chemischen Datensétzen, allerdings fehlt eine ganzheitliche Visualisierungs-



Methode fiir Validierungs-Ergebnisse. Wir prasentieren visuelle Validierung, eine
graphische Analyse-Methode fiir die Validierung eines (Q)SAR Modells mit Hilfe
neuer Funktionen in CheS-Mapper 2.0. Vorhergesagte Werte fiir die Aktivitat
chemischer Verbindungen kénnen mit tatsdchlichen Aktivitaten durch die Visual-
isierung im 3D-Raum verglichen werden. Unser Ansatz zeigt, ob der Endpunkt
zu generisch oder zu spezifisch modelliert wurde, und hebt gemeinsame Eigen-
schaften von falsch vorhergesagten Verbindungen hervor. Dariiber hinaus kénnen
Forscher untersuchen, wie Activity Cliffs von einem Modell vorhergesagt werden.
Die CheS-Mapper Software ist frei verfiigbar unter http://ches-mapper.org.
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1 Introduction

(Quantitative) structure activity relationship ((Q)SAR) models predict the biolog-
ical or chemical activity of small molecules. (Q)SAR modeling is a computer based
(i.e., in-silico) approach that has the advantage of usually being much cheaper and
faster than experimental in-vitro or in-vivo studies [2]. Therefore, (Q)SARs could
play an important role as an alternative testing method and aid reducing the need
for animal testing. At the same time, (Q)SAR modeling is still facing many chal-
lenges, e.g., the lack of sufficient data of good quality [3]. For creating predictive
machine learning models, which is the most common approach to (Q)SAR model-
ing, a consistent dataset of sufficient size is required [4]. (Q)SAR datasets are com-
monly not only relatively small, but often also noisy, as the activity values have
been measured in experiments that have a high experimental error. Moreover, the
size of the chemical space is vast and various modes of action exist to cause com-
pound activities, e.g. carcinogenicity. This makes learning demanding and limits
the applicability of (Q)SAR models [5]. Additionally, the often incomprehensive
reasoning of (Q)SAR models predictions makes them a less attractive tool for many
researchers. Another issue, that is still under discussion in the (Q)SAR community,
is how to correctly validate the predictivity of a model [6]. It might be due to these
challenges that (Q)SAR modeling is still only hesitantly accepted as an alternative
testing method.

In this thesis, we present work on validation and visualization of (Q)SAR models.
We introduce a study comparing existing validation methods, and provide a visual-
ization tool for investigating small molecule datasets. Moreover, our visualization
tool is employed to inspect (Q)SAR validation results.

1.1 Contributions and Findings

This thesis can be seperated into three main parts, each part has been published in

a scientific journal.

The first part is a study on validation of (Q)SAR models. Validation provides a
predictivity estimate of a (Q)SAR model, and allows comparing various approaches
in order to determine the most predictive approach. Hence, validation is essen-
tial to demonstrate the reliability of predictions on unseen data, especially when
the (Q)SAR model is applied to risk assessment of potentially toxic chemicals. For
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the validation of (Q)SAR models, regulatory authorities often refer to guidelines of
the Organisation for Economic Co-operation and Development (OECD). However,
as mentioned above, (Q)SAR researchers are still discussing the best validation
method. In particular, some researchers propose to sacrifice training data for exter-
nal test set validation instead of estimating the predictivity with cross-validation
and employing the complete data for model building. Our study compares both
methods to determine the predictivity of the resulting (Q)SAR models and it mea-
sures which validation estimate is more accurate [7]].

Our experimental results indicate that cross-validation should be preferred to ex-
ternal test set validation. Reducing the amount of training data, by keeping aside
an external test set, degrades the final model performance. Moreover, when decid-
ing on the external test dataset size, the researcher faces a trade-off between model
performance and variance of the validation estimate. In contrast, cross-validation
produces a superior final model as the entire dataset is used for training, while at
the same time, exhibiting a lower variance. Furthermore, cross-validation slightly
underestimates the final model performance. We have additionally investigated the
effect of applying a model to compounds from a different feature distribution. In
this scenario, we have demonstrated the unreliability of validation estimates and
the importance of applicability domains.

The second part of this thesis is about visualization. We have designed and im-
plemented CheS-Mapper (Chemical Space Mapper), a 3D viewer for datasets of
chemical compounds that is freely available at http://ches-mapper.org [8]. The
software assigns a dedicated position to each compound in the dataset, such that
compounds with similar feature values are close to each other in 3D space. This
mapping process can be controlled by the user, as CheS-Mapper allows the calcula-
tion of various kinds of compound descriptors and offers a range of embedding al-
gorithms. Further pre-processing functionalities include the integration of 3D struc-
ture builders, a number of clustering algorithms, and the alignment of compounds
in three-dimensional space according to their structure. The 3D viewer provides
zooming and rotating functionalities as well as filtering and highlighting of com-
pounds according to their feature values.

We demonstrate in several use cases that visualizing a small molecule dataset is
important to get an overview of the included compounds and their properties. This
is especially valuable when a (Q)SAR model is created for this dataset, to detect pos-
sible inconsistencies within the data (data curation). Moreover, visualization can
help understanding (Q)SAR information in the dataset. Preferably, the visualiza-
tion tool enables researchers to investigate how physico-chemical descriptors or
structural features are related to the activity.


http://ches-mapper.org

1.2 STRUCTURE

Both validation and visualization are combined in the third part of this thesis. As
mentioned above, the rationale of (Q)SAR model predictions is hard to understand
for the human researcher, as (Q)SARs often are statistical machine learning mod-
els that resemble black boxes. We introduce visual validation, as an approach for
the graphical analysis of (Q)SAR validation results [9]. To this end, CheS-Mapper
2.0 is employed using the same features for embedding as used in (Q)SAR model
building and validation, and to highlight and inspect the endpoint values and the
prediction results of the model. We have added dedicated functionalities to CheS-
Mapper like, e.g., the computation of activity cliffs, the calculation of embedding
stress for the entire dataset as well as single compounds, and the easy determina-
tion of common feature values of arbitrary groups of compounds.

We apply visual validation to real-world data sets and explore strengths and
weaknesses of (Q)SAR models. Common properties of correctly or incorrectly pre-
dicted compounds, or groups of compounds, can be investigated. Thus, visual vali-
dation might even help in mechanistically interpreting the (Q)SAR prediction, and
could therefore facilitate the acceptance of (Q)SAR models as alternative testing
method.

1.2 Structure

We provide the background for the work presented in this thesis in the Chapter
The chapter gives an initial introduction into cheminformatics and to (Q)SAR mod-
eling. It further includes a specific introduction to (Q)SAR model validation and to
cross-validation in general. Moreover, existing visualization approaches for small
molecule datasets and machine learning models are introduced.

The first part of this thesis on validation of (Q)SARs is presented in Chapter[3| We
outline the experimental workflow for comparing cross-validation to external test
set validation. We analyze the results, and investigate the effect of changing several
parameters of the workflow (e.g., dataset size or sampling method). This chapter
also includes a discussion whether cross-validation can be regarded as an external
validation method.

We introduce the 3D viewer CheS-Mapper in Chapter [} The workflow, inte-
grated algorithms, and the graphical user interface is described. This chapter fur-
ther includes technical implementation details and presents the application of CheS-
Mapper to real-world datasets.

Our approach on visual validation is provided in Chapter 5, We motivate visual
validation before presenting the new functionalities in CheS-Mapper 2.0 that have
been added for visual validation. Subsequently, we describe the method in detail
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and outline various use cases to demonstrate the graphical inspection of (Q)SAR
model validation results on real-world datasets.

In the final Chapter 6| we briefly summarize the presented work and show that
the parts of this thesis are complementary building blocks within the (Q)SAR mod-
eling workflow. The last section outlines future work.



2  Background

(Q)SAR modeling belongs to the large field of cheminformatics that will be intro-
duced in Section Sectionprovides a description of (Q)SAR modeling, includ-
ing various (Q)SAR approaches and challenges. Next, we outline current practices
of (Q)SAR model validation in general and introduce the cross-validation method
in Section[2.3] Finally, we will describe visualization techniques to analyze (Q)SAR
information and to visualize machine learning models in Section [2.4]

2.1 Cheminformatics

Cheminformatics can be defined as the application of informatics methods to solve
chemical problems [10]. Its history goes back until 1946 [11]], only shortly after the
invention of the computer. However, the name cheminformatics (or chemoinfor-
matics) was not common until 1998 [12] and it was previously denoted as chemo-
metrics, computer chemistry, or computational chemistry [13]]. Since its beginnings,
the available information in chemistry has vastly accumulated and became only sci-
entifically manageable in electronic form. Hence, techniques were required to store,
process, and manipulate chemical data [13,(14]. In contrast to the related field of
bioinformatics, which focuses on genes, proteins and larger chemical compounds,
cheminformatics focuses on small molecules [14]. One of the main application of
cheminformatics is drug design, with the goal of finding new structures that could
be drug candidates [14,15].

This chapter gives an introduction to the areas within cheminformatics related
to (Q)SAR modeling and visualization, and therefore relevant to the work pre-
sented in this thesis. A comprehensive introduction to cheminformatics is provided
by dedicated surveys [13416] and textbooks [10]. Hence, we outline how to repre-
sent chemical structures (Section 2.1.1)), show different types of compound descrip-
tors (Section [2.1.2), and briefly introduce chemical databases and how they can be
searched in Sections and

2.1.1 Representing Chemical Structures

Chemical compounds are small molecules that consist of at least two atoms, and
are held together by bonds. A traditional way to describe a compound is its chem-
ical formula that simply denotes the number of atoms in the compound (e.g., the
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(@) 2D structure created with the CDK (b) 3D structure build with Open Babel and
(Chemistry Development Kit) rendered with Jmol

Figure 2.1: 2D and 3D structure of the compound diazepam, created with its SMILES (sim-
plified molecular-input line-entry system) string.

chemical formula of the drug diazepam is C16H13CIN2o). However, this format does
not define the chemical structure of the compound as it neglects its bonds, and is
therefore ambiguous. Preferably, a representation should be unique, i.e., different
compounds should have different representations. Another desirable property is
that the representation supports searching for compounds in large databases (see
Section [2.1.4).

2.1.1.1 Two-dimensional (Graph) Structure

Probably the most popular representation of a chemical compound is the two di-
mensional picture of its chemical structure: atoms are drawn using their chemical
symbol (e.g., O for Oxygen; C for Carbon is usually omitted), and connected with
lines that represent the bonds between atoms (see Figure 2.Ta).

When referring to the (2D) structure of a molecule, one refers to its graph repre-
sentation. The introduction of graph theory to chemistry goes back to 1864 [17].
The vertices of the graph are atoms, connected by un-directed, weighted edges
that represent bonds between atoms. The edge weights define the bond type (e.g.,
single bond, double bond, triple bond, aromatic bond). Aromatic bonds describe
de-localized electrons that are shared between bonds in ring systems. Aromatic
rings are often denoted with alternating double and single bonds (kekulized) (as
shown in Figure 2.T). Hydrogens are normally discarded (to make the represen-
tation more compact), and are only represented implicitly by filling unused va-
lences. Many problems that arise when processing compound structures can be
solved with graph theory [18]: to find out whether two compounds are structurally
identical, one has to determine whether their two graphs are isomorphic. Another
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common application is to detect the maximum common sub-graph (MCS) of two
compounds.

Automatically creating the two-dimensional structure is termed Structure Dia-
gram Generation or 2D Structure Layout. An early algorithmic approach was de-
scribed in 1977 [19]. Recent approaches have improved the layout of non-planar
compounds and aim to create aesthetically pleasing layouts [20].

Free tools to create and paint 2D structures are Modular Chemical Descriptor
Language (MCDL) [21], Open Babel [22], the Chemistry Development Kit (CDK)
[23], or the Rational Discovery Kit (RDKitﬂ IDEAconsult Ltd [24] provides an on-
line depiction servic that wraps the compound drawing functions of CDK and
Open Babel and includes the depiction result of other online services (PubChem,
Daylight, and Cactvs).

2.1.1.2 Three-dimensional Conformation

The 3D structure of a compound is not necessarily well-defined by its 2D graph:
stereo-isomeric compounds have multiple different 3D conformations (e.g., mir-
rored images). Moreover, the structural arrangement of a compound is flexible and
changes according to its molecular environment. In particular, the bio-active con-
formation is often significantly different from the most stable one at room tem-
perature [25]. 3D structure builders usually predict the most stable, low-energy
conformation of a compound based on its 2D structure. This is a computationally
extensive task as the search space grows exponentially with the compound size.
Numerous different approaches exist to build 3D structures of compounds auto-
matically [26]27]. As an example, the freely available 3D builder in Open Babel
[22]] uses a stochastic search to minimize the energy of a structure using the Merck
Molecular Force Field (MMFF94) [28]. See Figure for the image of a 3D com-
pound structure built with Open Babel. Other free tools are, e.g., FRee On line druG
conformation generation (Frog2) [29] and Balloon [30]. Probably the most popular
commercial tool CORINA [31] is a rule-based system employing crystallographic
data.

Freely available standalone tools to render 3D structures of compounds are ]mo]ﬂ
BALLView [32], PyMOLﬂ or Visual Molecular Dynamics (VMD)[33]. Additionally,

1 http://www.rdkit.org

2 lhttp://apps.ideaconsult.net:8080/ambit2/depict
3 |http://www.jmol.org

4 |https://www.pymol.org
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Name Diazepam

IUPAC name | 7-chloro-1,3-dihydro-1-methyl-5-phenyl-1,4-benzodiazepin-2(3H)-
one

Formula Ci16H13C1INyg

SMILES CN1c2¢(C(=NCC1=0)clcccecl)cc(Cl)ec2

InChl InChI=1S/C16H13CIN20/c1-19-14-8-7-12(17)9-13(14)16(18-10-
15(19)20)11-5-3-2-4-6-11/h2-9H,10H2,1H3

InChIKey AAOVK]JBEBIDNHE-UHFFFAOYSA-N

CAS 439-14-5

PubChem CID 3016

ChEMBL CHEMBL 12

ChemSpider | 2908

Table 2.1: Identifiers and line notations of the drug diazepam.

online services to render and compute the 3D conformation of single compounds

exis@@

2.1.1.3 Identifiers

Chemical identifiers are assigned to a chemical and can be utilized to look up the
compound in a database. Commonly, identifiers are sequentially increased, unique
numbers or strings that are not related to chemistry. They are often proprietary, like
the most widely used CAS registry number, assigned by the Chemical Abstracts
Service (CAS) [34,35]. Other chemical IDs are provided by PubChem, ChemSpider,
or ChEMBL (see Table2.1).

2.1.1.4 Line Notations

Line notations encode the 2D structure of a compound (including stereo-chemical
information) in a single line of compact and user readable text. When storing a
chemical dataset including compounds and their properties in tabular format, there
is usually a column that defines the compound structure using a line notation. The
first approach was proposed in 1949 (Wiswesser line notation, WLN) [36], and com-
monly used in the 60s and 70s [13]. Another notation is the SYBYL Line Notation
(SLN) [37].

A very common line notation is the simplified molecular-input line-entry system
(SMILES). This proprietary format was introduced by Weininger [38]. It is popu-

5 http://www.molecular-networks.com/online_demos/corina_demo_interactive
6 http://web.chemdoodle.com/demos/2d-to-3d-coordinates
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lar due to its good readability, as it is closely related to the native understanding
of organic chemists [14]. Atoms are denoted by their chemical symbol (only non-
aromatic atoms have to be enclosed in square brackets). Writing the character in

lower case indicates aromatic rings. Alternatively, atoms can be encoded with their

"o “u__1

atomic number, e.g., [#6] instead of C. Bonds are symbolized using (single), “=
(double), “#” (triple), and “:” (aromatic) characters. For simplicity, single and aro-
matic bonds can be omitted and are implied by adjacent atoms. Ring systems are
indicated with numbers, e.g., clcccenl denotes Pyridine, an aromatic ring including
a nitrogen that is connected to the first carbon atom. Branches are described with
parentheses, an example of a simple non-linear compound is acetic acid CC(=0)O.
The SMILES representation of diazepam is given in Table SMILES codes can
be ambiguous, as the same structure can be described by multiple SMILES strings
(e.g., by reversing the order). This ambiguity has been resolved by canonical serial-
ization of the molecular structure. Hence, each compound has a unique canonical
SMILES representation. However, as SMILES is a proprietary format, various chem-
ical libraries have a differing implementation of a canonical SMILES serialization
algorithm.

A non-proprietary line notation is the International Chemical Identifier (InChl)
[39]]. It was developed by the International Union of Pure and Applied Chemistry
(IUPAC) as open standard. Similar to canonical SMILES, the algorithm assigns
unique numbers to the atoms of a structure. A lot of open-source InChl Software
converters exist (Open Babel, CDK, ChemSpider). The InChl code consists of differ-
ent layers separated by slashes (“/”). The three main layers are chemical formula,
atom-connections, and hydrogen layer (see Table[2.1]for the InChI representation of
diazepam). Moreover, charges and stereo-chemical information can be configured.

The InChIKey [40] is the hashed code of the InChI (again see Table for an
example). It was designed as an identifier for databases or web searches, as the
InChlI for larger molecules is long and can be cut off by search engines. Hashing is a
one way transformation, therefore, it is not possible to derive structural information
from the InChIKey. Moreover, the key is not guaranteed to be unique, occasionally
two compounds can be mapped to the same InChIKey (collision).

2.1.1.5 File Formats for 3D Structure Information

Formats to store the three-dimensional conformation of compounds are based on
the connection-table format that was introduced as early as 1965 [41] (and im-
proved by Morgan [42]). A widely used format that is especially suited for macro-
molecules, is the protein data bank (PDB) file [43].
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Diazepam
OpenBabel02101417063D

2022 0 0 0O O O O O 0999 v2oe00

0.9227 —0.0816 0.0166 C 0 0 0 0 0O 0 O
2.3713 —0.0785 0.1723 N 0 0 0 00O 0 O
3.0674 1.1708 0.2036 C 0 0 00O 0O 0 O
4.2924 1.3578 0.8756 C 0 0 0 00O 0 O
4.8923 0.3057 1.7474 ¢ 0 0 00O 0O 0 O
5.0393 —0.9262 1.3926 N 0 0 0 0 0 0 0 O
4.5315 —1.3269 0.0847 ¢ 0 0 0 00O 0 O
3.0092 —1.3243 0.1139 C 0 0 0 0 0 0 0 O
2.3805 —2.3817 0.0067 0 0 0 0 0 0OO 0 O
5.3641 0.6858 3.1186 C 0 0 0 0 0 0 0 O
6.4851 0.0402 3.6543 C 0 0 0 00 0O 0 O
6.9439 0.3735 4.9297 ¢ 0 0 00O 0O 0 O
6.2794 1.3446 5.6779 C 0 0 0 0 0O 0 O
5.1506 1.9772 5.1575 ¢ 0 0 00O 0O 0 O
4.6873 1.6460 3.8822 C 0 0 0 0 00O 0 O
4.9734 2.5873 0.7978 ¢ 0 0 0 00O 0 O
4.4153 3.6518 0.1004 C 0 0 0 0 0 0 0 O
5.2439 5.1555 0.0225 ¢ct 0 0 0 O O O O O
3.1835 3.5071 —0.5231 C 0 0 00O 0O 0 O
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2 8 1 0 0 0 0
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3201 0 0 O O

4 5 1 0 0 0 0

416 1 0 0 0 O

5 6 2 0 0 0 0

510 1 0 0 0 O

6 7 1 0 0 0 0

7 8 1. 0 0 0 O

8 9 2 0 0 0 O

1011 2 0 0 0 O

1015 1 0 0 0 O

1112 1 0 0 0 O

1213 2 0 0 0 O

1314 1 0 0 0 O

1415 2 0 0 0 O

16 17 2 0 0 0 O
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M END
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Figure 2.2: 3D structure of diazepam in MDL molfile format

<?xml version="1.0"?>
<molecule xmlns="http://www.xml—cml.org/schema">
<atomArray>

<atom id="al" elementType="C" x3="0.934309" y3="0.099663"
<atom id="a2" elementType="N" x3="2.382697" y3="0.101191"
<atom id="a3" elementType="C" x3="3.079979" y3="1.349842"

</atomArray>
<bondArray>
<bond atomRefs2="al a2" order="1"/>
<bond atomRefs2="a2 a3" order="1"/>
<bond atomRefs2="a3 a4" order="2"/>

</bondArray>
</molecule>

z3="—-0.043885"/>
2z3="0.113990"/>
2z3="0.146144"/>

Figure 2.3: 3D structure of diazepam in chemical markup language (CML), shortened
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The MDL molfile format (Molecular Design Limited) is commonly used for small
molecules and is often regarded as the standard exchange format [14]. It is a propri-
etary format, created by the company MDL Information Systems. An example of
the mollfile representation of diazepam can be found in Figure Its main elements
are an atom block (lines 5-24), including 3D coordinates and atom symbols, and
a bond block (lines 25-46) defining the connected atoms and bond types. Unfortu-
nately, the molfile is lacking support for aromaticity and compounds can only be
stored in kekulized format.

The structure-data file (SDF) is an extension of the molfile. This proprietary for-
mat is also provided by MDL. It can include multiple compounds separated by the
string $$$$. Moreover, additional properties can be defined following the structural
definition of each compound.

An alternative, open format is the chemical markup language (CML) [44]. CML is
based on the extended markup language (XML). It is developed since 1995 and was
designed to describe not only molecules, but other chemical concepts like reactions
and spectra. An example of the compound diazepam in CML format is given in

Figure[2.3]
2.1.2 Chemical Descriptors and Structural Fragments

In order to build machine learning models to predict the activity of compounds,
features (or attributes) are required that describe the molecular structure. There
are two different categories of features of chemical compounds: physico-chemical
descriptors and structural fragments. The latter are often represented by structural
fingerprints.

2.1.2.1 Molecular Descriptors

Molecular descriptors express physico-chemical properties of compound structures
with numeric values. An example is the logarithm of the partition coefficient (logP)
that describes how a compound is distributed in a water-octanol mixture, and is
therefore a measure of lipophilicity or hydrophilicity. Its importance is due to the
fact that compounds with higher lipophilicity tend to permeate better across bio-
logical membranes [45].

Over 1500 descriptors are available [14]. The most simple descriptors are calcu-
lated based only on the atoms of the compound (e.g., molecular weight), many are
based on the 2D graph of the compound (e.g., number of hydrogen bond donors),
and some complex descriptors are based on the 3D structure and surface of the

11
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compound (e.g., van der Waals volume). A comprehensive overview of molecular
descriptors is given in the book by Todeschini [46].

Some descriptors can be calculated directly (deductively) using quantum chem-
ical models [14]. Others are predicted with (quantitative) structure property rela-
tionship ((Q)SPR) models that are based on experimentally derived data.

2.1.2.2 Structural Fragments

Structural fragments are sub-graphs that either occur in the (2D) graph of a com-
pound (the fragment matches the compound), or do not occur in a compound.
Hence, structural fragment features are nominal binary features as they have two
possible feature values. The presence or absence of a particular structural fragment
may play an important role, as the mode of action of a compound often depends
on its structure. These fragments are called structural alerts.

A common syntax to describe fragments is smiles arbitrary target specification
(SMARTSﬂ This language is an extension of the SMILES notation and was de-
signed by the developers of SMILES [38]. The major enhancements are wildcards

17

for atoms (any atom: “*”) and bonds (any bond: “~”), and the introduction of logi-
cal operators (and, or, not). SMARTS fragments are very expressive, yet often hardly
human readable. SMARTSViewelﬂ is a freely available visualization tool that auto-
matically creates images of fragments [47].

Fingerprints are a commonly used, compact representation of a set of substruc-
tures. A fingerprint is a bit-wise string, that includes only 1s and 0s, encoding pres-
ences and absences of fragments. Often, hashed fingerprints are employed, i.e., the
number of bits is lower than the number of fragments. Hence, multiple fragments
are mapped to the same bit. Hashing is applied to limit the size of the fingerprint,
as the number of tested structural fragments can be very high and matches are of-
ten sparse (much more Os than 1s). Nonetheless, compression of the data causes
loss of information and makes the fingerprints harder to interpret. Fingerprints can
be used to compute the pairwise distance or similarity between two compounds,
using a suitable (dis)similarity measure. Often, the Tanimoto similarity measure is
employed, as it ignores common absences (i.e., fragments that do not match both
compounds) when computing similarity. Fingerprints are well suited for searching
databases (see next section). Moreover, fingerprints are commonly used for (Q)SAR
modeling, e.g., using artificial neural networks [48] or support vector machines [49].

Structural fragments for a dataset can either be created dynamically, or by match-
ing predefined lists of fragments that include functional groups. Examples of pre-

7 http://www.daylight.com/dayhtml/doc/theory/theory.smarts.html
8 http://smartsview.de
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defined lists are the 166 MACCS keys [50], or the Klekota-Roth fingerprint [51]
that comprises 4860 fragments relevant to bio-activity. Alternatively, structural
fragments can be mined by enumerating frequent common sub-graphs. An early
approach to mine frequent patterns in the compound dataset was published in
1998 and based on inductive logic programming (WARMR [52]). Succeeding ap-
proaches like gSpan [53] or GASTON [54] improved the performance of graph min-
ing by using effcient canditate generation and unique canonical representations.
The tool fminer [55], that is build upon GASTON, detects backbone refinement
classes (BBRCs), which are classes of tree-shaped sub-graphs. Due to the exponen-
tial growth of the number of existing tree fragments, the number of fragments is
reduced by setting a minimum-frequency threshold and by enumerating only non-
redundant features that are correlated to the endpoint activity value. Hence, fminer
has a supervised (endpoint dependent) feature-selection mechanism included, in-
stead of using a hashing mechanism that is commonly applied when creating fin-
gerprints.

Another popular method are Extended-Connectivity Fingerprints (ECFPs) [56].
ECFPs detect circular neighborhood fragments up to a user configured diameter (a
common value is 6). The method assigns integer identifiers to atoms (that encode
atom type and connectivity), and combines these identifiers to fragment identifiers
when including neighboring atoms. The fragment identifiers are used as hash-keys
for the resulting fingerprint. Open-source implementations of ECFPs are available
in RDKit, and in the development version of CDK (since version 1.5.6).

2.1.3 Chemical Databases

Various databases exist for diverse categories of chemical data, like crystallographic
3D data of macro molecules (Protein Data Bank (PDB) [57]), chemical reactions
(BioPath [58], Reaxisﬂ), or mass spectrometry data (Mass Spectral Database (MSDC)
[59]). As the focus of this work lies on small molecule data, we introduce four
prominent databases including chemical compounds. These databases provide
compound structure, some physico-chemical properties, and biological activities
(if available).

PUBCHEME is a freely accessible database, hosted by the US National Institute
of Health (NIH) [60, 61]. It includes more than 49 million compounds, 129
million substances, and 739,000 bio-assays (May, 2014). It provides various
search functionalities (including similarity and sub-structure search), an up-

9 lhttp://reaxys.org
10 http://pubchem.ncbi.nlm.nih.gov
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load functionality and semantic web support since January 2014 (PubChem-
RDF).

CHEMBLJ '|is maintained by the European Bioinformatics Institute (EBI) and freely
accessible [62]. It includes more than 1.5 million of drug-like bio-active com-
pounds that are linked with more than 12 million activities and more than 53
million publications (May, 2014). The ChEMBL database is curated manually,
data is added from publications. Semantic access using an Resource Descrip-
tion Framework (RDF) protocol is supported [63].

REAXY Sﬁis hosted by Elsevier Properties SA, its access is limited. It was published
2009 and succeeds and unifies the Beilstein database [64]], the Gmelin database
and the Patent Chemistry Database. Reaxys includes organic, inorganic and
organo-metallic compounds, as well as reactions.

CAS REGISTRY contains 87 million organic and inorganic substances (May, 2014)
and is provided by the Chemical Abstracts Service (CAS) [34, 35] that be-
longs to the American Chemical Society (ACS). The access is restricted. The
database is especially known for its widely used identifier, the CAS (Registry)
Number.

2.1.4 Searching in Datasets and Databases

Efficiently searching through databases and large datasets requires a well-suited
compound representation.

A full structure search looks up a query compound that was specified by its
structure (without having a chemical identifier available). The structure can, e.g.,
be given with its SMILES string or by using a molecular editor [65]. The search is
usually executed by computing a feature-representation (like a fingerprint) or by
utilizing a canonical line notation. For example, the search in the CAS database [35]]
is based on a hash key representation (referred to as Augmented Connectivity Molecu-
lar Formula). If multiple structures match the feature representation, a refined graph
isomorphism comparison can be applied.

A sub-structure search determines all available compounds that include a user-
specified fragment. This requires an examination of whether the query fragment is
isomorphic to a sub-graph included in the target graph. This problem from graph-
theory is known to be a NP-complete problem that requires a large computational
effort. To search large databases efficiently, the overwhelming set of compounds in

11 https://www.ebi.ac.uk/chembl
12 |http://reaxys.org
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the database is filtered out using fingerprint matching (similar to the full structure
search). Hence, a fingerprint of the query substructure is created and compounds
that do not match this fingerprint are discarded [66]. An initial approach for sub-
structure matching was already developed in 1957 [67].

Similarity search yields compounds that are similar to the query compound, with-
out matching specific sub-structures. This search can be performed very efficiently
by computing the (Tanimoto) similarity between fingerprints (as described in Sec-
tion , using a user-defined similarity threshold. The results are usually sorted
by similarity in descending order.

2.2 (Q)SAR Modeling

(Quantitative) structure activity relationship ((Q)SAR) models predict the impact
of chemical compounds on health and environment. The underlying (Q)SAR as-
sumption is that the biological or chemical activity of a compound depends on its
structure, and that compounds with similar structures have similar biological or
chemical activities (as discussed in more detail below, in Section [2.4.3).

Commonly, the distinction between QSAR and SAR models depends on the data
type of the predicted endpoint. SAR models are classification models that predict
distinctive nominal activities (e.g., active or inactive), i.e., SAR models make quali-
tative predictions. Quantitative QSAR models resemble regression models that pre-
dict numeric endpoints. However, this distinction is not applied consistently in the
literature, and many researchers always apply the entire term QSAR. When mod-
eling chemical properties of compounds (e.g., logP) instead of activities, the term
(quantitative) structure property relationship (Q)SPR model is employed.

2.2.1 Milestones in (Q)SAR History

In 1962, Hansch initially employed (Q)SAR modeling for predicting the activity of
plant growth regulators [68].

An early example of (Q)SPR modeling was the fragment-additive data-based ap-
proach to predict logP in 1975 [69]. The first attempt to predict biological activity
with structural fragments was presented by Klopman in 1984 [70].

In 1988, Cramer et al. introduced the first (Q)SAR model that was based on the 3D
conformation of compounds using comparative molecular field analysis (CoMFA)
[71].
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2.2.2 Types of (Q)SAR Modeling Approaches

Data driven machine learning models are probably the most commonly applied
(Q)SAR modeling approach. An introduction to machine learning is given in the
following section. Subsequently, we introduce expert systems, molecular modeling
and read across.

2.2.2.1 Machine Learning

Machine learning algorithms learn a target function to predict the endpoint value
of untested compoundﬁ Training a machine learning algorithm belongs to super-
vised learning (i.e., endpoint-dependent learning). The learner requires a training
dataset as input, with known endpoint values and a set of features that describe
each compound. Commonly, the feature-vectors are referred to as x-values and the
endpoints as y-values. Feature values for the untested query compound have to be
provided in order to predict the outcome of the compound (i.e., to apply the target
function).

The application of a machine learning algorithm to a training dataset can also be
regarded as search in the hypothesis space to find the hypothesis that fits the pro-
vided data best [4,72]. The hypothesis space depends on the representation of the
target function by the learner and on the feature representation of the data. Hence,
each learner has an inductive bias [4] that affects how the learner will generalize
to predict compounds with unknown activity that are not present in the training
data. Accordingly, the optimal learner and feature representation depend on the
particular data and predicted endpoint.

Often, the hypothesis space is ordered and searched from general to specific
hypotheses. Very general hypotheses are overly simple descriptions of the target
function. Too specific hypotheses, however, are very complex and are overly exact
descriptions of the training data. As a result, an algorithm that has learned an ex-
tremely complex target function might predict the training data very well, but its
ability to generalize is poor, and its predictivity on unseen data is bad. This concept
is called overfitting. Proper validation of machine learning models is necessary to
detect and prevent overfitting, as described in the Section[2.3]

Numerous types of machine learning algorithms exist. As an example, we will
describe the decision-tree based method random forests below. Other types of clas-
sification algorithms are probabilistic learners like naive Bayes [73] or support vector
machines [74], a kernel-based binary classifier that can also be used for regression.

As we focus on (Q)SAR modeling, we refer to the examples or instances within the modeled dataset
as compounds, and to the predicted target or class value as endpoint or activity value.
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Linear regression [72] is one of the simplest approaches to regression and is often
used as building block by more complex models like regression model trees [75,[76].

A widely used, free toolbox for data mining and machine learning is WEKA [77]
(also used in this thesis). Other applications are the statistical tool R [78], or the
software suite Orange [79].

17
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Random Forests

The random forest [80] algorithm is a predictive classifier that combines single deci-
sion trees. It is relatively resistant to over-fitting and has been applied in this work

for (Q)SAR modeling in Sections 5.3.2) and[5.3.3|

In general, a decision tree predicts a compound by evaluating a test for a par-

ticular feature at each node of the tree [4]. Accordingly, the compound is sorted
through the tree until it is assigned to a leaf node that corresponds to the predicted
class value. The tree is initially built by sequentially adding the best feature as new
node. The best feature is selected by testing how well it separates the training com-
pounds in this node with respect to the endpoint value. A common test criterion,
that is also used in random forests, is the information gain.

Random forests combine single decision trees by employing bagging (also called
bootstrap aggregation), a technique that can improve the performance of a predic-
tor by building various predictors on sampled subsets on the data. Additionally,
when building each decision tree, only a randomly sampled subset of features is
available to create a new node. The prediction results of the decision trees are com-
bined by consensus voting. The WEKA implementation that is applied in this work
builds by default 100 decision trees.

2.2.2.2 Expert Systems

Expert systems are manually crafted predictors, that do not require a training
set. Commonly, predictions are made based on explicit rules collected by human
experts. As an example, the commercial expert system Derek [81] provided by
LHASA Ltd makes qualitative predictions based on toxicophores, which are frag-
ments that are known to occur in toxic compounds. Derek makes predictions for a
range of endpoints including among others mutagenicity, carcinogenicity, and skin
sensitization. Another expert system is OncoLogic [82], provided by the US En-
vironmental Protection Agency (EPA). OncoLogic uses manually created decision
trees to predict 6 levels of concern for carcinogenicity (low, marginal, ..., high). More-
over, it supports predicting different categories of chemicals like organic chemicals,
polymers, metals/metalloids and fibrous substances. To evaluate the reliability of
its predictions, OncoLogic was peer-reviewed by experts.

In general, expert systems can only be validated with external test sets, but not
using re-sampling techniques like cross-validation. Moreover, these tools often suf-
fer from a narrow applicability domain.
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2.2.2.3 Molecular Modeling or 3D-(Q)SAR Modeling

Molecular modeling can be employed to predict the binding affinity of structurally
similar compounds (ligands) to the active site of a protein. This might e.g., be use-
ful to predict how well a compound is suited to inhibit the enzymatic activity of a
particular protein. It is essential for molecular modeling to take the flexibility of pos-
sible 3D conformations of the ligands into account, as the bio-active conformation
of ligands largely depends on the active site of the enzyme.

The first 3D-(Q)SAR approach, CoMFA, was published in 1988 [71]. CoMFA su-
perimposes the 3D structure of the test compound with the training compounds,
and calculates the force-field energy of the protein-ligand interaction at various
data points. The calculated energies are employed as input features for a Partial
Least Squares (PLS) regression model to predict the binding affinity.

Molecular modeling models are limited to a very specific mode of action. These
models are therefore not suited to model complex endpoints, like carcinogenicity.
Complex endpoints are probably affected by interactions with more than a single
enzyme. Moreover, the activity of a compound might depend on its bio-availability

or its transformation products.

2.2.2.4 Read Across

Read across is a manual approach by an expert chemist that estimates the endpoint
of a compound by comparing it to similar compounds with known activity [83].
Similarity should take structural similarity and physico-chemical properties into ac-
count. Read across relies on "judgment evaluation”, as it assumes that the analogues
(compounds that are similar to the query compound) behave similarly to the query
compound. A tool to support read across is the (Q)SAR toolbox [84] provided by
the OECD. Read across is a very flexible approach that relies on the knowledge of
the expert. It is time-consuming and cannot be validated statistically.

2.2.3 Data Availability and Quality

Measuring the toxicity of chemical compounds often costs animal lives, is expen-
sive and time-consuming. Hence, the number of tested compounds is often small.
Moreover, in-vivo (and in-vitro) experiments tend to have a high error rate, and pro-
duce noisy data that is difficult to model. Increasing the dataset size by mixing
results from different studies should be done with care: the measurements of dif-
ferent experiments are often not comparable due to differences in the experimental
setup. In particular, data from different species should not be combined [85]]. There-
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fore, one of the main challenges for (Q)SAR modeling is that datasets are often too
small and may contain experimental errors.

2.24 Applicability Domain of (Q)SAR Models

The applicability domain (AD) of a (Q)SAR model describes the feature space of
compounds that can reliably be predicted. Whenever a compound is predicted by
the model, it should be checked whether the compound lies within the AD. This
is especially important due to the vast size of chemical space. Compounds that are
dissimilar to the training dataset compounds could still effect the modeled activ-
ity with an entirely different mode of action. Hence, chemicals that have differing
chemical properties should not be predicted by the (Q)SAR model. In general, AD
methods compare the feature values of a query compound to the feature values of
the training dataset compounds. Many reviews of AD approaches exist [5,86].

A common method of computing the AD is the distance based approach. This
method computes the distance of the test compound to the center (centroid) of
the training dataset. Alternatively, the pair-wise distance to all compounds of the
dataset can be computed. The compound will be excluded from the AD if the dis-
tance is too high. The threshold for excluding the query compound has to be de-
fined manually (one could for example choose the maximum distance within the
training data). Moreover, the employed (dis)similarity measure has to be selected
(e.g., Mahalanobis, Euclidean, City Block distance). In order to take into account
correlations between feature values, distance based AD methods should be applied
to PCA transformed data. Alternatively, a popular distance based approach is the
leverage method [87], that computes the distance using the diagonal elements of
the hat matrix.

Probability density distribution methods [88] allow identifying test compounds
that fall into empty regions inside (the convex hull of) the feature space. A non-
parametric approach that makes no assumptions about the data distribution is de-
scribed in [86]. Nevertheless, the user has to define a manual threshold to exclude
compounds from the AD (e.g., compounds below 0.05% probability).

There is no overall best AD method. AD methods should be as similar to the
model as possible. Hence, the AD algorithm should be based on to the same de-
scriptors and/or (dis)similarity measure. An integrated approach for defining the
AD is performed by the lazar framework as described in Section[2.2.5
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Figure 2.4: The workflow of the lazar framework, with regard to the configurable algo-
rithms for descriptor calculation, chemical similarity calculation, and local (Q)SAR models.

2.2.5 An Application Example: lazar

The lazar (lazy structure-activity relationships) framework [89] is a (Q)SAR mod-
eling approach that is comparable to read across, as it predicts query compounds
according to similar compounds (neighbors) in the dataset. Therefore, local (Q)SAR
models are build with neighbor compounds only. The lazar framework can flexibly
be adjusted to the training dataset (see Figure[2.4): structural fragments or physico-
chemical descriptors can be selected as descriptors. Moreover, the (dis-)similarity
measure to compute the neighbor compounds based on the selected descriptors is
configurable. Finally, the user decides which algorithm is applied to create local
(Q)SAR models.

The framework has an AD definition integrated and thus additionally returns a
confidence value when predicting an unseen compound. The confidence does depend
on the number of detected neighbors and their similarity score. Moreover, lazar ex-
tends the classical AD definition by also taking the coherence of neighbor endpoint

values into account for the calculation of the confidence value.
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2.2.6 Acceptance of (Q)SARs as Alternative Testing Method

Since 2007, the Registration, Evaluation, Authorisation and Restriction of Chemi-
cals (REACH) [90] regulation enforces a more strict risk assessment of chemicals in
the European Union, with the goal to protect human health and the environment.
To avoid an increase of animal testing, the European Chemicals Agency (ECHA)
(founded in 2007 to manage the implementation of REACH) also encourages the
use of alternative testing methods, including valid (Q)SAR models. The ECHA
refers to the OECD guidelines [91]] for the definition of a scientifically valid (Q)SAR
model:

“To facilitate the consideration of a (Q)SAR model for regulatory purposes, it should be
associated with the following information:

~

. a defined endpoint

2. an unambiguous algorithm

3. adefined domain of applicability

4. appropriate measures of goodness-offit, robustness and predictivity
5. a mechanistic interpretation, if possible”

According to the annual report on REACH from 2013 that is published by the
ECHA, the number of reported dossiers including (Q)SAR models is rising, but
modeling is still much less used than read across [92]. The rare employment of
(Q)SARSs as alternative testing method might be due to the fact that the above listed
requirements are challenging.

Even though the OECD guidelines [91] give advice for the validation of (Q)SARs
and on how to evaluate goodness-of-fit measures (point 4 above), the best method
to validate (Q)SAR models is still under discussion in the (Q)SAR community (see
below in Section [2.3).

Another demanding requirement for valid (Q)SARs is to provide a mechanistic
interpretation (point 5 above). Preferably, (Q)SAR models should give an explana-
tion for the prediction and relate the prediction to the structure of the query com-
pound and its mode of action. As mentioned above, some (Q)SAR models resemble
black boxes that do not provide this information. To this end, we introduce visual
validation, an approach that could help to mechanistically interpret (Q)SAR mod-
eling results (see Chapter [5).
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2.3 Validation of (Q)SAR Models

There are different types of (Q)SAR models, like the above mentioned rule-based
expert systems that do not require a training step. Most (Q)SAR models, however,
are the result of statistical machine learning algorithms that are trained on a dataset
with a known target endpoint, and automatically learn a function to predict the
endpoint value of novel compounds [93]]. As previously noted, optimizing the pre-
dictive performance of the (Q)SAR model on the training dataset would lead to a
model that is too specific and does not perform well on unseen data (overfitting)
[94]. Therefore, the model has to be validated on unseen instances, thus the data, in
principle, has to be split into a training and test set.

In this work we will focus on validation for performance evaluation rather than
for model selection. Model selection aims at choosing a model from a set of mod-
els that performs best on a particular dataset. It is therefore vital for the validation
method to be sensitive to estimate differences between the various approaches, and
yet to have a small type I error rate [95]]. It is not critical if the method has a bias
in computing the actual model predictivity, as long as this systematic error affects
all approaches equally. In contrast, the objective of this work is performance evalua-
tion: validation methods should preferably give an accurate predictivity estimation
with low variance.

The choice of the most suitable validation method depends on the dataset size. In
cases of unlimited amounts of data, a single training-test-split would be sufficient
[93,96]. For small datasets, however, it is recommended to repeat the partition of the
data into training and test sets. Whether enough data is available for a single split
depends also on the complexity of the problem and the applied learning scheme [96,
97]. It can be noted that in most real-world (Q)SAR applications so far the datasets
are rather small as the number of (in-vivo) tested compounds with known endpoint
values is scarce [98]].

Another important aspect for the validation of (Q)SARs is the data distribution.
Machine learning models are usually built under the assumption that they are ap-
plied to unseen data from the same feature range and distribution as the training
data. A model is likely to perform worse if applied to data from a different distri-
bution [99,100]. Consequently, validation estimates will only hold for unseen data
from the same distribution as the validation data. It is therefore vital for the vali-
dation method to use an unbiased sample as test set. Sample selection bias can be
reduced by avoiding small test sets, by repeating the training test split, or by using
stratified splitting (as described below).
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Figure 2.5: 10-fold cross-validation

2.3.1 Cross-Validation and its Variants

Cross-validation is a common and popular technique to validate learning algo-
rithms. There exist many versions, the one employed here is k-fold cross-validation
[96|/101]. As illustrated in Figure the dataset is randomly split into k equally
sized parts (10 is a common number for k). Subsequently, k-1 parts are used as
training set for model building, and the left out k-th part is used as test set. The
overall validation performance is computed by accumulating the predictions of all
k test sets. If feasible, this procedure is repeated multiple times, to avoid any bias
originating from the initial random split. A possible variant is to use stratified cross-
validation: the data is split into folds that have an equal distribution of endpoint
values, as the original dataset.

Hold-out validation randomly splits a dataset into training and test set according
to a fixed ratio. Usually, one leaves 10%, 30% or 50% of the dataset aside as test set.
This procedure is repeated a fixed number of times (30 times is a common value),
and the results are then averaged to obtain the final validation performance. This
method is sometimes also referred to as leave-many-out cross-validation (LMO-CV)
[98,102]. The term LMO-CV is however not consistently used in the literature, as
sometimes it is also used for k-fold cross-validation [103]. To this end, we do not
use this term to avoid confusion.

A special case of k-fold cross-validation is leave-one-out cross-validation (LOO-
CV), where the number of folds is equal to the number of compounds in the dataset.
This procedure is well suited for small datasets, where as many data as possible
should be used for building the models. Bootstrap validation applies sampling with
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Figure 2.6: External validation using a single test set

replacement to split the data into training and test dataset. Similar to the previous
methods, this process is repeated, and the validation performance of the models,
built on a training set sample and applied to the corresponding test set, is aver-
aged@

The history of cross-validation is stretching over more than 80 years now. Re-
searchers discovered in the early 1930s that the training error is overoptimistic, and
that the input data for algorithms has to be split into a training and a validation set
[94]. It took a while until this idea developed into cross-validation as we know it
today: an early application of LOO-CV for classification was that of Lachenbruch
in 1968 [104], and it was first used for multiple regression by Allen in 1974 [105]. It
began to become popular in the machine learning field in the 1980s and early 1990s,
when Breiman et al. [106] and Quinlan [107] applied cross-validation to evaluate
decision tree algorithms. Later in the 1990s, many articles on theoretical and exper-
imental comparisons were published [95}101,108,[109]. Nowadays, it is a popular

and widely used validation technique.

2.3.2 Internal and External Validation

In the (Q)SAR community, the above listed validation methods are often used for
“internal validation”. According to some researchers, a model should additionally
be validated by external validation with a single test set [98,102,|103}[110]]. Hence, a
single split is performed at the beginning of the external validation procedure, into
model building data and external test set (see Figure 2.6). A common test set size
is between 10% and 30% of the data, yet in some applications test sets much larger
than the model building set have been used [111}[112]. It is often recommended to
employ the test set split in a strategic fashion to ensure that descriptor and endpoint
values are distributed evenly in the test and in the model building set (i.e. to reduce

LOO-CV and bootstrap validation have not been applied in this work due to time and computational
constraints.
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the sample selection bias) [98)103,/113]. There are numerous different approaches to
apply this stratified splitting, for a comprehensive list see the guidance document of
the European Commission [103]. After splitting the data, internal validation (via e.g.
cross-validation) is applied on the model building set to select the best model. The
selected model is reported as the final model of the external validation. However,
the predictivity estimate of the reported final model is not the internal validation
score, but the performance of the model applied to the external test set. The external
test set has not been touched throughout the model building process. Thus, external
validation does validate the model instead of a learning method.

In contrast, the predictivity estimate of plain cross-validation procedures is the
cumulative or average score of the models on the repeated splits. The final model
of this method is built on the complete dataset. This model has not been used in the
actual validation process. Hence, a plain cross-validation approach evaluates the
whole learning method (instead of the final model).

Please refer to the Section [3.3| whether cross-validation can be employed as an
external validation method.

2.3.3 Current Concerns about Cross-Validation

Hawgkins et al. [6}{114] recommend cross-validation without additional external test
set validation. They show that LOO-CV assesses the model fit of (Q)SPR regres-
sion models more accurately and less variably than external validation with small
external test sets (< 50).

Despite this work, many researchers do recommend external test set valida-
tion, and consider that internal validation performance (evaluated with e.g. cross-
validation) only estimates model robustness, but not model predictivity [98,/103,
115]]. It is assumed that internal cross-validation often gives an overoptimistic score,
and that external validation is more demanding. It is frequently argued that the
solely cross-validated model is never verified on unseen compounds that have
never been used during training [116], and that the models that are built and vali-
dated on the folds are different from the finally reported model [98].

Before presenting our experiments that could allay some of these concerns, we
give a few possible explanations for the bad reputation of using cross-validation
without external test set validation:

¢ The wrong use of cross-validation can lead to overoptimistic validation scores.
The most common error is probably information leakage, i.e., information
about the test compounds is available in the training step. An example for
information leakage is given when supervised feature selection (based on the
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endpoint) is applied on the complete dataset before cross-validation [117].
This is not valid, as the feature selection step is part of the model building
process, and therefore should be applied within each foldE]

¢ Another frequent error when applying cross-validation is sometimes referred
to as “parameter fiddling”. The same single cross-validation split is used
extensively within a (grid) search using lots of different parameter settings.
This results in overfitting: it is likely that a parameter setting will be found
that just by chance fits this particular cross-validation split very well, but
will work less well on unseen data. To avoid this, multiple restarts of cross-
validation should be applied (often a 10x10-fold cross-validation is recom-
mended), and/or a nested level of cross-validation should be used for param-
eter optimization [119].

* A rather psychological argument of some (Q)SAR developers or users is that
they prefer external test set validation, because they feel more comfortable
having the final model validated (external validation), compared to a vali-
dation of the learning scheme (where the final model is built on the entire
dataset). However, a statistical (Q)SAR model always implicates uncertainty.
One cannot be sure when applying the model to unseen compounds, regard-
less if it was validated externally or not.

¢ There exist studies where the internal cross-validated score is much higher or
badly correlated to the external score [110,/120,|{121]]. Often the conclusion is
drawn that cross-validation is overoptimistic, and that real model predictivity
can only be estimated by external validation. One might conjecture that in
such a case the test set was too small and/or from a different distribution
than the training set. It is also conceivable that extensive model selection with
internal validation overfitted the training set.

2.4 Visualization of Chemical Datasets

The probably most basic visualization task for chemical data is layout and drawing
of single chemical compounds, as described above in Section[2.1.1} When working
with datasets that include multiple compounds with numerous properties, tabu-
lar viewers can be employed to provide an overview of the structures and their
features (see Section [2.4.1). Moreover, visualization tools should allow to investi-

15 It is often recommended to use a nested cross-validation for feature selection, with an inner cross-
validation loop on each training fold [118}[119]. This is appropriate when various feature selection
methods are evaluated.
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gate possible inter-dependencies between molecular properties. In particular, re-
searchers commonly want to analyze relationships between physico-chemical or
structural features of compounds and their biological or toxic effects. Dimensional-
ity reduction can be applied to visualize these correlations (see Section . We
further discuss aims and challenges of integrated visualization tools for chemical
datasets in Section and introduce numerous tools. The final section[2.4.4 high-
lights existing approaches for the visualization of validation results.

24.1 Chemical Spreadsheets

Different file formats for compound datasets have been introduced in section 2.1.1]
These files store not only the actual structure, but also measured or calculated prop-
erties for each compound. Hence, the dataset follows a tabular format including
compounds as rows and properties as columns. Chemical spreadsheets resemble
or extend generic spreadsheet programs (like e.g. LibreOffice Calc or Microsoft Ex-
cel). These programs can read chemical files and usually render a 2D depiction
of the compound in each row. The tools are frequently incorperated into larger
frameworkm 122] and often have a plugin functionallity to show scatterplots of
selected properties. A free chemical spreadsheet is integrated into Bioclispe [123]].
LICSS [124] is a free extension for Microsoft Excel.

2.4.2 Dimensionality Reduction Techniques

The most important requirement for visualization approaches is to help detecting
correlations in multivariate and structure data. A possible method to analyze cor-
relations is to apply dimensionality reduction. Scatter plots can visualize how and
if the endpoint values are correlated to the selected properties or features. An ex-
ample using compound data can be found in Figure each dot corresponds to
a structure and is located in the plot according to its logP and molecular weight. As
exemplified in this figure, a third property can be highlighted using colors. In this
example the endpoint value is selected (LCsp), and it can immediately be seen that
activity is correlated to the logP value. Alternatively to coloring, different symbols
could be used to depict a third property. Additionally, a z-axis could be added to
show one more property and arrange the dataset in three dimensions.

The scatter plot is helpful as it visualizes how and if the endpoint values are
correlated to the selected properties or features. To overcome the limitation to

16 http://https://www.chemaxon.com/products/marvin/marvinview
17 |http://www.schrodinger.com/Seurat
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(b) Scatterplot using 14 physico-chemical

descriptors and Sammon’s Non-Linear
Mapping for dimensionality reduction

(a) Scatterplot using 2 physico-chemcial de-
scriptors.

Figure 2.7: Scatterplots of the fish toxicity dataset (Fathead Minnow Acute Toxicity) [1].
The color gradient indicates active compounds (with low LCs( values) in orange and red,
and less active compounds in green. The half lethal concentration LCs¢ corresponds to the
amount of the compound that is sufficient to kill half of the population.

two or three features, dimensionality reduction is applied to transform the multi-
dimensional feature space to two or three numeric features while trying to preserve
the data structure [125]. Hence, two compounds that have similar feature values in
the original feature space should have similar values in the transformed feature
space, and are therefore located close to each other in the data plot. An example for
a scatter plot using Sammon’s mapping is given in Figure

Various variants of dimensionality reduction are applied in cheminformatics
[126}/127]. We introduce some common methods:

PRINCIPAL COMPONENTS ANALYSIS (PCA) uses the eigenvectors of the co-
variance matrix for a loss-free transformation of the original features into prin-
cipal components (see e.g. [127]). The principal components are uncorrelated
features, that are sorted according to the explained variance. This method is
also often used for feature reduction, by omitting the lowest ranked features
that do not explain a lot of variance. For 2D or 3D mapping, the top, most
significant two or three principal components are used.

SAMMON’S NON-LINEAR MAPPING is an iterative multidimensional scaling
method [128]]. The algorithm maps the high-dimensional input space to a
lower dimensional space, by iteratively reducing the error (or stress) based on
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a user-defined (dis)-similarity measure for each compound employing gradi-
ent descent.

MULTIDIMENSIONAL SCALING USING MAJORIZATION (SMACOF) is an al-
ternative multidimensional scaling approach [129], that computes the stress
values with majorization to ensure a linear convergence rate.

SELF-ORGANIZING MAPS (SOMS) are a variant of Artificial Neural Networks
(ANNS) [130] and were first applied to cheminformatics in 1994 [131]. SOMs
try to retain the topological characteristics of the data, by mapping the high-
dimensional input space to a lower dimensional set of neurons. In contrast to
classical ANNS, this is done in an unsupervised way, that is without the use of
a target variable. The array of neurons (usually a 2D grid) can be interpreted
as the mapping result.

T-DISTRIBUTED STOCHASTIC NEIGHBOR EMBEDDING (T-SNE) is a varia-
tion of a stochastic neighbor embedding that uses conditional probabilities
that represent similarities [132]. In particular, t-SNE utilizes a cost function
that is easier to optimize (a Student-t distribution is used instead of a Gaus-
sian to compute the similarity between two points). The effective number of
neighbors that are used to compute the conditional probability distribution
can be configured.

2.4.3 Visualization Tools for Small Molecule Datasets

Various visualization tools exist for inspecting chemical datasets. Before introduc-
ing a collection of tools in detail, we outline the visualization concepts that are
employed by these methods.

As described in the previous section, dimensionality reduction helps in de-
tecting correlations between feature and endpoint values. Many visualization
tools for small molecule datasets include these dimensionality reduction tech-
niques (ChemSpaceShuttle [133], MQN-Mapplet [134], Screening Assistant 2 [135],
ViFrame [136], HITSEE KNIME [137]).

Other visualization tools rely on clustering (Molecular Property eXplorer [138],
Radial Clustergrams [139]). Clustering of compounds into subgroups according to
their properties can provide useful information: clusters might resemble chemical
categories having similar properties or sharing a common activity profile.

In general, tree-based or graph-based approaches convert the dataset into con-
nected data structures (LASSO graph [140], SALI networks [141], SARANEA [142],
Scaffold Hunter [143]], Similarity—Potency Trees [144]). Hence, nodes in the trees (or
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graphs) correspond to compounds and/or groups of compounds. The proximity of
the nodes reflects the (dis-)similarity of the employed feature values. These tools
can usually highlight the activity value of compounds and are therefore suitable
for (Q)SAR information analysis as well.

(Q)SAR information in chemical datasets is usually hard to comprehend. The
(Q)SAR assumption is that compounds with similar structure tend to have similar
chemical and biological properties [145]. Consequently, small changes in structure
often cause only small changes in activity. In this case, the so-called activity land-
scape [146] is considered to be smooth. The term activity landscape describes the
distribution of endpoint values in the feature space. However, sometimes small
changes in structure can cause big changes in activity. This is referred to as activity
cliff [147,(148]]. Therefore, an activity cliff can be defined by two compounds that
have very similar feature values, but largely differing endpoint values. Activity
cliffs are often visualized with the already mentioned approaches for visualization.
Moreover, heat-maps (matrices of colored cells) are employed to highlight the cor-
responding pairs of compounds (Toxmatch 2 [149], [141]).

We review visualization approaches that directly aim at visualizing chemical

datasets. Many of the following methods are available as free or proprietary soft-
ware (see Table2.2).

CHEMSPACESHUTTLE embeds multi-dimensional input into 3D with encoder
networks and non-linear partial least squares [133]. Furthermore, it provides
clustering with SOMs and can process large datasets. However, it is rather a
general visualization tool, as it does not show any compound structures and

chemical descriptors have to be pre-calculated with other software.

HITSEE is a visualization tool for the analysis of high-throughput screening exper-
iments [137]. The user can select the top n compounds from the screen result,
that will be embedded into 2D using structural fingerprints as similarity mea-
sure. The compounds are visually encoded as pie-charts that show activity
and logP. The user can then explore the neighborhood of the selected hits by
adding the most similar compounds that will be included into the embedding.
It is implemented into the graphical workflow tool KNIME [152], but it is not
freely available as it uses a proprietary library.

LASSO GRAPH (layered skeleton-scaffold organization) extends basic scaffold tree
approaches [140]. Additionally to scaffolds, LASSO utilizes cyclic skeletons
(CSKs) to build the graph structures. CSKs are derived by changing all het-
eroatoms to carbons and setting all bond orders to one. The activity of com-
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Name Ref  Availability Sy’;‘iﬁff“g' URL
ChemSpaceShuttle [133] free linux-32bit 1
HiTSEE [137]  proprietary all 2
LASSO Graph [140] proprietary ? ?
g((zfgilfiﬁ;(;gerty [138] proprietary ? ?
The Molecule Cloud [150] open-source all on request
The MQN Mapplet [134] open-source all 3
Radial Clustergrams [139] proprietary ? ?
SAR Matrices [151] proprietary ? ?
SARANEA [142] open-source all 4
SALIViewer [141] open-source all >
Scaffold Hunter [143] open-source all 6
Screening Assistant 2 [135] open-source  windows 7
Similarity-Potency Trees [144] free all 8
ViFrame [136] open-source  windows ?
URL

—

http://gecco.org.chemie.uni-frankfurt.de/ChemSpaceShuttle_light

http://hitsee.hs8.de
http://www.gdb.unibe.ch
www.lifescienceinformatics.uni-bonn.de
http://sali.rguha.net
http://scaffoldhunter.sourceforge.net
http://sa2.sourceforge.net

www.lifescienceinformatics.uni-bonn.de

NV % N Gk~ W N

http://siret.ms.mff.cuni.cz/projects

Table 2.2: A list of visualization tools

Last update

Jan 23, 2003
?
?
?

?
Aug 13,2013

?

?
Sep 18, 2009
Feb 11, 2012

Oct 7, 2013

Aug 12,2012
Aug 13,2010
Feb 16, 2013


http://gecco.org.chemie.uni-frankfurt.de/ChemSpaceShuttle_light
http://hitsee.hs8.de
http://www.gdb.unibe.ch
www.lifescienceinformatics.uni-bonn.de
http://sali.rguha.net
http://scaffoldhunter.sourceforge.net
http://sa2.sourceforge.net
www.lifescienceinformatics.uni-bonn.de
http://siret.ms.mff.cuni.cz/projects
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pounds, which are summarized as the graph nodes, is indicated by color-
coded pie charts.

MOLECULAR PROPERTY EXPLORER is a proprietary tool [138]. The software vi-
sualizes hierarchical clustering of datasets with tree maps. The tree map con-
sists of nested rectangles, each rectangle corresponds to a sub-cluster of the
tree. This method has the advantage that it shows the whole clustering tree at
once. However, compounds, which are the leafs of the tree, are drawn in rect-
angles of largely different sizes, depending of the depth of the leaf. Moreover,
the tool colors the rectangles according to compound property values, and ad-
ditionally provides heat-maps that show feature values of multiple properties
simultaneously in a compound-property-matrix.

THE MOLECULE CLOUD resembles word clouds, as the tool draws the most com-
mon substructures present in the dataset [150]. It depicts 2D images of the
substituents. The size of the image refers to the frequency. Additionally, col-
oring can be used to highlight properties like activity. The tool is open-source
and available on request.

THE MQN MAPPLET shows pre-calculated PCA embeddings of large databases
with almost one billion molecules [134]. The PCA is based on 42 integer
value descriptors called molecular quantum numbers (MQN) and produces
2D-maps of a fixed grid-size, hence each pixel is occupied by multiple com-
pounds. The coloring can be changed interactively and corresponds to prop-
erties, like, e.g., number of rings or heavy atom count. The MQN Mapplet is
available as open-source application.

RADIAL CLUSTERGRAMS visualize trees derived by hierarchical clustering [139].
The tree structure is mapped to concentric circles. The nodes of the tree corre-
spond to sectors in the circle and the distance to the center reflects the depth
within the tree. Color coding is used to highlight the average activity of each
node. The user can zoom into interesting sections in the tree with a fish-eye

lens.

SAR MATRICES is an approach to visualize structure activity relationship informa-
tion in datasets using structural decomposition tables [151]. The table rows
correspond to series of compounds having similar cores. The columns corre-
spond to fragments, chemical groups that are present at individual substitu-
tion sites of each core compound. Matrix cells are colored according to the
activity value of the corresponding composite fragment (if available in the
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dataset). The authors present a method to create and rank the matrices auto-
matically according to variable criteria.

SARANEA, an open-source program, creates network-like similarity graphs that
can be used to explore (Q)SAR information [142]. Compounds are repre-
sented by nodes. Nodes are depicted larger if they are involved in the for-
mation of activity cliffs and the color of a node is based on the activity. The
similarity measure is based on structural fingerprints. The tool further sup-
ports neighborhood graphs, where compounds are drawn in circles around
the inspected compound, the distance to the compound reflects the similar-
ity.

THE STRUCTURE-ACTIVITY LANDSCAPE INDEX (SALI) can be used to iden-
tify activity cliffs [141]. The index is computed for pairs of compounds ac-
cording to their chemical similarity (e.g. based on structural fingerprints), and
on their activity value. The SALI values can be utilized to create heat-maps.
Moreover, SALIViewer is a freely available program that creates graphs,
where each node corresponds to a compound and each edge correspond to
a compound pair with high SALI value.

SCAFFOLD HUNTER is another open-source tool [143]. A scaffold tree summa-
rizes common substructures of the dataset compounds as nodes, and the
compounds as leafs. The tree nodes can be colored according to feature val-
ues, and therefore allow to detect structure activity cliffs. Additionally, a plot
view, spreadsheet view and dendogram view aid exploring the dataset. All
views are connected and compounds that are selected in one view, will be
highlighted in the other views as well. Scaffold Hunter requires a database to
store the datasets and scaffold trees.

SCREENING ASSISTANT 2 is a open-source program that allows to import data
in a database back-end and is aimed for large datasets with millions of com-
pounds [135]. The database is accessible as chemical spreadsheet, and the
software provides descriptor calculation, SMARTS similarity search, filtering,
and some scaffold analysis, as well as basic PCA visualization.

SIMILARITY-POTENCY TREES (SPT) visualize SAR information present in a
dataset as trees [144]. The tree connects two compound-nodes solely if they
are structurally similar (based on fingerprints), not using the activity value. In-
stead the activity values are used to color the nodes accordingly, which helps
to identify structural differences that cause discontinuous changes in activity
levels. The SPT program is freely available.
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VIFRAME is a visualization tool that supports 2D mapping of molecule datasets
based on structural fingerprints [136]. The program is designed as pipeline-
based framework, that allows developers to plugin their own algorithms. The
provided embedding methods are PCA, SOMs and SMACCOF.

COMPARING SETS OF DESCRIPTORS USING SOMS [153]. This approach uti-
lizes SOMs for a pairwise comparison of sets of descriptors with variable
dimensions. The visualization can be inspected in addition to a calculated
similarity score for a pair of descriptor sets. The dataset is embedded twice
with SOMs to a 2D map, once with each feature set. A smooth color gradient
is rearranged, according to where compounds have been moved from the first
mapping result to the second mapping result: the more distorted the color
map is, the less do the feature values correspond to each other. Moreover, re-
gions with locally homogeneous coloring indicate subgroups of compounds
where the sets correlate.

2.4.4 Visualization Approaches for Model Validation

The graphical analysis of machine learning models are often model dependent
[154-156]. An example can be seen in an interactive visualization approach display-
ing decision trees using bars for each tree node [157]. Each bar contains colored
instances, sorted according to the corresponding feature that is employed in this
node. The coloring reflects the class distribution. Split points are indicated by lines,
and can be modified or removed by the user. The system then rebuilds the tree
according to the manual modifications.

Mineset is a data-mining tool [158] that allows to create various machine learn-
ing models and provides different visualization approaches. This includes 3D scat-
ter plots, as well as model-dependent views for decision tree or naive Bayes mod-
els. However, the software is currently not available (according to email correspon-
dence, the distributing company was planning to release a re-engineered beta ver-
sion in 2014).

Another approach for model independent visualization of classification results
uses a 2D projection of the predicted dataset with SOMs [159]. Empty regions in
the feature space are filled by sampling new instances. The maps are colored ac-
cording to the class probability that is provided by the model for each prediction.
The decision boundary (50% class probability) is indicated with a white line. Fea-
ture contours can be drawn over the map in order to interpret the space. Moreover,
test instances can be overlayed, with their actual class colored, to show misclassi-

fied instances.

35



36

BACKGROUND

A model independent method is especially aimed for multi-class problems (clas-
sification with more than two disjoint classes) [160]. The visualization is exclusively
based on the probability estimate provided by the classifier for each class value. The
resulting plot displays a circle that is divided into radiants, each radiant accounts
for one class. The more confident the classifier is with the prediction, the closer
this instance is drawn to the edge of the circle in the corresponding radiant. How-
ever, this approach is limited, as it ignores the actual feature values of the instances
themselves.

None of the available cheminformatics visualization tools focuses on visualiz-
ing (Q)SAR model validation results as such. The authors of ChemSpaceShuttle
[133] discuss how their tool can be used to embed compounds with two different
class values (drug/non-drug) into 3D space. Different embeddings based on dif-
ferent sets of feature values were investigated to decide which feature set is most
suitable for separating the compounds according to their class values. However,
this work did not include (Q)SAR modeling. Moreover, the software neither draws

compound structures nor computes compound feature values.



3 A Large-Scale Empirical Evaluation of
Cross-Validation and External Test Set Validation
in (Q)SAR

Despite the above mentioned OECD guidelines that describe how to design and
validate (Q)SAR models best practices for model validation are under discussion in
the (Q)SAR community. Many (Q)SAR researchers [98,(102,103,110] consider vali-
dation with a single external test set as the “gold standard” to assess model perfor-
mance and they question the reliability of cross-validation procedures. In contrast,
best practices employed in statistics and machine learning [93,96,(101] and some
(Q)SAR researchers [6,(114] do recommend cross-validation procedures. To clarify
this discrepancy empirically, we have designed and performed a large scale exper-
imental comparison of plailﬂ cross-validation to external test set validation. The
idea is to apply the validation techniques to the same dataset, and consequently
use the final validated models on a large amount of unseen compounds. This pro-
cess is repeated numerous times with different datasets, algorithms, feature types
and splitting techniques.

In the following, we specify design and implementation of the workflow that
is used to compare the validation methods (Section and report the results of
our experiments (Section [3.2). Subsequently, we discuss whether cross-validation
can be employed as an external validation method in Section Our approach is

summarized in Section 3.4l

3.1 Experimental Workflow Design

The workflow is illustrated in Figure The original dataset is repeatedly split into
a working dataset, and a large reference dataset. We will refer to this split as reference
split, to avoid confusion with the external test set splits. The reference split is re-
peated 100 times. For each repetition, k-fold cross-validation and external test set
validation are applied to the working dataset. We have chosen k=10 for the k-fold
cross-validation as this is the most commonly used value. For external validation,
we selected split sizes 10%, 30%, and 50%. Subsequent to validation, the final model
from the respective validation methods is used to predict the compounds in the ref-
erence dataset. This allows us to make the following two comparisons:

1 As opposed to applying cross-validation for internal validation combined with external validation.
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Figure 3.1: Experimental workflow. (The size of the icons indicates the amount of data,
e.g., the final cross-validated model was built with the complete working dataset, the final
externally validated model used less data.)

¢ Comparison I compares the actual performance of the final models from the
different validation methods on the reference dataset. This will show the ef-
fect of using less data for model building as it is done by external test set

validation.

* Comparison Il evaluates the predictivity estimate from each validation method
and the respective actual performance on the reference data. This will detect
which validation method is more accurate and less variable.

The above described workflow resembles a hold-out validation. It is suitable to
compare both validation methods with hold-out validation, because of the high
number of repetitions and the large size of the input and reference datasets.

Please note that model building is done without optimization: we did not per-

form any feature selection nor parameter optimization. This step is dropped, be-

cause in the work presented here, we focus on performance evaluation instead

of model selection. Therefore, we omit a possible nested loop of cross-validation

within the cross-validation, and we omit internal validation within the external

test set validation. This reduces the external test set validation to a single training-
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Name Description Endpoint Size(active) Reference
Mutagenicity Kazius-Bursi-Mutagenicity =~ binary 4098 (2294)  [161]
dataset
KCNK9 Inhibitation of the two- binary 4914 (2094) L ubChem AID:
. . 492992
pore domain potassium
channel
PubChem AID:

KCC2 Identification of Novel binary 3382 (1815)
Modulators of Cl- depen-
dent Transport Process
Ames Benchmark Data Set for In  binary 6503 (3497)  [162]
Silico Prediction of Ames
mutagenicity
MTP Karthikeyan-Melting- numerical 4397 [163]
Point dataset
VP EPI suite (MPBPWIN) numerical 2916 [164]
test dataset: vapor pressure
WS EPI suite (WSKOWWIN) numerical 2293 [164]
test dataset: water solubil-
ity
Rat Rat Acute Toxicity by Oral numerical 10168 [165]
Exposure

1714

Table 3.1: Datasets used for the experiments. (The Ames and Rat dataset have been added
to experiments at a later point of time, due to computational limitations we could run the
experiments for those two datasets only 20 instead of 100 times.)

test split, which is sufficient as we only compare performance estimates of cross-
validation and external test set validation. Please refer to the Section B.3] whether
cross-validation can be employed as an external validation method.

The workflow was executed 32 times, i.e. using 8 different datasets, with two
algorithms and two different features types each. Table 3.1) provides a list and de-
scription of the employed datasets. Half of the datasets have a numerical endpoint,
the others a binary nominal endpoint (e.g., active, inactive). Consequently, the cor-
responding (Q)SAR models are either regression or classification models.

For building (Q)SAR models, we employed the WEKA machine learning tool
[166] (version 3.7.2). We selected two different, well-known and well-performing
prediction models for each endpoint type: a support vector classifier (SMO) and
random forests for classification, regression model trees (M5P) and support vector
regression (SMOreg) for the numerical endpoints. All algorithms have been used
with default settings.

We have created two different types of features for the compounds. The feature
types were employed separately, each prediction model was applied twice on each
dataset (once for each feature type). The first feature type is physico-chemical de-
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Parameter Values
Working dataset size 500, 100
External splitting method  random, stratified
Reference splitting method  random, outlier-sampling
Applicability domain  disabled, enabled

Table 3.2: Extended parameters to configure the workflow (default values are accentuated).

scriptors computed with the Chemistry Development Kit (CDK, version 1.7.4) [23]].
We have computed all available descriptors, apart from the Ionization potential
which took about 5 seconds per compound to be computed. After removing all fea-
tures that failed to compute for at least one compound, and those that had equal val-
ues for all compounds, this method produced around 150 features for each dataset.
The second employed feature type are structural fragments. These are binary fea-
tures that either occur or do not occur in a compound. As structural fragments
we have computed backbone refinement classes (BBRCs) with the tool fminer (as
introduced in Secion 2.1.2.2). The fminer tool has a built-in filter mechanism to re-
turn only endpoint-correlated and non-redundant features. We use a relative mini-
mum frequency of 5% and a significance level of 5% for the built-in filter (x>-test /
Kolmogorov-Smirnov test). We further have added a maximum-cutoff of 1000 frag-
ments, in case too many significant fragments have been found. As the numerical
features do not depend on the endpoint (i.e., target variable), we have computed
all features once for the entire dataset at the beginning of the workflow. The struc-
tural fragments are mined in a supervised (endpoint dependent) fashion, and are
therefore created dynamically for each training set (to avoid information leakage).

3.1.1 Extended Workflow Parameters

Table shows further parameters that were used to modify the experimental
workflow.

We start the experiments by setting the working dataset size to 500 compounds.
This is a common size when working with (Q)SAR models, and still leaves at least
3 times as many compounds in the reference dataset. We will then reduce this size to
100 to show the effect of a smaller dataset size on the selected validation technique.

The external splitting technique can be either random or stratified. Stratification en-
sures that descriptor and endpoint values are distributed evenly in the test and in
the model building set. We have employed a technique described as stratified ran-
dom sampling [113}|167]: first the data is separated into subgroups of similar com-
pounds (clusters), and subsequently the compounds are sampled from each cluster.
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The number of compounds sampled from the cluster corresponds to the particular
cluster size. For clustering, we are using the dynamic tree cut method [168] that can
be forced to compute a large enough number of clusters to achieve a good partition-
ing according to feature values. The input for the clustering algorithm is a distance
matrix, indicating the pairwise distance of the dataset compounds. The distance
matrix computation depends on the feature type: for the numeric features, we com-
puted the Euclidean distance based on a principal component analysis (PCA) trans-
formation of the feature values. For binary structural features the distance matrix
is based on the Tanimoto similarity computed with the substructure fingerprints.

The reference split is done randomly or by using outlier splitting. Random split-
ting will yield on average a representative sample, as the reference split produces
sets of 100 or 500 compounds (compared to the external split that produces much
smaller sets). Therefore, validation and reference sets will have a similar feature
range and distribution. To emphasize the influence of the selection bias on the vali-
dation method, we have implemented the sampling of an outlier distribution. This
method ensures that the working dataset has a different distribution than the ref-
erence dataset. The outlier sampling method works as follows. At first 5% of the
compounds are sampled randomly from the complete dataset. After computing the
pairwise distance between all of the selected compounds the maximum outlier is
selected (the compound with the highest average distance to all other compounds).
This outlier compound is used as centroid of the outlier distribution. To sample the
outlier distribution, we perform a probability weighted sampling from the whole
dataset. Probabilities are computed according to the distance from each compound
to the centroid compound: the closer a compound is to the outlier centroid com-
pound, the higher is its probability of being selecte The distance between two
compounds has been computed as described above.

We have applied our models with applicability domain enabled and disabled
(default). There are various different methods to compute the applicability do-
main [169]. We have chosen a model independent, distance-based approach:
compounds are within the applicability domain of the model if their distance
to the training dataset centroid is not too large. In more detail, a compound
c is within the model applicability domain, iff distance(c,centroid) < 2x
medianicirqin (distance(ci, centroid)). Centroid and distance computation de-
pend on the feature type, as described above. For binary structural features, a con-
sensus fingerprint is computed as centroid. The consensus fingerprint has each bit
activated that is active in least 10% of the training compounds.

2 The sample probability decreases exponentially with growing distance.
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Mutagenicity CDK RandomForest reference accuracy (100)

0.66
L

cv ext.10 ext.30 ext.50

Figure 3.2: Comparison of the model performance on the reference dataset, using cross-
validation (cv) and external test set validation (ext.10 - ext.50).

3.2 Experimental Results

We are using prediction accuracy and the concordance correlation coefficient to
measure the performance of the respective classification or regression models. Ac-
curacy is suitable for measuring the classification result as the datasets with binary
endpoint values are well balancedEl For regression, we preferred the concordance
correlation coefficient (CCC) to the conventionally more often used R2-measure, as
it has been shown to be a more stable statistic [170}[171]. (We have computed the
results using R? as well, and could not find differences regarding the comparison
of the studied validation methods.) Due to computational constraints, the experi-
ments for 2 out of 8 datasets could only be repeated 20 instead of 100 times.

3.2.1 Performance on Reference Dataset

The performance of the reference dataset describes how performant the final model
is when applied to unseen compounds (see Comparison I of the workflow, Fig-
ure 3.1). When using a 10-fold cross-validation, the final reported model is trained
with 100% of the working dataset. External test set validation makes use of only

3 The least balanced dataset has 43% active compounds.
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cv ext.10 ext.30 ext.50
ov 28(16)/4  32(30)/0 32(31)/0
ext.10 [4/28(16) | 3128)/1  32(30)/0
ext30 [J0/B2(80) NI/S1E8N 31(26)/1
ext50  0/32(31) 0/3230) 1/31(26)

Table 3.3: Win-loss statistics for model performance (significant wins/losses are in brackets,
measured with a paired t-test, significance level 5%).

cv-ext.10 cv-ext.30 cv-ext.50

>5% 1 3 9
3-5% 0 3 5
1-3% 4 19 17
0-1% 23 7 1
0-1% 4 0 0
-1-3% 0 0 0
-3-5% 0 0 0
-5-100% 0 0 0

Table 3.4: Median performance loss for externally-validated model using a single test set,
compared to cross-validation (for all 32 experiments each).

cv ext.10 ext.30 ext.50
cv 21(3)/11 29(11)/3 29(18)/3
ext.10 = 11/21(3) 29(9)/3 28(18)/4

ext.30 [18/29(11) | 8/2909) 26(9)/6(1)
ext50  3/29(18)  4/28(18) 6(1)/26(9)

Table 3.5: Win-loss statistics for the variance of the model performance. A win corresponds
to lower variance. Significance (shown in brackets) was calculated via F-test, significance
level is 5%.
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WS BBRC SMOreg deviation CCC (100)
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Figure 3.3: Example result for the deviation of the validation score from performance on
reference data, for cross-validation and external test set validation (with difference split
sizes).

90-50% of the data, as 10-50% of the data is split away for validating the model. We
have used default settings as specified in the previous section.

Our experiments confirm, as expected, that the more data is used for model build-
ing, the better the model is. This is exemplified in Figure that visualizes the
accuracy of cross-validation and external test set validation, using three different
split sizes. Table [3.3| contains win-loss statistics for all 32 experiments: the correla-
tion between training dataset size and model performance holds for almost all ex-
periments. Please note that the performance degradation for externally-validated
models using a single test set, compared to cross-validated models could be shown
to be significant in 16, 20, and 31 cases (for corresponding split sizes of 10, 30, and
50%). The magnitude of degradation depends on the training set size as well, as
indicated in Table 3.4l An average performance loss compared to cross-validation
of more than three percentage points of accuracy or CCC was estimated in 1, 6,
and 14 cases (again corresponding to split sizes of 10, 30, and 50%). The same rela-
tion holds for the variance, as shown in Table the more data is used for model
training, the less variable the performance of the model is.
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3.2.2 Deviation of Predictivity Estimate from Reference Dataset

The workflow allows to compare the predictivity estimates of the different valida-
tion techniques with the actual performance on unseen compounds (see Comparison
II in Figure 3.T). To this end, we compute the distribution containing the pair-wise
differences between the validation predictivity estimate and the reference dataset
performance. An example result is shown in Figure [3.3| that displays the deviation
for cross-validation and external test set validation with different split sizes: all four
distributions have a median deviation around zero. Taking all 32 experiments into
account, the median deviation is only higher than three percent for two or three ex-
periments (for each validation method), as shown in Table Furthermore, there
is no visible trend for overestimation or underestimation for external test set valida-
tion. On the contrary, cross-validation underestimates the real model performance
in 25 of 32 experiments. This pessimistic bias of 10-fold cross-validation is in agree-
ment with the machine learning literature [97], and can be explained by the fact
that it uses models that are trained with 90% of the data for validation, but the
final cross-validated model uses 100% of the data. It is due to this bias that cross-
validation has in many experiments a slightly higher median deviation compared
to external test set validation (with 30 or 50%, see Table 3.7). However, the vari-
ance comparison is clearly in favor of the cross-validation approach (see Table 3.8).
It should be noted that the variance could probably further be reduced by repeat-
ing the cross-validation. By design, the external test set validation can only be per-
formed once.

The results of this section and the previous section show that external test set
validation faces a trade-off regarding the test set size. Choosing a small test set
reduces the model performance degradation, but gives a very variable external
performance estimate. Choosing a large test set yields a less variable predictivity
estimate, but at the expense of a less predictive model.

3.2.3 Additional Experimental Results

So far the workflow parameters have been used with default settings, as described
in the methods section. The following sections show the influence of changing the
configuration. For the remaining experiments, we focus on the numerical feature
type. This will reduce the number of experiments to 16E]

Due to computational limitations, the reference split is only repeated 20 times instead of 100 times.
Whenever the modified settings are compared to default settings, the exactly same 16 experiments
with 20 repetitions only are used for the comparison.
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cv ext.10 ext.30 ext.50

5-100% 0 0 0 0
3-5% 1) 32 202 1)
1-3% 1 5 42) 302
0-1% 5 11 10 12
0-1% 204) 8 13(1) 14
-1-3% 44)  3(1) 3 2(1)
3-5% 1 2 0 0
5-100% 0 0 0 0

Table 3.6: Median deviation of predictivity estimate from performance on reference dataset.
In brackets: number of experiments where the deviation is significantly higher/lower than
zero, i.e. the validation method over-/underestimates (measured with t-test).

cv ext.10 ext.30 ext.50
cv 20(2)/12  10(2)/22(3) 10(3)/22(4)
ext.10 12/20(2) 7/25(1) 8/24(1)
ext.30 22(3)/10(2) 25(1)/7 16(1)/16(5)

ext50  22(4)/10(3)  24(1)/8  16(5)/16(1)

Table 3.7: Win-loss statistics for deviation from reference dataset. Win means the validation
method has a lower median deviation. Significant differences are shown in brackets.

cv ext.10 ext.30 ext.50
30(29)/2(2) 26(21)/6(3) 27(7)/5(5)
ext10 [RENS0EN /3007 2/3027)
ext30 [6(8)/26@21) | 30(27)/2 3/29(12)

ext50  5(5)/27(7)  3027)/2  29(12)/3

Table 3.8: Win-loss statistics to compare the variance of the deviation from the reference
dataset. A win corresponds to a lower variance. Significant differences are indicated in
brackets.
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Figure 3.4: Model performance on reference dataset. Comparison of validation methods
applied to 500 and 100 compounds (the latter is drawn in gray).

3.2.3.1 Reducing the Working Dataset Size from 500 to 100

Our results have previously shown that the model performance and variability de-
pends on the dataset size. Consequently, the performance further drops and the
variance increases in our results when using only 100 instead of 500 compounds
for validation and training. Comparing the model performance of cross-validation
and external test set validation yields the same results as previously analyzed. An
example is shown in Figure 3.4

Using less data for validation causes the deviation from the reference dataset to
increase (see Table and to be more variable. Furthermore, all validation tech-
niques tend to overestimate the model predictivity. In contrary to the experiments
with a dataset size of 500, cross-validation has a lower deviation compared to exter-
nal test set validation. The results indicate that cross-validation is especially well-

suited for small datasets.

3.2.3.2 Stratified Splitting for External Test Set Validation

Using stratified splitting instead of random splitting with a working dataset size
of 500 shows only minor effects in our results. We presume that the sample sizes
are already large enough to produce test datasets of very similar distributions as the
training dataset. In contrast, applying stratified splitting when externally validating
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cv ext.10 ext.30 ext.50
5-100% 1 9(3) 3(2) 4(3)

3-5% 21) 5 1 2
1-3% 2 0 6 5
0-1% 3 0 1 0
0-1% 3 0 1 2
1-3% 4 1 4 3
-3-5% 1 1 0 0
5-100% 0 0 0 0

Table 3.9: Median deviation of predictivity estimate from performance on reference dataset
with a working dataset size of 100 (significantly higher/lower deviation as zero is shown

in brackets).

cv ext.10-strat  ext.10  ext.30-strat ext.30 ext.50-strat ext.50
v 16(5)/0 12(1)/4  15(10)/1 14(10)/2 16(13)/0  16(13)/0
ext.10-strat [0/16(5)| 9/1/6(2) | 14(6)/2 12(6)/4 | 15(11)/1 | 15(11)/1
ext.10 4/12(1) 6(2)/1/9 11(5)/5 14(9)/2 15(12)/1 15(11)/1(1)

ext.30-strat [I/15(10) | 2/14(6) || 5/11(5) 91)/7 | 15(6)/1 = 14(7)/2
ext30  [2/14(10) | 4/126) [[2/1409)| 7/901) 12Q)/4  13(10)/3
ext.50-strat [0/16(18) /1500 N5 T1/15(6) | 4/122) 13/3
exts0  0/16(18) [1/15a1) | 1(1)/15a1) | 2/147)  3/13(10) 3/13

Table 3.10: Win-loss statistics for model performance for random and stratified splitting
with a working dataset of size of 100 (significant wins/losses in brackets).

cv  ext.10-strat ext.10 ext.30-strat ext.30 ext.50-strat ext.50

v 122)/4 15(1)/1 11(1)/5 12(1)/4 6/10  10/6
ext.10-strat 4/12(2) 8(1)/8(1) | 3/13(1) 5/11(2) | 1/15Q)  5/11()
ext.10 1/15(1) 8(1)/8(1) 3(1)/13  2(1)/14 2/14(1) 2/14(1)
ext.30-strat 5/11(1)  13(1)/3  13/3(1) 10/6 | 4/120) 9/7
ext30  4/12(1) 11(2)/5 14/21)  6/10 3/13  6/10
ext50-strat 10/6 | 15(2)/1 14(1)/2 12(1)/4 13/3 12/4
ext.50 6/10 112)/5 14@n)/2  7/9  10/6 = 4/12

Table 3.11: Win-loss statistics for deviation from reference dataset for random and stratified
splitting with a working dataset of size of 100 (significant wins/losses in brackets).
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Figure 3.5: Deviation of model performance from actual performance on reference dataset.
Comparison between random external test set splitting and outlier splitting (the latter is
drawn in gray).

a dataset using 100 compounds, improves the validation result when splitting away
30% or 50% of the data: it produces better models and decreases the deviation from
the reference datasets, as shown in Tables and

At the same time the results show that despite improving external test set valida-
tion via stratified splitting, cross-validation still produces better performing models
and has a lower deviation of the validation performance from the reference dataset.
Only stratified splitting with 50% of the data as test set has a slightly lower devi-
ation (considering the win-loss statistics), but yields a worse model in each of the
experiments.

3.2.3.3 Learning and Validating with an Outlier Distribution

We added outlier splitting to the reference split, to analyze the performance of the
different validation techniques when the built and validated models are applied
to unseen compounds of a different distribution. As expected, the model performs
less good compared to splitting the reference data away in a random, unbiased
tashion. However, the results show that using the complete dataset to build the

There was no improvement for the 10% split that uses only 10 of 100 compounds as test set. We
assume that the stratification technique we have implemented did not work for that few compounds.
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cv ext.10 ext.30 ext.50
5-100% 4(3) 5(3) 4(4) 3(3)

3-5% 1) 43) 4@ 32
1-3% 6(4) 3(1)  4(3) 42
0-1% 1 1 1 3
0-1% 4 3 2 2
1-3% 0 0 1 1
-3-5% 0 0 0 0
5-100% 0 0 0 0

Table 3.12: Median deviation of predictivity estimate from performance on reference
dataset when using outlier splitting for the reference split (significantly higher/lower devi-
ation as zero is shown in brackets).

cv cv-AD  ext.10 ext.10-AD ext.30 ext.30-AD ext50 ext50-AD

v 52)/11(4) 12/4 10/6(1) 13(3)/3 7(2)/9(2) 9(2)/7 3(1)/13(4)
ov-AD  11(4)/5(2) 133)/3 13(1)/3 14(7)/2 12(2)/4 12(5)/4 10(1)/6
ext.10 4/12 3/13(3) 5/112)  7/9  4/12(3) 4/12 | 2/14(3)
ext.10-AD 6(1)/10  3/13(1) 11(2)/5 103)/6 ~ 6/10  6(3)/10 | 3/13

ext.30 3/13(3) | 2/14@7) 9/7 6/10(3) 2(1)/14(5) 4/12(2) 4/12(6)
ext.30-AD 9(2)/7(2) 4/12(2) 12(3)/4 10/6 14(5)/2(1) 7(4)/93) 8/8(2)

ext.50 7/92) 4/12(5) 12/4 10/6(3) 12(2)/4 9(3)/7(4) 4/12(8)

ext.50-AD 13(4)/3(1) 6/10(1) 14(3)/2 13/3  12(6)/4 8(2)/8 12(8)/4

Table 3.13: Win-loss statistics for the deviation from reference dataset, with AD enabled and
disabled, for the outlier distribution split. Significant wins/losses (t-test) are in brackets.

model (e.g. apply cross-validation) still gives better results compared to using less
training data.

As the unseen data is from a different distribution, all validation methods did
overestimate the model performance on the reference data (see Figure 3.5 for an
example). Table [3.12] shows that this overestimate is especially severe for external
test set validation. The pessimistic bias of cross-validation diminishes this effect to
some degree, and gives therefore the more accurate performance estimates. Nev-
ertheless, one can conclude that applying models to unseen compounds that are
different from the compounds that have been used for validating, all validation
methods fail to give a good performance estimate.



3.2 EXPERIMENTAL RESULTS

KCC2 CDK SMO reference percentAD (20)

0.98

0.96

0.94
|

o

0.92
|

i
o
T T T T T T T T

cv cv-100 ext.10 ext.10-100 ext.30 ext.30-100 ext.50 ext.50-100

Figure 3.6: Ratio of compounds of the reference dataset inside the Applicability Domain of
models built with 500 and 100 compounds (the latter is drawn in gray).

3.2.3.4 Employing Applicability-Domain

Applicability Domain (AD) methods ensure that a model only “interpolates, but
does not extrapolate”. Consequently, adding an AD approach to our workflow
will probably improve the model performance as outliers are not predicted by the
model. Secondly, it could decrease the deviation, in case outliers mainly occur in
either the validation test set(s), or in the reference set.

The expected improvements could be measured in our results. When building
models with 500 compounds, most of the test and reference data is inside the mod-
els AD (depending on the dataset about 95%). We therefore assume that the datasets
we have used are rather homogeneous. The effect was larger when using a work-
ing dataset of only 100 compounds, as the AD of a prediction model that was built
with less data is smaller (see Figure 3.6). Using the outlier distribution for learning
provokes an increased effect with AD enabled as well. The model predictivity is
higher, and the deviation form the reference dataset is lower (the latter is shown
in Table [3.13). This shows the actual importance of AD in real-world applications:
models are frequently applied to compounds that are not from the same distribu-
tion as the training and validation data.

Overall, AD improved the performance for cross-validation and external test set
validation to an equal extent, and therefore did not affect the comparison between
cross-validation and the external test set validation.
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3.3 Discussion on Cross-Validation and External Validation

A more general definition of external and internal validation is that external val-
idation is used to assess the final model performance, and internal validation is
employed for model selection. The question arises whether cross-validation can be
used for external validation at all. As it turns out, this depends on the precise defini-
tion on “external validation”. Without aiming for a precise definition, one integral
part is (a) that no information leakage is allowed: no test instance is allowed to be
used during training (in which sense needs to be clarified below). The second inte-
gral part is that usually (b) the same method or type of model is validated that is
actually used for making predictions on unseen data.

If external validation implies (i) that no instance from any test set is ever used
for building the final model (see e.g. [98,103,116]), then no form of cross-validation
(in which the complete dataset is repeatedly divided into disjoint training and test
sets) can be regarded as external validation. If, however, we consider an external
validation as valid, if, (ii) in the training step(s) required for the performance estimation
of the final model, none of the test instances is ever used, then cross-validation could
actually be used for external validation. Note that this latter definition excludes
simple forms of information leakage, when instances from the test set are already
seen during training. By contrast, it does not exclude cross-validation from external
validation, as the above property must hold for each cross-validation training and
test set.

A look into the literature suggests that the discussion of these topics is still on-
going: Recent papers [115,[172] recommended to use cross-validation for external
validation instead of a single test set split. This external validation scheme requires
internal validation to be applied on each training fold, for example with a nested
loop of cross-validation. Eklund et al. [173] apply nested data partitioning loops: the
inner loop is employed for model selection, the purpose of the outer loop is to assess
the model performance. The authors note that it remains an open question how
either a final model is constructed, or how a model can be chosen as final model.
Hence, the approach to build the final model for the prediction of new instances (cf.
(b) from above) is to some extent unclear in these studies. In contrast, Filzmoser et
al. [174] apply a “repeated double cross-validation”, to gain a reliable performance
estimate for a PLS model using the optimal parameter. This parameter is eventually
used to build a final model on the entire data, which therefore does not conform to
(a) under the interpretation (i).

Whichever definition we want to adopt and whether or not we want to call cross-
validation a method for external validation, our large-scale experimental results
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have confirmed that cross-validation can be a performance estimation method of
high accuracy and low variability in (Q)SAR studies.

3.4 Conclusions

Within the (Q)SAR community many researchers apply external validation using a
single test set, mainly motivated by the common claim that it is the only way to re-
liably estimate model predictivity. Cross-validation in particular has the reputation
of giving overoptimistic results compared to external test set validation.

We have designed a large scale experimental setup to compare both approaches,
external test set validation to a plain cross-validation. In our experiments, the ex-
ternal test set validation often produced less performant models, as not all avail-
able information is used in model construction. Furthermore, our experiments have
shown that the deviation of the predictivity estimate from the real performance on
unseen compounds is less variable when using cross-validation. The results indi-
cate that the external test set size should be chosen with care, as a small test dataset
produces better models, while a large test dataset produces a less variable perfor-
mance estimate.

The experiments further imply that cross-validation underestimates the real pre-
dictivity, and that it is in particular suited for small datasets. When applying exter-
nal test set validation to small datasets, our experiments show improved validation
results if the external test set is split in a stratified fashion. However, both validation
methods fail to give good performance estimates if the distribution of the unseen
compounds is different from the model building and validation data. In this sce-
nario, using an Applicability Domain model is especially important.

We consider our work as once piece in the puzzle of how to validate (Q)SAR
models correctly. There is certainly more than one way to assess the true predictiv-
ity of (Q)SARs. Given the experimental results reported in this chapter, one perhaps
should not discard the cross-validation option from further consideration.
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4 CheS-Mapper — Chemical Space Mapping

and Visualization in 3D

This chapter describes how small molecule datasets can be visually explored in
virtual 3D space with CheS-Mapper (Chemical Space Mapper) [8]. CheS-Mapper is
a general, interactive, and open-source software that can be employed to inspect
chemical datasets of small molecules. It maps the compounds into virtual 3D space
and was designed to enable scientific researchers to investigate compounds and
their features.

Compared to existing methods that we have reviewed in Section CheS-
Mapper is a unique combination of clustering, dimensionality reduction, and 3D
viewer. The distinguishing feature of the tool is that each compound is represented
by its (3D) structure instead of substituting it by a dot or a node. Moreover, the tool
is generic, as it is up to the user to select the features and the similarity measure that
are employed within the mapping process. Hence, the computed clusters as well as
the 3D positions are based on a user-defined chemical similarity. In contrast to some
existing open-source tools that are limited to a distinct operating system, depend
upon the installation of an additional database or require a specific input format,
CheS-Mapper is platform independent, requires no installation, and accepts a wide
range of chemical formats.

The following Section 4.1| describes the application workflow, mapping process
and the capabilities of the 3D viewer. The subsequent Section [4.2| outlines the im-
plementation of the application. Finally, CheS-Mapper is applied to real-world
datasets in Section 4.3

4.1 Methods

The CheS-Mapper program is a graphical application that can be used to visual-
ize chemical datasets of small molecules (compounds). The application is divided
into two main parts, namely Chemical Space Mapping and Visualization. The overall
workflow can be seen in Figure

In the first part, the Chemical Space Mapping, the molecules in the dataset are
pre-processed. The compounds are grouped together into clusters and embedded
into 3D space. The user has to select the features of the compound that are used
as input for the clustering and the embedding algorithms. The features employed
for this can either be features already precomputed in the original dataset or can be
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Figure 4.1: The CheS-Mapper application workflow is divided into two main parts: Chem-
ical Space Mapping (can be configured with a wizard) and 3D Visualization.

computed by the application. A range of chemical descriptors or structural features
is available, as well as various clustering and embedding algorithms. Finally, the
compounds of each cluster can be aligned according to common substructures. The
preprocessing is described in more detail in the following section.

The second part of the application, the visualization, is then used to explore the
dataset in a virtual three dimensional space. Hence, the application is based on a
molecular 3D viewer, that provides basic yet intuitive capacities like rotating and
zooming. Special highlighting functions allow properties of the dataset to be vi-
sually highlighted. This includes highlighting of cluster assignments, compound
features, endpoint values, and structural fragments. Furthermore, the compounds
of each cluster can be superimposed to provide a better overview of the whole
dataset, and to point out structural (dis-)similarities. Compounds and clusters of
compounds can be deleted and exported in standard file formats for further analy-
sis. The visualization is described in more detail in Section £.1.21

4.1.1 Configuring Chemical Space Mapping with the CheS-Mapper Wiz-
ard

As the mapping process offers a wide variety of options, like which clustering al-
gorithm to use, or which 3D embedding technique to employ, we have designed a
dedicated wizard to ease the use of the application. Each step is well-documented
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Load Dataset (step 1 of 6)
Select a dataset from your file system for clustering, embedding and visualization.

Select dataset file (Copy a http link into the textfield to load a dataset from the internet):
[fhomefmartin/data/caco2/caco2.sdf | | Open file... | | Search ChEMBL
1. Load Dataset (1 Recently used datasets
2. Create 3D Structures
3. Extract Features
4. Cluster Dataset Dataset Properties:
5. Embed into 3D Space File: caco2.sdf
6. Align Compounds Num compounds: 100
Num properties per compound: 7
3D available: true
OperiTox =
| Help | | Import | | Close | ‘ Next ‘ | Start mapping |

Figure 4.2: Wizard Step 1 - Load dataset: A wide range of chemical file formats is supported.
Users can load datasets from the local file system, as well as directly from the internet.

and provides reasonable default settings to support the novice user. Expert users
will appreciate that most algorithms are highly configurable. The current wizard
configuration can be stored and exchanged, as documented in Section Over-
all, there are six steps in the wizard, each step is described in one of the following
sections.

4.1.1.1 Load Dataset

The dataset is selected in the first wizard step (see Figure [4.2). CheS-Mapper uses
the Chemistry Development Kit (CDK) to read the dataset, which assures that a
wide range of chemical formats is supportedﬂ Additionally, CheS-Mapper accepts
files in comma-separated values format (CSV, including a SMILES or InCHi col-
umn) that can be easily created with spreadsheat applications (like e.g. Microsoft
Excel). The wizard is able to load datasets from the local file system, as well as from
the Internet. When the dataset is entirely loaded, the wizard displays the number
of compounds, the number of features for each compound, and a flag that indicates
whether 3D structure information is already available in the dataset or has yet to be
calculated (see the next section).

1 Details on supported dataset formats can be found on the project web-page http://ches-mapper.org.
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Create 3D Structures (step 2 of 6)
Compute 3D coordinates for all compounds in the dataset.

Create 3D Structures Algorithms:

No 3D Structure Generation (use original structures)
CDK 3D Structure Generation
1. Load Dataset OpenBabel 3D Structure Generation
2. Create 3D Structures §
3. Extract Features
4. Cluster Dataset
5. Embed into 3D Space
6. Align Compounds Create 3D Structures Properties:
Building 3D structures Uses Open Babel: The Open Source Chemistry Toolbox (http:/fopenbabel.or
might take a while (upto a| | The gen3d option is used to compute 3D coordinates.
5 minute per compound). (More info: http:/fopenbabel.org/wiki/Tutorial:Basic_Usage)

The result will be stored,
so this computation is only
performed once.

more..| | ¢ Configure external program: Open Babel: The Open Source Chemistry Toolbox (http://openbabe

OpeﬂT;).(i% [ I o

| Help | | Import | | Close | ‘ Previous | ‘ Next ‘ | Start mapping |

Figure 4.3: Wizard Step 2 - Create 3D Structures: In cases, where the 3D structures of com-
pounds is not already available, users can calculate these 3D structures with the chemical
libraries CDK or Open Babel.

Additionally, datasets allocated at an OpenTox [175] dataset service can be used.
The OpenTox project provides a API definition for a predictive toxicology frame-
work, a publicly available dataset service is for example the AMBIT web service
[24].

Moreover, we have integrated ChEMBL Web Serviceﬂ This allows to directly
search the ChEMBL database using SMILES similarity or search by substructure.
SMILES similarity returns compounds that are similar to a provided canonical
SMILES string exceeding a user-defined similarity cutoff score (e.g. 75%). Substruc-
ture search returns compounds that contain the provided canonical SMILES as sub-
structure. The query result is used by CheS-Mapper as input dataset for the remain-
ing workflow.

4.1.1.2 Create 3D Structures

In this wizard step, three-dimensional structure can be calculated for the com-
pounds in case it is not already present in the original dataset. The wizard win-
dow for the structure generation can be seen in Figure where the 3D builders
of the chemical libraries CDK and Open Babel [22] are exposed. The CDK structure

2 The ChEMBL Web Services are documented online: |https://www.ebi.ac.uk/chembl/ws
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Extract Features (step 3 of 6)
Features may already be included in the dataset, or they can be created with various algorithms.
The selected features are used for the clustering and/or 3D embedding.

Available Features: Selected Features:
Features = logD
1. Load Dataset o-g L’nhdl;iccl:ic-‘(:lﬂgg?cglaéa:se;ri tors o
2. Create 3D Structures 1 Y j P = HCPSA
=1 CDK Descriptors « fROTB
3, Extract Features =[10penBabel Descriptors
4. Cluster Dataset + 0 Structural Fragments
5. Embed into 3D Space =T Mine Substructures
6. Align Compounds =3 Match SMARTS Lists

Number of selected features: 4

Feature properties:

Included in Dataset =

Feature type:

"1}
s
Raw data... E o =
-4 -3 -2 -1 (o] 1 2 3 4
OpenT;: bt logD =
| Help | | Import | | Close | ‘ Previous | ‘ Next ‘ | Start mapping |

Figure 4.4: Wizard Step 3 - Extract features: Users can select features that are precomputed
in the dataset or can be computed by CheS-Mapper. Compounds with similar feature val-
ues are likely to be clustered together and are embedded closer to each other in 3D space.

builder allows to choose from two different forcefields, MM2 and MMFF9%4
[28]. However, at the current state the CDK builder (v1.4.18) tends to produce un-
reliable results, and the Open Babel builder should be preferred if available. The
Open Babel 3D builder is using the MMFF94 forcefield. Building 3D structures is a
time consuming process, and can sometimes take up to a few minutes per com-
pound (see Section for runtime experiments). However, this has to be done
only once for each dataset, the results are cached for each single compound (e.g.
by SMILES or MDL molfile) and the structures are available for subsequent runs of
the program. In case the 3D structure information is already provided in the orig-
inal dataset, one can select No 3D structure generation. In case no 3D structures are
calculated, 2D flat structures are later shown in the viewer.

4.1.1.3 Extract Features

In step three of the wizard, the user can select features (see Figure that are em-
ployed in the subsequent steps for clustering and 3D embedding. Thus, compounds
with similar feature values are likely to be clustered together into the same cluster.
Likewise, these similar compounds are embedded closer to each other in 3D space,
while compounds that have mainly different feature values will have 3D positions
far from each other.
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The CheS-Mapper application distinguishes between numerical and nominal fea-
tures. Nominal features separate compounds into distinct categories. For exam-
ple, a nominal feature representing an activity could have values active, moderately-
active, inactive. Numeric features have continuous floating point numbers as values,
like e.g. logP or molecular weight. The software tries to guess the correct feature
type when reading in the features present in the dataset. The feature type can be
changed manually, if the feature value domain includes distinct numeric values
and both feature types are possible.

Within this wizard step, it is also possible to pre-compute and plot the feature
values (see the chart in Figure in order to aid in the decision which features to

select. Three different types of features are available:

INCLUDED IN DATASET Precomputed or experimentally measured properties
that are available in the original dataset. Most (Q)SAR datasets have a bio-
logical or toxic endpoint that is stored in the dataset. Often, the datasets also
contain features that have been computed by some external software.

PHYSICO-CHEMICAL DESCRIPTORS The Chemistry Development Kit and the
Open Babel library provide a range of descriptor calculators that produce nu-
merical features. This includes relatively simple features like the molecular
weight, or the number of rotatable bonds as well as sophisticated chemical

descriptors like the van der Waals volume.

STRUCTURAL FRAGMENTS Structural fragments are encoded as SMARTS
strings. In the CheS-Mapper application, a structural fragment is represented
as a binary nominal feature with value match or no-match: the feature has value
match if the compound contains the fragment (i.e. it matches the SMARTS
string), the value is no-match if the fragment is not contained in the com-
pound. There are two different ways of computing structural fragments in
CheS-Mapper:

* The first approach mines fragments dynamically. This method searches
the compounds in the dataset for substructures that occur according to
a user-defined minimum frequency threshold. Currently, the only imple-
mented method is the Open Babel fingerprint FP2, that enumerates all
linear fragments of size less or equal to 7 atoms.

¢ The second approach matches pre-defined lists of SMARTS fragments
with the dataset compounds. Currently, CheS-Mapper has 22 SMARTS
lists integrated. This includes two built-in lists from CDK (Functional
Groups and Klekota-Roth Biological Activity). Moreover, fragment lists
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have been extracted from Open Babel fingerprints (lists of functional
groups from fingerprints FP3 and FP4, and the MACCS keys list), and
from the ToxTree application [177]. Additional SMARTS lists present re-
sults from recent publications (e.g., alerts that model drug induced phos-
pholipidosis [178]). A user-defined SMARTS file can be added by click-
ing the Add SMARTS file button.

The structural fragment computation can be configured by the user with var-
ious parameters: the minimum frequency defines a threshold for the number
of compounds that must be matched by the fragment. A flag decides whether
fragments should be skipped that occur in each compound. CDK or Open
Babel can be selected as SMARTS matching software, whereas Open Babel is
much faster and should be preferred.

4.1.1.4 Cluster Dataset

The cluster settings are configured in wizard step 4. Clustering divides the dataset
into subgroups. In general, compounds having similar feature values are grouped
together in one cluster. Only features that have been selected in the previous step
are used as input to the clustering algorithm. Clustering provides several bene-
tits for the visualization: the user is given indication if subgroups exist within the
dataset. Moreover, the dataset is easier accessible, as large datasets can hardly be
shown on the screen at once. Furthermore, computing the maximum common sub-
graph inside a cluster can give further insights towards the structural similarity of
the compounds.

Figure shows the simple view of wizard step 4. The user can set lower and
upper bounds on the possible number of clusters. The Cascade k-Means algorithm
is used for clustering, as described below. Alternatively, there is the choice to not to
cluster the dataset. This is the only viable option if no features have been selected
in the previous step.

The advanced view of wizard step 4 provides a range of algorithms to choose
from (see Figure . Cluster algorithms from the statistics library R [78], and the
data-mining library WEKA [77] can be employed within CheS-Mapper. The cluster
methods by R rely on a local installation of the R system on the users’ computer,
while the WEKA routines are built into the CheS-Mapper. Guidance on which al-
gorithm to select can be found on the project homepage http://ches-mapper.org.
The following cluster algorithms are available:

k-MEANS is a basic clustering technique assigning compounds to k randomly
initialized centroids using some distance function. The compounds are as-
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Cluster Dataset (step 4 of 6)
Divides a dataset into clusters (i.e. into subsets of compounds)

Cluster dataset?

1. Load Dataset Applies 'k-Means - Cascade (WEKA)'
2. Create 3D Structures minimum number of clusters: 2
3. Extract Features Sh=lleconpended) maximum number of clusters: 5E|
4. Cluster Dataset .
5. Embed into 3D Space Restore defaults
6. Align Compounds
© No

OpenTox -

| Help | | Import | | Close | ‘ Previous | ‘ Next ‘ | Start mapping |

(a) With the simple view, users can set the lower and upper bound on the number of clus-

ters.

Cluster Dataset (step 4 of 6)
Divides a dataset into clusters (i.e. into subsets of compounds)
Cluster Dataset Algorithms:

1 Load Dataset N_o Dataset Clustering 1]
SimpleKMeans (WEKA)

2. Create 3D Structures L
k-Means - Cascade (WEKA) T

3. Extract Features 5
FarthestFirst (WEKA)

4. Cluster Dataset . e m

. Expectation Maximization (WEKA)
5. Embed into 3D Space Cobweb (WEKA)
6. Align Compounds obwe

Hierarchical (WEKA) =

Cluster Dataset Properties:

distanceFunction: ‘ Choose |EuclideanDistance -R first-last ‘i
manuallySelectNumClusters: [
maxlterations: \ 500[]
maxNumClusters: \ 105
minNumClusters: \ 5
printDebug: =
restarts: \ 5
seed: \ 1
OpenT;):%P Restore defaults ||
| Help | | Import | | Close | ‘ Previous | ‘ Next ‘ | Start mapping |

(b) Within the advanced view, users can choose (and configure) a cluster algorithm from
the statistics library R or the data-mining library WEKA.

Figure 4.5: Wizard Step 4 - Cluster Dataset
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signed to each centroid, then the centroid is re-computed, being the center
of all compounds belonging to this cluster. Subsequently, the compounds are
re-assigned to the nearest centroid. This is repeated iteratively, until the algo-
rithm converges. This method is available in two different implementations
(R and WEKA). The major difference between both implementations is that
the one by R includes the concept of random restarts. In both versions, the
number of clusters (k) has to be given by the user. This is not ideal, as the
user would have to find the right number of clusters manually.

CASCADE k-MEANS uses a range of values for k, performs random restarts of
the k-Means algorithm, and automatically selects the best value. To this end,
the quality of each cluster result is evaluated with the Calinski-Harabasz crite-
rion [179]. This method is available as R implementation [180] and as built-in
implementation that employs WEKA’s k-Means method. The latter method
is the default clustering algorithm in CheS-Mapper.

HIERARCHICAL CLUSTERING is a well established clustering approach that
starts by considering each compound as a single cluster and subsequently
merges two clusters at a time. A distance matrix with all pairwise distances
between clusters is computed, to identify the pair which is closest in distance
space, that will be merged. Various different set distance schemes to compute
the distance between clusters are available. In the CheS-Mapper application,
hierarchical clustering is provided in two implementations, R and WEKA.
Again, this method has the drawback that the number of clusters has to be
set to a fixed number by the user. Therefore, a dynamic version that automat-
ically detects the number of clusters, implemented in R, is available [181].

EXPECTATION MAXIMIZATION models the data as mixture of Gaussians, i.e.
each cluster is represented by one Gaussian distribution. This is a more gen-
eral approach of the k-Means clustering that can model clusters of different
spatial expansions (the Gaussians can have different standard deviations on
covariances) in contrary to k-Means (where each compound is assigned to the
closest centroid). The WEKA implementation of EM Clustering has a built-in
functionality to auto-detect the number of clusters by using cross-validation:
Starting at 1, it iteratively increases the number of clusters, using the log-
likelihood of the test-fold compounds as quality measure. If the log-likelihood
decreases, the previous number of clusters is used.

COBWEB is a hierarchical conceptual clustering algorithm, implemented in
WEKA. It splits, merges, or inserts nodes in a hierarchical tree according to
the category utility of a node [182].
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FARTHEST FIRST is somewhat similar to k-Means, with the difference that the
centroids are chosen as follows: It starts with a random data point, and
chooses the point farthest from it. Subsequently, the next point that is farthest
away from the already chosen points is selected until k points are obtained
[183].

Moreover, the option “‘Manual Cluster Assignment’ can be selected to import a

pre-computed cluster assignment that is already stored as a feature in the dataset
file.

4.1.1.5 Embed into 3D Space

Wizard step 5 handles the 3D embedding of compounds. The embedding algorithm
uses the feature values selected in step 3 as input. Accordingly, each compound is
assigned a position in 3D space, such that the spatial proximity of two compounds
reflects their similarity based on the features. Hence, the n-dimensional input space
(n corresponding to the number of features selected in wizard step 3) is converted to
3 dimensions. We have discussed various techniques for dimensionality reduction
in section[2.4.21

Figure shows the simple view for this wizard step: the user has to decide if
the compounds should be embedded. In this case a principal component analysis is
applied to calculate 3D coordinates. When deciding not to embed the compounds,
the compounds will be arranged at random positions in 3D space. This is the only
feasible method if there are no compound features available. Runtime experiments
and guidance on which algorithm to select can be found at http://ches-mapper.
org. The following embedding methods are available in the advanced wizard view

(see Figure [4.6b):

PRINCIPAL COMPONENT ANALYSIS (PCA) is a method that reduces the fea-
ture space. Within CheS-Mapper, two different implementations are provided:
WEKA and R. The PCA method is computationally not so expensive when
compared to other embedding techniques and possesses therefore faster run-
time than the methods below.

SAMMON’S NON-LINEAR MAPPING is an iterative multidimensional scaling
method [128]. The algorithm is only available as R implementation that typ-
ically converges in about 50 iterations. Sammon embedding is the only tech-
nique in CheS-Mapper that allows to configure the (dis-)similarity measure.
The default measure is the Euclidean distance, it could however be suitable
to select another of the 48 currently available (dis-)similarity measures. For
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Embed into 3D Space (step 5 of 6)
Arranges the compounds and clusters in 3D space. The distance between clusters/jcompounds
reflects their similarity according to the previously selected features.

. . . o

1. Load Dataset Embedd compounds according to their feature values into 3D space?

2. Create 3D Structures @ Yes (recommended, applies 'PCA 3D Embedder (WEKA)')

3. Extract Features

4. Cluster Dataset © No

5. Embed into 3D Space

6. Align Compounds

OperiTox =
| Help | | Import | | Close | ‘ Previous | ‘ Next ‘ | Start mapping |

(a) With the simple view, users can decide whether to embed a dataset according to its
features values, or not.

1. Load Dataset

2. Create 3D Structures
3. Extract Features

4. Cluster Dataset

5. Embed into 3D Space
6. Align Compounds

OpenT;x =

Embed into 3D Space (step 5 of 6)
Arranges the compounds and clusters in 3D space. The distance between clusters/compounds
reflects their similarity according to the previously selected features.

Embed into 3D Space Algorithms:
No 3D Embedding (Random positions)
PCA 3D Embedder (WEKA)

PCA 3D Embedder (R)

Sammon 3D Embedder (R)

SMACOF 3D Embedder (R)

TSNE 3D Embedder (R)

Embed into 3D Space Properties:

Uses The R Project for Statistical Computing (http://www.r-project.org)

Principal component analysis (PCA) is a method that reduces the feature space. The method transfc
the original features into principal components, which are uncorrelated numerical features. The firs
significant 3 principal components are used for 3D Embedding.

Details: http://stat. ethz.ch/R-manual/R-patched/library/stats/html/prcomp. html

2 Configure external program: The R Project for Statistical Computing (http://www.r-project.org)

[« Il [ I*]

|

Import | | Close | ‘ Previous | ‘ Next ‘ | Start mapping |

(b) Within the advanced view, users can choose and configure an embedding algorithm.

Figure 4.6: Wizard Step 5 - Embed into 3D Space
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Align Compounds (step 6 of 6)

Aligns the compounds inside a cluster with each other.

Align Compounds Algorithms:

No Cluster Aligner

Maximum Common Subgraph (MCS) Aligner
1. Load Dataset Maximum Structural Fragment Aligner

2. Create 3D Structures Manual Subgraph Aligner

3. Extract Features

4. Cluster Dataset

5. Embed into 3D Space

6. Align Compounds § Align Compounds Properties:
MCS computation is a time First, the Maximum Common Subgraph (MCS) of each cluster is computed. This is
consuming task. Maximum computationally intensive and will take quite long for large clusters (the runtime is O(n?)).
Structural Fragment Aligner | | second the compounds of each cluster are aligned according to their MCS. Hence, their

8 5h°”_|d belpreferred for orientation in 3D space is adjusted such that the common substructure is superimposed.
medium-sized or large
datasets (if structural Uses The Chemistry Development Kit (CDK) (Version 1.4.18, see http://cdk.sourceforge. net).
fragments are available).

more...

OpenT;x =

| Help | | Import | | Close | ‘ Previous |

Figure 4.7: Wizard Step 6 - Align Compounds: Users can enable 3D alignment of com-
pounds, which is appropriate when the dataset contains structurally similar compounds.

example, Tanimoto similarity might be a reasonable choice if only structural

features are selected, as it ignores joint absences of fragments.

SMACOF employs multidimensional scaling using majorization using R [129]. For
this method, CheS-Mapper converts the feature values to a distance matrix
using the Euclidean distance. To reduce the runtime of this method, the user
can set a maximum-number-of-iterations parameter.

T-DISTRIBUTED STOCHASTIC NEIGHBOR EMBEDDING (T-SNE) is also only
available within R [132]. The parameter perplexity defines the effective num-
ber of neighbors that are used to compute the conditional probability distri-
bution. Again, the maximum number of iterations can be reduced by the user

in order to decrease the runtime.

In order to measure how well the computed 3D positions reflect the compound
features values, CheS-Mapper can compute an embedding quality measure (see

Section[5.2.1.1)).

4.1.1.6 Align Compounds

The final wizard step allows to configure the alignment of the compounds within
a cluster according to a common substructure (see Figure [4.7). Hence, a structural
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fragment has to be computed that matches all compounds of this cluster. There are

three methods to derive this structural fragment:

MAXIMUM COMMON SUBGRAPH (MCS) ALIGNER computes the maximum
common subgraph of each cluster. The CheS-Mapper program uses the CDK
library for the MCS computation: CDK provides a method to find all com-
mon substructures of a molecule pair. A list of all MCS candidates is created
while this method is applied subsequently to all compounds within a clus-
ter. In cases where this procedure does not produce an MCS, no alignment is
performed.

MAXIMUM STRUCTURAL FRAGMENT ALIGNER requires structural features to
be selected in the Extract Feature wizard step. It uses the largest structural

feature that matches all compounds of each cluster for alignment.

MANUAL SUBGRAPH ALIGNER is an expert method that allows the user to spec-
ify the SMARTS fragment manually. This method differs from the two above,

as the same fragment is used to align all clusters.

The compounds of each cluster are superimposed according to the common sub-
structure and oriented in 3D space such that “they face the same direction”. This
is done pairwise for two compounds, each compound is seperately superimposed
with the first compound of the cluster. The compounds are rotated until the two
matching regions in both compounds have the smallest possible root mean square
deviation (RMSD). The superimposition can be perfomed in CheS-Mapper using
one of the chemical libraries CDK and Open Babel. CDK has the Kabsch algo-
rithm [[184] implemented, Open Babel provides the obfit command. The alignment
method can be used to compare the structure of structurally similar compounds
that are assigned to the same cluster (see example in Sections .

4.1.2 CheS-Mapper Viewer

The viewer window of the CheS-Mapper application is shown to the user when
the mapping process is completed. It is based on the 3D library Jmol, and displays
all compounds in virtual 3D space. The mouse can be used to zoom, rotate and
translate the 3D viewer. Detailed documentation on how to control the viewer can
be found on the project homepage.
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Figure 4.8: The CheS-Mapper viewer showing the Caco-2 permeability dataset. The com-
pound list (on the left-hand side) can be used to select compounds. General dataset infor-
mation and mean feature values are provided on the right-hand side. The control panel is
located on the bottom left-hand side.

All Compounds Cluster algorithm  Hierarc -
Cluster 1 (#12) Num clusters 3
Cluster 2 (#9)

Cluster 3 (#13) 3D Embedding Sammo
3D Embedding ... excellei

Features K|
cdk:Title 34x 1"
g) cdk:Remark 34x% '3
R - RECORDID Ix 'R27

MOLECULEID Ix'MI1t

(h}u" MOLECULE_NUM 34x "'

NAME 1x'2,2"
‘ INTRODUCER 34x 'we

% MODIFIER 34x 'we
m ARTICLEID 34x 'A3

Vapor Pressure ... 3.23 =1

\a Vapor Pressure ... 3.25 =1

hj Leverage(Vapor... 0.06 =C

Q INCHI_KEY 1x 'AAF

[#35]-[#6]:[#6]...25x 'm:

a [#35]-[#6]:[#6]...25x 'm:

=l =15 [#35]-[#61[#6]...25% 'm:
© Wireframe @ Balls & Sticks © Dots T#351-[#61T#6] 25x% Im_;ﬁl

Feature: [Cluster [~] - .

Figure 4.9: A dataset including polybrominated diphenyl ethers (PBDE) is clustered into 3
clusters. Structural features are employed for clustering and embedding.
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Figure 4.10: Zooming in on compound pirenzepine. The compound is depicted using the
wireframe setting. Compound features are listed on the right-hand side. Feature values for
fROTB, caco2, and HCPSA are relatively low and therefore colored in blue. The fROTB value
of pirenzepine differs the most from the values in the entire dataset, therefore this feature
is ranked at the top.

4.1.2.1 View Organization

CheS-Mapper shows the compounds of the embedded dataset in the center of the
3D viewer (see Figure [£.8). The 3D positions of compounds have been calculated
by the selected embedding algorithm. Hence, compounds that are similar based on
the selected feature values, will be located close to each other in 3D space.

Lists to select clusters and compounds are located at the top left side of the viewer
(see a screenshot with clustering enabled in Figure [£.9). The cluster list can be uti-
lized to select a cluster, or alternatively, the user can move the mouse over one of the
cluster compounds. When clicking on a cluster, the view will zoom into this clus-
ter, hiding the remaining dataset compounds. Subsequently, a single compound
can be inspected by using the compound list or by hovering the mouse over the
compound. When clicking on a compound, the view automatically zooms in on the
structure (see Figure [4.10).

The information panel on the right-hand side of the screen shows the properties
of the currently selected cluster or compound, or of the entire dataset. In particular,
all features in the dataset and the (mean) feature value of the currently selected ele-
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ment are presented. If a compound is selected, the provided information includes a
2D image, the compound SIMLES, and feature values (see right side of Figure 4.10).
Please note that the feature values of clusters or compounds are colored: relatively

high numeric feature values are drawn red, low values are colored in blue.

4.1.2.2 Highlight Clusters and Features

By default, compounds are drawn in standard CPK coloring’| When features are se-
lected for highlighting, the compounds are colored according to their feature value.
For numerical values, this is done with a color gradient, a continuous range of blue,
white and red color. Accordingly, compounds with low feature values are colored
blue, while compounds with high feature values are colored red (see Figure [.11).
Highlighting of nominal features assigns a distinct color to each value. Additionally,
the numeric or nominal feature value of each compound can be labeled explicitly:
the feature value is written next to each compound or cluster. Instead of chang-
ing the color of the whole compound, feature values can also be highlighted using
translucent spheres that are overlayed over each compound (see e.g. Figure [£.9).
This preserves the standard atom coloring of compounds. If clustering is enabled,
the compounds can be highlighted according to their cluster assignment (see Fig-
ure[4.9). The user can switch manually between the different highlight modes using
the drop down menu on the bottom left of the screen.

When a specific feature is selected, a chart showing the histogram of the feature
values is displayed in the bottom right corner. When a cluster and /or a compound
is selected, their feature values are indicated in the chart (see Figures and .

As described above, a feature may represent a structural fragment encoded as
a SMARTS string. When such a structural feature is selected, the SMARTS struc-
ture is matched and highlighted in the corresponding compounds (see Figure .12).
Additionally, if cluster alignment according to a common fragment is enabled, this
fragment can be highlighted as well (see Figure 4.13)).

4.1.2.3 Change Compound Depiction

Several depiction modes can be selected with the corresponding buttons at the bot-
tom left of the viewer. Wireframe is the default option, that draws only the bonds
of each compound (see Figure . Balls & Sticks additionally depicts atoms with
spheres (Figure[.13). The Dots option hides the compound structure and draws sin-
gle spheres instead. This option might be preferable if the user wants to highlight

CPK is the the standard color convention for chemical elements, designed by and named after the
chemists Corey, Pauling, and Koltun.
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Figure 4.11: Highlighting logD feature values in the Caco-2 permeability dataset. The com-
pound color has changed according to the feature value. Compounds with similar logD
values are located close to each other in 3D space, as this feature was used for 3D embed-
ding. The compound list at the left-hand side shows the logD value for each compound
and the list is sorted according to the logD value. A histogram depicting the feature value
distribution in the dataset is on the bottom rlght -hand side.
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Figure 4.12: The compounds of the PBDE dataset have been highlighted according to the
structural fragment ”Br-c:c:c-O”. The matching atoms in each compounds are drawn in
orange.
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Figure 4.13: The compounds of a cluster of the PBDE dataset are superimposed according
to their maximum common subgraph.
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Figure 4.14: Highlighting the endpoint of the Caco-2 permeability dataset. Selecting the
endpoint feature shows the activity space (or landscape). The endpoint was not employed
for 3D embedding. The depiction setting is set to the depiction option Dots. The compound
pirenzepine is selected (indicated with a blue box), the compound information including
a 2D image of the compound is shown on the right-hand side. The compound forms an
activity cliff, as its endpoint value differs from its neighbor compounds.
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the feature value distribution in the data space for large datasets (as exemplified in

Figure 4.14).

4.1.2.4 Adjust the Size of Compounds

In order to get a more detailed and closer view on compounds or clusters, the user
can use the zooming function. This will show a smaller section of the whole dataset
in larger scale.

Additionally, there is the possibility to adjust the size of the compounds in 3D
space, which affects the distance between compounds to each other. This can be
controlled with the slider or the “+” and ”-” buttons on the bottom left of the screen.
To decrease the compound size can be advantages, as sometimes compounds are
located very close to each other and may overlap in the field of view.

4.1.2.5 Superimpose Compounds

Superimposition moves the compounds of each cluster to the cluster center. Ac-
cordingly, they will overlap each other. This method may provide a better overview
when a large clustered dataset is visualized. Furthermore, it emphasizes structural
similarities of the compounds inside the cluster. This is especially useful, if the
compounds of the clusters are aligned according to a common substructure (see

Figure 4.13).

4.1.2.6 Export or Remove Clusters and Compounds

Compounds or whole clusters can be (temporally) removed from the view, not
changing the original dataset. To actually modify the data, the compounds can be
(partially) exported as SD-file or CSV file, including cluster assignments and com-
puted features. If available, the SDF export will contain the compound 3D struc-
tures. The exported data can than be used for further processing.

4.1.2.7 Export Images

The presented figures in this chapter are screen-shots of the application to illustrate
the viewers functionalityﬂ Additionally, CheS-Mapper has a dedicated export func-
tion to create high-resolution images of the compounds, omitting the controllers
and lists.

Therefore, the default display options of the CheS-Mapper viewer have been customized for printing:
the default background is changed from black to white, and the font size is increased.
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4.2 Implementation

The CheS-Mapper software is implemented in Java. It is provided as a Java Web
Start application, which can directly be started from a web browser. Addition-
ally, the program can also be downloaded as stand-alone version. CheS-Mapper
is an open-source project hosted at GitHub (http://github.com/mguetlein/
ches-mapper). The code architecture allows developers to easily integrate novel al-
gorithms, e.g. for clustering, 3D structure calculation, etc. A range of Java libraries
is integrated into the project: the 3D viewer for molecules ]mo]ﬂ the Chemistry De-
velopment Kit (CDK [23]]), and the data mining workbench WEKA [77]. Extended
functions are provided in CheS-Mapper in case the free software tools Open Ba-
bel [22] and R [78] are installed on the local computer. Open Babel is a C++ li-
brary for cheminformatics that can be used for additional 3D computing, match-
ing of SMARTS (Smiles Arbitrary Target Specification) fragments, and structural
fragment mining. The statistical computing tool R is exploited by CheS-Mapper for
clustering and embedding.

4.3 Use Cases — Applying CheS-Mapper to Real World Datasets

In the following, CheS-Mapper is applied to two real-world datasets for demon-
strating its functionalities. Additionally, we examine published statements about
the datasets.

4.3.1 Mapping a Dataset using Integrated Features

We use the CheS-Mapper application to visualize and verify work on the correlation
of Caco-2 permeation with simple molecular properties [185]. The authors provide
100 structural diverse compounds, with five numeric features that are stored in the
dataset. One of the features is the actual endpoint Caco-2 permeability (logPapp)-
The remaining four molecular descriptors are: experimental distribution coefficient
(logD), high charged polar surface area (HCPSA), radius of gyration (rgyr), and frac-
tion of rotatable bonds (fROTB). In their work, the authors describe that these four
features are valuable descriptors for building a QSAR model to predict Caco-2 per-
meation.

We employ the CheS-Mapper wizard to embed the compounds in 3D space
according to those four properties using principal components analysis (see Fig-

5 |http://www.jmol.org
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ure [4.8). Note that the actual endpoint (caco2) was not used. A copy of the dataset
and a detailed tutorial can be found at http://ches-mapper.org.

Figure shows a screenshot of the CheS-Mapper viewer, with LogD values
highlighted: the compounds are colored according to their feature value of LogD,
compounds with low values are colored in blue, compounds with high values are
colored in red. As this feature was used for embedding, compounds with similar
values are close to each other. The same holds if we select the remaining three fea-
tures. In contrary, the actual endpoint was not used as input for the embedding
algorithm. Still, compounds that are close to each other tend to have a similar caco2
value (see Figure [f.14). This supports the authors findings, the endpoint is indeed
correlated to the feature values presented in the dataset.

Additionally, we easily detected one compound with the Viewer that violates
the correlation between feature values and endpoint: Figure shows the com-
pound pirenzepine. It has a relatively low endpoint value of —6.35, and is therefore
drawn in blue. This compound attracts our attention, as it is close to compounds
with high endpoint values, i.e. it is located next to many red compounds. By em-
ploying CheS-Mapper, we effortlessly gained insights into a dataset and a critical
compound: pirenzepine is the training compound with the highest prediction error
using the QSAR model in the cited article.

A more detailed analysis of this dataset including embedding quality calculation,
investigation of activity cliffs, and visual validation of (Q)SAR modeling can be
found in Section

4.3.2 Structural Clustering using Open Babel Fingerprints

We use the CheS-Mapper program to apply structural fragment mining to a small
dataset with structural similar compounds. The dataset consists of 34 polybromi-
nated diphenyl ethers (PBDEs) with experimentally measured endpoint (Vapor pres-
sure) [186]]. It was used to build and validate (Q)SPR models with physico-chemical
descriptors (computed with the Dragon software). The authors determined the fea-
ture T(O...Br) to be the most significant descriptor with respect to the endpoint. This
feature describes the sum of the topological distance between oxygen and bromine.
This can be visually verified with CheS-Mapper.

We select linear fragments (up to a size of 7 atoms) as features in the wizard. We
skip uninformative fragments that occur in each compound of the dataset, which
yields 15 distinctive fragments, all containing bromine. Note that the actual target
endpoint is not selected for clustering and embedding. Again, a copy of the dataset
and a detailed tutorial can be found on the project homepage.
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Figure 4.15: The compounds of the PBDE dataset are highlighted according to their end-
point value. The selected cluster contains the compounds with the highest endpoint values.

The viewer shows that there are three clusters of about equal size (see Figure[4.9).
We highlight the endpoint in Figure to show that the endpoint can in fact be
modeled with these 15 structural features: features that are located next to each
other have a similar endpoint values. Furthermore, one of the clusters contains all
compounds with high endpoint values.

We now determine the feature properties of the three clusters. We select the
structural feature [#35]-[#6]:[#6]:[#6]-[#8] that corresponds to a linear sequence of
5 atoms: bromine, three aromatic carbons, and oxygen (the SMARTS is equal to
Br-c:c:c-O). Figure shows that the CheS-Mapper viewer colors the compounds
according to occurrence, as well as it highlights where the smarts matches in each
compound. Selecting feature Br-c:c-O shows that the compounds in cluster number
three (the one with the highest endpoint values) exclusively match both fragments.
This supports the findings [186] that the endpoint value depends indeed on the
distance between the bromine atom and the ether group.

CheS-Mapper can be a valuable tool for structurally very similar compounds,
when employing MCS alignment together with the superimpose mechanism. Fig-
ure shows the compounds of cluster number three superimposed onto each
other. The compounds are aligned according to their common substructure, en-
abling the user to identify structural similarities or dissimilarities.
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Dataset Compounds Description Reference
e 54 Lominted dpberyl e =
Caco2 100 Diverse compounds tested for Caco-2 permeability  [185]
COX2 467 Cyclooxygenase-2 (COX-2) inhibitors [187]
CPDBAS 1508 Carcinogenic Potency Database - All Species [188]

Table 4.1: List of datasets employed for empirical evaluation.

Dataset Size CDK OpenBabel
PBDE 34 3s 1m, 22s
Caco2 100 2m, 12s
COX2 467 | 5ls

cepB 1508 (SN

CDK CDK 3D Structure Generation
OpenBabel OpenBabel 3D Structure Generation

Table 4.2: Runtime of building 3D structures.

4.4 Empirical Evaluation of CheS-Mapper Functionalities

The use cases presented in this work exhibit the application of CheS-Mapper to
a range of real-world datasets of various sizes: the largest of theses datasets con-
tains 613 compounds (see Section [5.3.4). We have successfully tested CheS-Mapper
with datasets including over 10.000 compounds (not shown in this thesis). There-
fore, CheS-Mapper has dedicated functionalities to facilitate the analysis of large
datasets (like, e.g., drawing only dots instead of compound structures (see Fig-
ure[5.10), and applying clustering to inspect only subsets of a large dataset at a time).
However, pre-processing datasets can require huge computational effort, depend-
ing on the dataset size, the number and type of selected features, and the selected
algorithms. To this end, we have evaluated the runtimeﬁ of the pre-processing steps
in CheS-Mapper on four datasets with up to 1508 compounds (see Table[4.1). Please
note, that CheS-Mapper caches results of pre-processing steps: each calculation has
to be performed only once.

The results presented in this Section can provide some guidance when applying
CheS-Mapper to large datasets. Additionally to the algorithm runtimes, we mea-
sure the quality of the 3D embedding.

The experiments have been performed on an Intel(R) Core(TM) i5-4200U CPU with 1.60GHz and 8G
main memory. CheS-Mapper is currently not optimized to make use of multiple cores.
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Dataset PCOB PC MCOB MC Funct Bio FP2 OB MoSS

PBDE 25 6 <ls  1s 1s 75 <Is o <ls

Caco2
CcOXx2

PCOB 14 PC Descriptors created with Open Babel

PC 271 PC Descriptors created with CDK

MC OB 166 MACCS structural fragments matched with Open Babel

MC 166 MACCS structural fragments matched with CDK

Funct 307 Function groups matched with CDK

Bio 4860 Klekota-Roth Biological Activity fragments matched with CDK

FP2 OB Linear fragments (FP2) mined with Open Babel (min freq: 10)
MoSS MOoSS - Molecular Substructure Miner (min freq: 10)

Table 4.3: Calculating differet sets of molecular descriptors.

As described in Section [2.1.1.2) building 3D structures is a time consuming opti-
mization task. Calculating the three dimensional conformation of 100 compounds
with Open Babel took about 10 minutes (see Table [4.2). The integrated CDK 3D
builder is faster but does not produce reliable results.

In Table we show the runtime of descriptor calculation algorithms on the
investigated datasets. Computing 271 PC descriptors with CDK took more than 6
minutes on the largest dataseﬂ In general, the Open Babel library is faster than
the integrated CDK library, especially when matching SMARTS fragments. More-
over, mining linear sub-structures with Open Babel (FP2) is very fast, even on large
datasets. The graph miner MoSS is slower, and requires a reasonable mini-
mum threshold to be setﬂ However, it yields more complex graph sub-structures.

The runtimes of cluster algorithms presented in Table 4.4 have been measured
using 271 molecular descriptors as input. The starred algorithm is the default clus-
ter option (see Section [£.1.1.4). The two slowest clustering methods (Cascading k-
Means with R and Expectation Maximization) automatically determine the best
cluster size. These methods can be accelerated by adjusting their default parame-
ters. As noted above, we do not evaluate the quality of the clustering result. In the
future, we consider extending CheS-Mapper by calculating and providing cluster
performance measures (e.g., the Calinski-Harabasz criterion [179]).

7 We have omitted a single descriptor (ionization potential) that takes about five seconds for a com-
pound
8 The MoSS library failed on CPDB because it could not read a compound structure within the dataset.
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Dataset CkM* kM CkM FF EM CW H kMR CKkMR HR DCR

PBDE  <ls  <Is <ls <lIs <Is <Is <Is <Is 25 <Is <Is
Caco2  <Is  <ls Is  <ls 8s <Is <Is <Is 3  <Is <Is
COX2 45 <Is 1ls <Is 36s <Is 1s 25 2Is  <ls Is
CPpBAS 135 15 495 <is [ 25 26 175 (NG 35 45

CkM* k-Means - Cascade (WEKA) — Default Clusterer
kM SimpleKMeans (WEKA)

CkM  k-Means - Cascade (WEKA)

FF FarthestFirst (WEKA)

EM Expectation Maximization (WEKA)
CwW Cobweb (WEKA)

H Hierarchical (WEKA)

kMR k-Means (R)

CKkM R k-Means - Cascade (R)

HR Hierarchical (R)

DCR Hierarchical - Dynamic Tree Cut (R)

Table 4.4: Runtime of clustering algorithms with 271 PC descriptors.

Dataset Features PCA* Q PCAR Q

PBDE 271 T<is 099 [<is 099
Cac2 271 [<is | 094 (SIS 094
coxz2 271 Tis ] 091 [fis T 091
CPDBAS 271 25 092 (&8s 0

PCA*  PCA 3D Embedder (WEKA) — Default 3D-Embedder
PCAR PCA 3D Embedder (R)
SMR Sammon 3D Embedder (R)

Table 4.5: Duration of calculating 3D embedding and embedding quality (denoted with
“Q”) using 217 PC descriptors.
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Dataset Features PCA* Q PCARQ SMR Q SM-TR Q

PBDE 15 <is oo7[<is097[<is " 098[<is T 0.99
Caco2 224  [<is 073 <18 073 [<18 1 0.65 [<ls 1 0.77
cox2 585  [17s 09428 0948509478 095
CPDBAS 1304  |[RUIOHE 0.76 [475 | 0.76 2m, 535 0.69 3m, 16s 0.86

PCA* PCA 3D Embedder (WEKA) — Default 3D-Embedder
PCA R PCA 3D Embedder (R)

SMR Sammon 3D Embedder (R)

SM-T R Sammon 3D Embedder (R) Tanimoto

Table 4.6: Duration of calculating 3D embedding and embedding quality (denoted with
“Q”) using structural fragments (Open Babel FP2).

Dataset  Cluster MCS Max Fragment

PBDE 4
Caco2 2
COX2 3
CPDBAS 3
MCS Maximum Common Subgraph (MCS) Aligner

Max Fragment Maximum Structural Fragment Aligner

Table 4.7: Runtime of 3D alignment algorithms (including MCS computation)

We have measured the runtime of embedding the dataset into 3D space and cal-
culating the embedding quality. This experiment has been executed with PC de-
scriptors (Table as well as structural fragments (Table 4.6). The computation
of the embedding quality (see Section [5.2.1.1) suffers from quadratic runtime with
respect to the number of compounds and feature values. Therefore, we have added
an option to CheS-Mapper to disable embedding quality computation when work-
ing with large datasets. PCA shows in general good runtime and embedding qual-
ity when using numeric descriptorsﬂ Sammon embedding with Tanimoto distance
can increase the embedding quality in case structural fragments are selected.

Table [4.7] contains the runtimes of 3D aligning the compounds in each cluster.
Clustering was performed with the default algorithm based on structural frag-
ments (computed with Open Babel FP2). Using structural fragments to compute

clusters for 3D alignment is recommended as it tends to produce structurally sim-

9 The runtime discrepancy for structural fragments between PCA performed with WEKA and PCA
performed with the R library is due to a an in-efficient handling of nominal binary features within
the WEKA PCA.
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ilar clusters (structurally dis-similar compounds are not well-suited for 3D align-
ment). The runtime of computing the maximum common sub-graph (MCS) de-
pends on cluster sizes and compound structures (e.g., the COX2 dataset contains
many structurally similar compounds and therefore yields large common frag-
ments). Maximum fragment alignment requires less time as it uses the largest com-
mon structural fragment that has been calculated during feature computation.

4.5 Conclusions

We presented the CheS-Mapper application, a tool to visualize and explore chem-
ical datasets. In a preprocessing step, the dataset is mapped into a virtual three-
dimensional space. A key part of the preprocessing is the choice of features, which
is done by the user. Features can either be provided in the dataset, or the application
can calculate physico-chemical descriptors as well as structural fragments. The se-
lected features are then used for clustering and 3D embedding. Hence, compounds
that have similar feature values are likely to be clustered together, and are close to
each other in 3D space. Subsequently, a 3D viewer shows the embedded dataset,
and enables the user to explore the dataset and its properties. Numerical features,
as well as structural features can be highlighted within the viewer.

This makes CheS-Mapper a visualization tool that could be used to explore
structure-activity relationship (SAR) information in datasets, as well as to present
chemical compounds and compound features to others. It is freely available and an

open-source project.

81






5 CheS-Mapper 2.0 for Visual Validation of
(Q)SAR models

This chapter presents our work on visual validation of (Q)SAR models [9]], as
an approach for the graphical inspection of (Q)SAR model validation results. We
will motivate the method in the following Section[5.1} The approach applies the 3D
viewer CheS-Mapper, that has been extended to facilitate the analysis of (Q)SAR
information and allows the visual validation of (Q)SAR models. The new func-
tionalities of CheS-Mapper 2.0 and our visual validation approach is described in
Section[5.2] Subsequently, visual validation is applied to real-world datasets in Sec-
tion[5.3] Finally, Section [5.4] provides a summary and discussion.

5.1 Motivation

Visualization of (Q)SAR information in chemical datasets is a very active field of
research in cheminformatics (see Section [2.4.3). Many approaches are being devel-
oped that help to understand existing correlations between the structure of chem-
ical compounds, their physico-chemical properties, and biological or toxic effects.
These correlations are employed by (Q)SAR models to predict the activity of un-
seen compounds. The predictive performance of (Q)SAR models can then be evalu-
ated with numerous statistical validation techniques. There is, however, to the best
of the author’s knowledge, no visualization method yet that incorporates (Q)SAR
predictions and validation results. One reason for this might be that most (Q)SAR
models are the results of applying statistical machine learning approaches to chemi-
cal datasets and the resulting models are sometimes opaque and it is commonly not
an easy task to extract the reasoning behind a prediction. Some models induced by
machine learning approaches, however, are relatively easy to understand, like deci-
sion trees, rule learners or nearest neighbor models. The predictions of these models
are easy to comprehend, as long as the number of features that are employed for
predictions is not too large (e.g. the size of the decision tree is reasonably small).
Therefore, several model-dependent visualization tools exist [154}155,/157,/158]. In
contrast, many other models can rather be seen as black boxes, like artificial neural
networks or support vector machines. In addition, these complex models are often
more predictive than intuitive and simpler models.

In this work, we propose a model-independent visual analysis of validation re-
sults employing the 3D viewer CheS-Mapper [8]. The presented approach does not
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Figure 5.1: Comparing actual and predicted activity values with CheS-Mapper. The CPDB
hamster dataset is embedded into 3D space, based on 14 physico-chemical (PC) descrip-
tors that have been computed with CheS-Mapper using Open Babel. The compounds are
predicted with a 3-Nearest Neighbor approach employing the same PC features. The in-
ner sphere corresponds to the actual endpoint activity, with class values active (red) and
inactive (blue). The outer, flattened spheroid depicts the prediction.

investigate how predictions are made by each model, but rather allows the com-
parison of actual and predicted activity values in the feature space (see Figure 5.1).
We call this approach visual validation. It should be regarded as complementary to
the standard statistical validation. Visually examining (Q)SAR model validation re-
sults can aid in understanding the model itself as well as the modeled data, and can
furthermore yield the following benefits:

DATA CURATION: Itisimportant to inspect (groups of) misclassified compounds
(in case of classification), or compounds with high prediction error (regres-
sion). Investigating possible reasons for the erroneous predictions might aid
in detecting errors in the training data, like mis-measured endpoint values.
The researcher might as well discover that the misclassifications are outliers
or that more training data is required.

MODEL IMPROVEMENT: Another possible reason for bad model performance
may be improper feature choice, e.g. the available features can not be used
to distinguish between some active and inactive compounds. Moreover, the
selected model might be too specific (overfitting) or too general (underfitting).



5.2 VISUAL VALIDATION OF (Q)SAR MODELS

Additionally, visual validation can show the effect of different model param-
eters.

MECHANISTIC INTERPRETATION: Itis also possible to extract knowledge from
groups of compounds that are correctly classified. Compounds with similar
feature values and endpoint values might have similar modes of action. Con-
sequently, visual validation can support the researcher in deriving a mech-
anistic interpretation. Mechanistic interpretation and proper model valida-
tion are requirements of the OECD guidelines for valid (Q)SAR models [190].
To this end, visual validation could also help to improve the acceptance of
(Q)SAR models by regulatory authorities as alternative testing methods.

5.2 Visual Validation of (Q)SAR Models

The following Section introduces new functionality of CheS-Mapper 2.0 for
(Q)SAR information analysis and visual validation. Next, we describe how the tool
can be used to visually validate (Q)SAR models in Section In the subsequent
Section 5.3} we present actual use cases and how the new features of CheS-Mapper
2.0 were employed to achieve the goals of the use cases. An overview of the new fea-
tures of CheS-Mapper 2.0, the use cases, and the connection among them is shown

in Table

5.2.1 New Features for Visual Validation

New functionalities have been added to CheS-Mapper 2.0 for (Q)SAR information
analysis and visual validation. A novelty is that the compound list (at the left-hand
side of the viewer in Figures[5.2Jand is completed with feature values of the cur-
rently selected feature for each compound and sorted according to this value. This
extension (referred to as (a) in Table facilitates the identification of compounds
with the highest or lowest features values. Moreover, we added the option to high-
light two features at once by adding a second, flattened spheroid (Figure 5.1)). This
novel functionality (see Table[5.1| (b)) can be used to directly compare the values of
two features.

5.2.1.1 Measuring Embedding Quality and Embedding Stress

It is not always possible to compress the feature space without loss of informa-
tion. This is especially the case if many diverse and/or uncorrelated features are
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Table 5.1: Overview of new features and their application to a variety of use cases. The

features are described in more detail in Section [5.2.1} We illustrate the application of the

new features in Section
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a very low logD value (logD is the top feature in the feature list on the right-hand side).
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Figure 5.3: Cluster 3 of the COX-2 dataset is selected. Only compounds of the selected
cluster 3 are visible. At the top left-hand side, cluster and compound list can be used to
select another cluster or a compound within the active cluster. The feature list of cluster 3
at the top right-hand side is sorted according to specificity. The structural feature NC(C)N
is very specific, as it matches mostly compounds within this cluster (as indicated by the bar
chart). The fragment is highlighted in each compound structure with orange color.

87



88

VISUAL VALIDATION

selected by the user. CheS-Mapper 2.0 computes a global embedding quality mea-
sure that describes how well the feature values are reflected by the 3D positions
of the compounds (see Table (c)). A standard stress function [125] has the dis-
advantage that it cannot be used to compare the embedding of different datasets:
it is commonly defined as the sum of squares between the pairwise distances in
the high-dimensional representation (feature values) and the low-dimensional rep-
resentation (3D positions). Instead, CheS-Mapper computes the Pearson’s product-
moment correlation coefficient between the distance pairs. The distances based on
the feature values are computed using the (dis-)similarity measure of the selected
embedding algorithm. The 3D distance values are computed using the Euclidean
distance, resembling the human user’s perception of distances between compounds
in 3D space. The embedding quality ranges from 1 (perfect correlation) to 0 (no cor-
relation) to -1 (negative correlation). A warning is given to the user if the correlation
is below 0.6, corresponding to moderate or weak embedding quality [191].

In some use cases, the overall embedding is good, apart from some outlier com-
pounds that might have largely differing feature values. Therefore, CheS-Mapper
provides the embedding stress for each compound. We define embedding stress as
1—Pearson’s correlation coefficient between the distance pairs of the corresponding
compound to all other compounds in the dataset. Accordingly, compounds with a
value close to 0 have low embedding stress, whereas a value close to 1 corresponds
to high stress.

The global embedding quality is presented to the user at the top right-hand side
of the viewer (see Figure .8). The embedding stress can be highlighted with the
drop down menu coloring compounds with low embedding stress in blue, while
compounds with high embedding stress are colored in red.

CheS-Mapper can also compute and highlight the distance from all compounds
in the dataset to a particular compound, based on the features and distance measure
that were used for the 3D embedding. When a good 3D embedding is feasible, this
distance mirrors the proximity between compounds in 3D space. However, if the
3D embedding is poor, or a particular compound has a high embedding stress, this
function allows to determine the nearest neighbors for a particular compound.

5.2.1.2 Determination of Common Properties of Compounds

When exploring a clustered dataset with CheS-Mapper, a common task is to identify
the reasoning of why compounds are assigned to the same cluster. Similarly, the
user might want to determine why two particular compounds are located close to
each other in 3D space. In both cases, the user is looking for common properties
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of groups of compounds that separate these instances from the remainder of the
dataset.

This kind of information is dynamically provided by CheS-Mapper 2.0 (see Ta-
ble (d)), even for large datasets with numerous features: the feature list (on the
right-hand side of the viewer) is sorted depending on the currently selected cluster
or the currently selected compound/s. In more detail, the list is sorted in descend-
ing order according to the specificity of the feature values of the selected elements.
Hence, the most important features that distinguish the selected compounds from
the remaining dataset can be found at the top of the list. Examples are given in Fig-
ure and Figure The specificity of features is computed by comparing the
feature values of the selected elements to the feature values of the entire dataset. To
this end, statistical tests are applied and the features are sorted in ascending order
according to the p-value: low p-values indicate that the tested distributions differ
from each other and high p-values indicate similar distributions. A x?-test is exer-
cised for nominal feature values [192]. For numeric features, we employ one-way
analysis of variance (ANOVA) [192]]. When comparing the numeric feature value of
a single compound to the overall feature values distribution, the ANOVA test is not
applicable. We do therefore apply the x2-test on binned numerical data to compute
the p-value for numeric features of single Compoundﬂ

5.2.1.3 Analysis of Activity Space and Activity Cliffs

CheS-Mapper can be employed for various purposes, including the analysis of
datasets without endpoint activity information. However, the typical use cases
are the analysis of (Q)SAR information and of the activity landscape of a small
molecule dataset. Commonly, activity landscapes depict activity values in two fea-
ture dimensions. As CheS-Mapper provides an additional third dimension (3D
space), the term activity space is more appropriate. Inspecting the activity space
of a dataset with CheS-Mapper requires that the endpoint values are stored in the
dataset, but not employed for 3D embedding. Highlighting the endpoint feature in
the CheS-Mapper viewer presents the activity space, as shown in Figure The
user can detect activity cliffs by locating compounds that stand out in the color cod-
ing, when compared to neighboring compounds in nearby 3D space. This indicates
that these compounds have differing endpoint values, yet similar feature values.

The Apache Commons Mathematics Library is employed for statistical testing (http://commons,
apache.org/math). To test the specificity of numeric features of single compounds, equal-width bin-
ning is applied with initially 20 bins. Hence, the numeric data is divided into categories using 20
intervals of equal width. If intervals without any compounds exist, the number of intervals is de-
creased by one and the binning method is reapplied. To produce a compact data representation, this
process is iteratively repeated until no empty bins exist.

89


http://commons.apache.org/math
http://commons.apache.org/math

90

VISUAL VALIDATION

Linear Regression
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CheS-Mapper
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Figure 5.4: A simple KNIME workflow including the CheS-Mapper visualization node.
CheS-Mapper is employed to visually inspect the modeled activity of linear regression,
based on properties that are stored in a SD-File.

Additionally, CheS-Mapper provides a new functionality to automatically reveal
activity cliffs by computing the Structure-Activity Landscape Index (SALI) (see Ta-
ble 5.1| (e)). The SALI value is computed of pairs of compounds and a high SALI
value indicates that a pair resembles an activity Clifﬁlﬂ [141]. We transform the SALI
value matrix to a feature (with a single value for each compound) by calculating
the mean SALI values for each compound. Additionally, CheS-Mapper provides
the standard deviation and maximum pairwise SALI values. Hence, compounds
forming activity cliffs can be determined and inspected. Activity cliffs can further
be studied by investigating common properties of a particular compound and its
neighboring compounds. For instance, the user might detect that the features that
have been selected for embedding cause an activity cliff, as some active and inactive
compounds cannot be distinguished [193]].

5.2.1.4 CheS-Mapper Extension for KNIME

We have included CheS-Mapper into KNIME (Konstanz Information Miner),
a graphical framework for data analysis [152] (see Table (f)). The frame-
work has various extensions for cheminformatics and machine learning, and
can therefore be employed for (Q)SAR modeling. The CheS-Mapper node
for KNIME is a pure visualization node that envisions data which has
been arbitrarily processed within KNIME (see http://tech.knime.org/book/
ches-mapper-node-for-knime-trusted-extension). A simple example for using
CheS-Mapper within KNIME is shown in Figure In this case, CheS-Mapper
is applied for analyzing prediction results of a regression model (follow the link
above to find a detailed description of this workflow).

The Structure-Activity Landscape Index (SALI) is high for compound pairs ¢ and c; that have dis-
similar activity values A1 and A; but are structurally similar (sim(cq,c;) is close to 1):
SALIC] ,C2 — (A] - AZ)/(] - Sim(C] ’ CZ)]
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5.2.1.5 Store Configuration for Chemical Space Mapping

A novel functionality in CheS-Mapper is that the current mapping settings, which
are configured in the wizard, can be stored to a file and shared with others. This
is especially helpful when exploring the same dataset in a team, as it preserves
different useful configurations like e.g. the selected features, clustering, and 3D em-
bedding settings. The configuration includes the random seed for randomized ap-
proaches (like e.g., k-means clustering), to ensure that the mapping settings always
produce the same mapping result.

5.2.2 Visually Validating (Q)SAR Models in CheS-Mapper 2.0

Visual validation describes the graphical inspection of (Q)SAR model validation.
Initially, a (Q)SAR model is built and validated on a compound dataset. The dataset
is then visualized with CheS-Mapper, using the same features for embedding that
were used to validate the (Q)SAR model. Additionally, the endpoint values and
the prediction results of the model are employed within the visualization. Conse-
quently, CheS-Mapper allows the inspection of actual and predicted activity in the
teature space. The visual validation approach can be re-iterated to take possible
insights from the visualization steps into account for model re-building. However,
re-iteration should be handled with care to prevent model overfitting or chance
correlation (as discussed below).

In general, the proposed method can be performed with an arbitrary validation
scheme, like e.g. test set validation or repeated k-fold cross-validation. The pre-
dicted endpoint can be qualitative or quantitative (i.e. classification and regression
models can both be analyzed).

5.2.2.1 Mapping the Feature Space of the (Q)SAR Model

When performing visual validation with CheS-Mapper the dataset is mapped into
3D space based on the same features as employed by the (Q)SAR modeling. Hence,
when exploring the embedded dataset with CheS-Mapper, the user is provided
an intuitive view on the feature space that is employed as input for the (Q)SAR
approach. Depending on the model, it is likely that similar compounds are pre-
dicted with similar activity values. For example, when performing classification,
compounds will be assigned the same class value if they are on the same side of the
decision boundary.
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5.2.2.2 Comparing Actual and Predicted Activity

The main idea of visual validation is that the user is able to simultaneously com-
pare the experimental and predicted endpoint values in the feature space. These
values can be highlighted in CheS-Mapper, by coloring the compounds according
to their actual or predicted activity value. Moreover, the application can highlight
both activity values at the same time (see Figure . Hence, the user is able to iden-
tify compounds that have been misclassified by the (Q)SAR model and investigate
possible reasons. A model might under-fit the target concept which results in an
overly smooth predicted activity space, or if classification is applied, in large areas
of compounds with the same predicted class. In contrast, the (Q)SAR model might
be too complex and overfit the data. Furthermore, the model could fail in predict-
ing compounds that form activity cliffs. As described above, activity cliffs can be
detected and investigated with CheS-Mapper. A possible solution for misclassified
compounds that form activity cliffs might be to add additional features that aid in
distinguishing active and inactive compounds.

Directly highlighting the prediction error (instead of individually selecting pre-
dicted and actual endpoint values) allows the selection of groups of misclassified
compounds with CheS-Mapper. Therefore, the user can detect common properties
of these compounds and investigate possible weaknesses of a model. When per-
forming classification, the probability (or confidence) of a classifier for each predic-
tion is a useful extension for the visualization of decision boundaries. These are
areas in feature space where the compound predictions change from one class to
another (e.g. from active to inactive). As some (Q)SAR models do not provide prob-
ability estimates, repeated validation can overcome this limitation, as described in
the next section.

5.2.2.3 Visually Validating Repetitive Validation Approaches

Arbitrary (Q)SAR modeling software can be employed for visual validation. Mod-
eling and validation results have to be stored in the CheS-Mapper input dataset file
(e.g. SD-File or CSV-File), in addition to the model input features and actual end-
point values. In more detail, the following validation results should be available for

each predicted compound:
¢ Predicted endpoint value (class or numeric regression value)

¢ The prediction error (difference between actual and predicted endpoint value,

optionally the squared-error for regression)

* A probability or confidence measure (if available)
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¢ The applicability domain value (inside/outside or continuous, if available)

As mentioned above, our presented visual validation approach can be employed
using any arbitrary validation technique. Depending on the selected validation ap-
proach, compounds can even be predicted multiple times. When applying a sin-
gle training test set split, test set compounds will be predicted only once. A k-fold
cross-validation yields a prediction for every compound in the dataset. When using
a repetitive sampling scheme, like bootstrapping or a n-times repeated k-fold cross-
validation, compounds are predicted multiple times by (Q)SAR models trained on
different subsets of the data. As mentioned previously (Section|2.3), a repetitive val-
idation approach should be preferred for small datasets to avoid overfitting (caused
by e.g., “parameter fiddling”). In particular, visual validation should not be used
to maximize the prediction accuracy on a single test set, as this would most likely
not improve the predictivity of the (Q)SAR model. For visual validation, each rep-
etition (or run of the validation approach) could be inspected separately, but it is
more reliable to inspect the aggregated result. Consequently, multiple predictions
for each compound should be combined as follows:

¢ For numeric predictions, the mean predicted value is preferable. When per-
forming binary classification, the prediction can be transformed to continuous
values between 0 and 1 (this is e.g. the ratio how often a class was predicted as
active). For classification with multiple classes, the majority class prediction

or an inconclusive value could be used.

* The prediction error can be averaged with standard techniques, like accuracy

for classification and root-mean-squared-error for regression.
¢ The mean of the probability or confidence is adequate.

¢ The applicability domain value should be transformed to a continuous 0-1
value, corresponding to the ratio of how often the compound was inside the

applicability domain.

5.2.2.4 Limitations

As already stated before, the exact reasoning behind predictions is hard to com-
prehend for humans in many (Q)SAR modeling approaches. A prediction algo-
rithm whose predictions can be easily understood with CheS-Mapper is a k-Nearest
Neighbor algorithm, as illustrated in Figure Nevertheless, even if predictions
are not comprehensible to researchers, inspecting and comparing actual and pre-
dicted activity values can provide valuable information (as discussed above).
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Another limitation of our approach is that it relies on a good mapping of the
data into 3D space. Often, CheS-Mapper can achieve high embedding quality as
it employs a third dimension (compared to standard 2D mapping approaches)
and provides various embedding algorithms with configurable distance measures.
However, dimensionality reduction without loss of information is not always fea-
sible, especially on large and diverse datasets and when applying non-redundant
and uncorrelated descriptors (which is preferable for (Q)SAR modeling). In these
cases, CheS-Mapper yields an oversimplified and compressed view of the feature
space and the spatial distance does not resemble the descriptor-based similarity
for all compounds. As described above, CheS-Mapper allows detecting poorly em-
bedded compounds by computing and highlighting embedding stress. Moreover,
the descriptor-based distance to a dedicated compound can be calculated to detect
neighboring compounds. An additional functionality that helps to overcome this
limitation is the computation of activity cliffs, which is not dependent on the em-
bedding.

5.3 Use Cases

We employ visual validation with CheS-Mapper to analyze real-world datasets that
include experimentally derived activity endpoints. Table 5.1| provides an overview
of the subsequent use cases. We show how researchers can employ the new func-
tionalities to investigate the correlation between feature values and activity val-
ues. Furthermore, we explore (Q)SAR model prediction and validation results with
CheS-Mapper, and inspect different applicability domain approaches that exclude
different compounds from a dataset.

5.3.1 Comparing (Q)SAR Models for Caco-2 Permeation

We applied CheS-Mapper to visualize and verify work on the correlation of Caco-2
permeation with simple molecular properties in Section[4.3.1] We will now demon-
strate CheS-Mapper 2.0 functionalities, and subsequently compare two (Q)SAR
modeling approaches applied to this data.

As noted before, when highlighting logD, we observe that compounds with sim-
ilar logD values are close to each other, as this feature was used for embedding (see
Figure . In fact, the dataset is almost perfectly embedded into 3D space using
principal components analysis (Pearson : 0.99). This is due to the fact that the num-
ber of dimensions has to be reduced only by one: from 4 molecular descriptors to a
3 dimensional space. Additionally, inter-correlation of feature values simplifies the
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Figure 5.5: Highlighting activity cliffs within the Caco-2 permeability dataset. The mean
SALI values are computed and highlighted. The compound pirenzepine is selected. It is
the compound with the highest mean SALI value, as indicated in the histogram (at the
bottom right-hand side) and in the compound list on the left-hand side (pirenzepine is at
the bottom of the sorted compound list). Alternatively, the feature with the maximum SALI
value or the standard deviation can be selected: pirenzepine has the highest maximum
SALI value in the dataset (4.01) and the second highest standard deviation (0.8).
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dimensionality reduction (e.g. most compounds with high feature values of high
charged polar surface area (HCPSA) have a low logD value). Even though the end-
point was not used for embedding, compounds that are close to each other tend to
have a similar endpoint value as exemplified in Figure i.e. the activity space
(or landscape) is smooth. In our previous assessment, we were also able to visually
detect the compound pirenzepine (selected in Figure the viewer has zoomed
in on this compound in Figure [4.10). It attracted our attention in CheS-Mapper, as
it has a relatively low endpoint value (and is therefore colored in blue), but is spa-
tially close to compounds with high endpoint values (colored in red). Hence, it is
part of an activity cliff as its endpoint value differs from compounds with similar
feature values. A new function of CheS-Mapper is to automatically locate activity
cliffs. Therefore, compounds can be sorted and highlighted according to their pair-
wise SALI values. For this dataset, pirenzepine stands out as the compound with the
highest mean and second highest standard deviation (see Figure[5.5).

We use two different (Q)SAR approaches to model Caco-2 permeability. Instead
of adopting the training test split that was used in the original article [185], we ap-
ply a leave-one-out cross-validation procedure to compare support vector regres-
sion and simple linear regression. The visual validation workflow is implemented
with the CheS-Mapper extension for KNIME [152] and is described in Section
of the appendix. The visual validation with CheS-Mapper shows, as expected, that
pirenzepine has the highest prediction error in simple linear regression and the sec-
ond highest prediction error in support vector regression. According to statistical
validation with KNIME, the R? value of support vector regression is 0.54, simple
linear regression attains a value of 0.51. We investigate the reason for the predic-
tivity difference with CheS-Mapper. We highlight the prediction error difference
for each compound to determine which compounds are predicted more accurately
by which approach (see Figure [5.2). The distribution of the prediction error differ-
ence is depicted as histogram in the figure: it indicates that the overall less accu-
rate result of simple linear regression is mainly due to the prediction of two com-
pounds. Using CheS-Mapper, we can easily determine common properties of these
two compounds (pnu200603 and olsalazine): the two compounds have the lowest
logD feature values in the dataset. Consulting the original publication confirms the
assumption that the logD value causes the high prediction error in linear regres-
sion. logD is treated differently from the other three input features, as the function
to predict the endpoint value includes a cutoff for high and low logD Valuesﬂ This

The formula to predict the caco2 endpoint (from [185]):
logPesr = —4.358 +0.317 x min(max(—1.8,1logD), 2.0) — 0.00558 x HCPSA — 0.179 x gy + 1.074 x

f'rotb
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cannot be modeled by simple linear regression, and causes the inferior predictivity
compared to support vector regression.

Finally, this use case demonstrates shortcomings of external test set validation
compared to cross-validation. We have shown in Chapter 3| that not using the com-
plete data for building the final (Q)SAR model, which is used to predict unseen
compounds, will yield a less predictive model. This is especially the case if all com-
pounds of an entire region of the dataset are removed from the model building set
and split away into the test set. There is no information given on how the test set
split was performed in the original article, however, the test set includes 5 neighbor-
ing compounds (see Figure 5.6). Accordingly, each of the 5 compounds is predicted
with a higher error by a support vector model built on the training data (mean error
0.86) compared to the leave-one-out approach (mean error 0.58). This indicates that
the final model of external test set validation has a lower predictivity for similar
unseen compounds and/or has a smaller applicability domain.

5.3.2 Structural Clustering of COX-2 Data

We apply CheS-Mapper to structurally cluster and embed a dataset using MACCS
keys [50], and investigate if these structural fragments are suitable to model the
inhibitory potential of the dataset compounds. The dataset contains 467 COX-2 in-
hibitors [187,/194], that have been tested for the selective inhibition of the human
enzyme Cyclooxygenase-2 (COX-2). The experimentally derived activity of each
compound is stored in the dataset as ICs5¢ value (half maximal inhibitory concen-
tration). The inhibitors are structurally very similar, as they have to fit the active
site of the COX-2 enzyme. We apply visual validation using MACCS keys, as a
recent attempt to model the dataset with these features failed [48]. As proposed
in previous work [187,194], we transform the numeric endpoint to a binary nom-
inal endpoint. Equal-frequency discretization yields 234 active compounds with
IC50 < 0.12uMol. A random forest classifier based on the structural fragments
achieves 0.75 accuracy, validated with a 10-times repeated 10-fold cross-validation.
To compute the structural fragments, CheS-Mapper matches the 166 SMARTS frag-
ments of the MACCS list with the dataset compounds. This generates 97 nominal
features with a minimum frequency of 10.

For visual validation, we employ the features as input for hierarchical cluster-
ing using the dynamic tree cut method that is included in CheS-Mapper to auto-
matically compute the number of clusters [181]. Sammon’s non-linear mapping is
used for 3D-embedding [128]. We employ the Tanimoto similarity measure for the
clustering and embedding techniques. Finally, we enable 3D alignment according

97



98

VISUAL VALIDATION

Cluster Cluster 3
Cluster 1 (#90) Num compo... 98
Cluster 2 (#110) MCS 0=5(=0
Cluster 3 (#98) =3(=0)(...
Cluster 4 (#40)
Cluster 5 (#51) Features [¥]
Cluster 6 (#39) Family 71% 'B.1', ...
Cluster 7 (#39)
NC(C)N 98x 'match'
NAN 98x% 'match'
. NAAN 98x 'match'
[1Superimpose mate
CN(C)C 98x% 'match'
QN 96X 'no-m...
CSN 98x% 'no-m...
NS 98x 'no-m...
QQH 98x 'no-m...
NAO 96x% 'no-m...
NH2 96% 'no-m...
N>1 98x 'match’
NH 93% 'no-m...
Nnot%A%A  98% 'match’
g ASAIN 98x 'match'
AINSA 98x% 'match'
D—J— ® Wireframe © Balls & Sticks © Dots AN(A)A 98x 'match’

Feature: \Cluster

&

Figure 5.7: The COX-2 dataset is clustered into 7 clusters. The compounds are highlighted
according to their cluster assignment. Cluster 3 is selected (as indicated by the box), and
the a summary of feature values is shown on the right-hand side. Spheres are employed for
highlighting (instead of changing the color of the structure).
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Figure 5.8: Highlighting ICs5, values within the COX-2 dataset. The endpoint value of the
COX-2 dataset is selected, showing the activity space (or landscape). A new function of
CheS-Mapper has been used to modify the highlighting colors, using red for active com-
pounds with low feature values and applying a log-transformation. Compounds with high
feature values are located predominantly on the right-hand side. The selected cluster 7 in-
cludes many active compounds.
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to the maximum common subgraph (MCS). The mapping result is shown in Fig-
ure [5.7|and divides the dataset into 7 clusters of different sizes (ranging from 39
to 110 compounds). Moreover, CheS-Mapper gives a warning to the user that 467
compounds have been mapped to only 333 distinct positions in 3D space due to
identical feature values of numerous compounds. Hence, several of the structurally
similar compounds cannot be distinguished with the 97 fragments matched by the
SMARTS list (as discussed in detail below). Even though the dimensionality reduc-
tion cannot be achieved without loss of information, the distance in the 3D-space
resembles the Tanimoto distance well for most compound pairs (Pearson : 0.89).
Highlighting the target endpoint (see Figure shows that clustering and embed-
ding apparently separate active and inactive compounds. Compounds with low
IC50 values are mostly on the right-hand side (drawn in red), and compounds with
high values (green) mostly on the left-hand side. Similarly, the endpoint values of
the clusters do largely differ from each other: as an example, 34 of 39 compounds
in cluster 7 are categorized as active. Accordingly, cluster 7 has a much lower mean
ICs50 value compared to other clusters (see cluster list on the left-hand side of Fig-
ure[5.8).

When investigating the clustering result, the user is usually interested in the most
specific features that define a cluster. As the features are sorted according to speci-
ticity, CheS-Mapper makes this information easily accessible. As an example, the
most specific structural feature for cluster 3, that comprises 98 predominantly in-
active compounds, is the SMARTS fragment NC(C)N. It matches each compound
of this cluster. In contrast, most of compounds in the dataset (328 of 467) do not
contain this fragment. This can be seen in (the chart of) Figure where the view
has zoomed in on cluster 3, and the corresponding feature was selected. Further-
more, we applied 3D alignment using the maximum common subgraph. As this
dataset consists of structurally very similar compounds, large common fragments
have been found. Cluster 3 shares the fragment O=S(=0)(cIccc(cc1)n2ccnc2(cc))C,
that is highlighted orange in Figure The superimposition simplifies the struc-
tural comparison of clusters within the dataset.

When computing activity cliffs for this dataset, CheS-Mapper reveals that 95 com-
pounds share equal feature values with another compound in the dataset that has
the opposite nominal endpoint value. Consequently, many of these compounds are
misclassified by the (Q)SAR approach. For instance, these compounds account for
the majority of compounds that are misclassified in every single repetition of the
cross-validation (34 of 51 compounds). We conclude that the fragments based on
the MACCS keys do provide valuable (Q)SAR information, but cannot distinguish
numerous active and inactive compounds. This probably caused the bad modeling
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Figure 5.9: Superimposition of compounds that are aligned in 3D space. Cluster 3 of the
COX-2 dataset has been 3D aligned according to the maximum common subgraph (MCS). In
this screen-shot, the compounds are superimposed to compare the compound structures.
The MCS feature is selected and therefore highlighted in orange. The depiction setting for
compounds is Balls & Sticks.

performance in the work cited above [48]. Including additional fragments could aid
to improve the (Q)SAR model.

5.3.3 Investigating Input Features for Carcinogenicity Models

We visually validate the effect of exchanging the descriptors used by a (Q)SAR algo-
rithm. To this end, we select a subset of the Carcinogenic Potency Database (CPDB)
for various species. The database contains 86 compounds that have an ac-
tivity value for hamster carcinogenicity assigned (active or inactive). We compute
two different sets of features for these compounds with CheS-Mapper: 308 physico-
chemical (PC) descriptors using CDK and Open Babel, and 287 structural frag-
ments. The structural features have been calculated by matching the compounds
with three predefined SMARTS lists included in Open Babel. We choose the ran-
dom forest implementation from the WEKA workbench as classification algorithm
and compare two different approaches: (Q)SAR-1 is built using only the physico-
chemical descriptors, while (Q)SAR-2 exploits a combination of both feature sets.
We apply a 5-times repeated 10-fold cross-validation to validate both variants.
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(Q)SAR-2 achieved a classification accuracy of 75%, and significantly outperformed
(Q)SAR-1 that had a classification accuracy of only 67%. Apparently, using both fea-
ture types allows to build a more predictive model.

As CheS-Mapper’s 3D embedding is based on the features, we start the program
twice to (simultaneously) compare two different embeddings. When highlighting
the actual endpoint value, we note that the compounds are roughly separated ac-
cording to their class value. The separation (and thus the decision boundary) is less
distinctive when using only PC features (Figure compared to adding struc-
tural fragments (Figure . This indicates that it is easier for (Q)SAR-2 to predict
the endpoint, than for the (Q)SAR-1 approach. Comparing the misclassifications of
both approaches, we detect two compounds that have always been correctly classi-
fied by (Q)SAR-2, but not by (Q)SAR-1.

The inactive compound Isonicotinic acid (DSSTox-RID 20757) is selected in Fig-
ure (marked with a label and drawn as 2D picture at the top right-hand side).
In the embedding based on both feature types it is located in entirely inactive space.
It is correctly classified by (Q)SAR-2 in 5 of 5 repetitions of the cross-validation. In
contrast, this compound was misclassified as active 2 out of 5 times by (Q)SAR-1.
As previously described, the feature list at the top right-hand side is sorted accord-
ing to specificity. Hence, carboxylic acid is the structural feature that distinguishes
this compound the most from the remaining dataset compounds. With the help of
CheS-Mapper, we detect that this compound is one of 6 compounds in the dataset
that have at least one carboxyl group. All 6 carboxylic acids are inactive for this
endpoint, which indicates why this compound is classified correctly when taking
structural fragments into account. Moreover, we can select the nearest neighbors of
the compound and inspect what they have in common. The 5 nearest neighbors are
inactive, and moreover, the compound Isonicotinic acid and its 4 nearest neighbors
are all vinylogous esters. The corresponding SMARTS fragment for vinylogous es-
ters is matched by 12 compounds in the dataset, 10 of them are being inactive.

The mixture 1,2-Dimethylhydrazine, 2HCI (DSSTox-RID 20517, selected in Fig-
ure has the endpoint value active. It is always correctly classified by (Q)SAR-2,
but misclassified 3 out of 5 times without structural fragments as features. Again,
we gain insights when inspecting the most meaningful features for this compound
separately, and for the compound including its neighbors. In fact, the compound,
and its 3 nearest neighbors, belong to a group of 6 compounds that contain the frag-
ment hydrazine (two connected aliphatic Nitrogen atoms). 5 of these 6 compounds
have an active endpoint value in this dataset.
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5.3.4 Analyzing Applicability Domains for Fish Toxicity Prediction

As final visual validation use case, we examine different applicability domain (AD)
approaches. The use of ADs is a necessity due to the vast size of chemical space and
to assure that a (Q)SAR model only interpolates, but does not extrapolate. We have
introduced various AD methods in Section[2.2.4Jabove. AD models can be regarded
as prediction algorithms, statistical models that predict whether a compound is
inside or outside of the model domain. Similar to statistical (Q)SAR models, single
predictions may be hard to reproduce.

As example, we select a fish toxicity dataset (Fathead Minnow Acute Toxicity) [1],
published by the US EPA. The endpoint is highly correlated to physico-chemical
(PC) descriptors. We have used five physico-chemical descriptors as a basis for
the AD computation: molecular weight, number of bonds, octanol/water parti-
tion coefficient (logP), topological polar surface area (TPSA), and molar refractivity.
Figure shows three different AD methods applied to this dataset. The com-
pound embedding is the same for all methods, and was performed with Sammon’s
mapping using default settings. The embedding quality is excellent (Pearson : 1),
i.e. the distance between two compounds in 3D-space perfectly resembles the Eu-
clidean distance between compound feature values. CheS-Mapper reveals that the
PC feature values are correlated in this dataset, especially the values of molecular
weight, number of bonds and molar refractivity (compounds on the left-hand side
of the figures have low values, compounds on the right-hand side have high feature
values).

Without going into detail regarding the functionality of the AD methods, we de-
scribe some characteristics and (dis-)advantages of the AD approaches that can be
investigated using CheS-Mapper. The distance-based approach using the Euclidean
distance to the centroid is shown in Figure if compounds differ too much
from the centroid compound (a virtual compound with mean feature values), they are
excluded from the AD. As for most AD methods, the user has to set the threshold
manually (we have selected 3 times the mean distance to the centroid). One disad-
vantage of this approach is that outliers with extreme values for a single feature are
often not excluded when features are correlated. This is circumvented by the lever-
age approach [195]. This is a centroid distance based approach as well, but neglects
inter-correlation of feature values (by computing the distance using the diagonal
elements of the hat matrix). As a result, the marked compound at the top center of
the embedding (2,4,6-Triiodophenol) is excluded from the AD with the leverage ap-
proach (see Figure[5.12b), but not with the Euclidean distance centroid approach. It
is the second heaviest compound in the dataset and therefore an outlier, but it has
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(c) k-NN distance-based method using the Euclidean distance

Figure 5.12: Three applicability domain (AD) approaches applied to the Fathead Minnow
Acute Toxicity, based on five physico-chemical descriptors. Compounds that are inside the
AD are highlighted in red, compounds that are outside the AD are colored blue.
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moderate number of bonds and moderate molar refractivity. Both centroid distance
based approaches have the disadvantage that in diverse datasets not only individ-
ual separate outliers are removed, but also groups of outlying, similar compounds
(see bottom right-hand area in the figures). The k-nearest neighbor (k-NN) distance
based AD approach (Figure overcomes this disadvantage: compounds are
only excluded from the AD if the distance to k nearest neighbors is too high (we set
k to 3, and the mean distance has to be < 3 times the mean k-NN distance).

Which of the three approaches is more suitable for this dataset depends on the
applied (Q)SAR model. Therefore, CheS-Mapper helps to understand AD methods
and allows inspecting compounds that are excluded from the dataset.

5.4 Conclusions

In this chapter, we presented how visual validation can be performed with CheS-
Mapper 2.0, an improved and updated version of our 3D viewer for small molecule
datasets. In particular, CheS-Mapper now allows to analyze activity cliffs, to detect
common properties of subgroups of compounds within the dataset, and to calculate
the 3D embedding quality.

In our work, visual validation is understood as the graphical analysis of (Q)SAR
model validation results. Therefore, the predicted dataset is embedded into 3D
space, based on the same features that have been employed for (Q)SAR modeling.
The highlighting functionality of CheS-Mapper allows to compare the predictions
to the actual activity values within the feature space. The user can in particular
inspect how the model predicted compounds that form activity cliffs. Visual vali-
dation can aid the (Q)SAR model developer to select appropriate features, to de-
tect possible inconsistencies within the data, and to investigate strengths and weak-
nesses of the employed (Q)SAR approach. Re-iterating (Q)SAR modeling, statistical
validation and visualization can improve the model predictivity and supports the
researcher in mechanistically interpreting model predictions, which is an important
requirement for the acceptance of (Q)SAR models as alternative testing method.
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6 Conclusions

In this thesis, we presented work on visualization and validation of (Q)SAR in-
formation and (Q)SAR models. The final chapter summarizes the results, outlines
how the dedicated parts of this thesis complement one another, and discusses fu-

ture work.

6.1 Summary

We presented our large-scale experimental study to compare cross-validation and
external test set validation in Chapter 3| The goal of comparing the two validation
methods was to determine which method yields better models and which method
provides better predictivity estimates for the validated (Q)SAR modeling approach.
Hence, we compared the validation result to the actual performance on a large refer-
ence dataset. The results indicate that external test set validation produces weaker
models due to sacrificing model building data for creating an external test set. More-
over, the predictivity estimate of cross-validation is less variable compared to exter-
nal test set validation.

In the subsequent Chapter 4} we presented CheS-Mapper, a 3D viewer for small
molecule datasets. CheS-Mapper is a freely available, open-source application that
can be applied to investigate datasets with chemical compounds in virtual 3D space.
It can load pre-computed features as well as compute physico-chemical or struc-
tural features. Subsequently, the dataset compounds are embedded into 3D space,
such that compounds with similar feature values are located close to each other.
Moreover, CheS-Mapper supports clustering, 3D alignment of compounds, and has
various dedicated highlighting functions to show and analyze compound feature
values.

Finally, we have described how the enhanced version CheS-Mapper 2.0 can be
employed for visual validation in Chapter 5 In our work, visual validation denotes
the graphical inspection of (Q)SAR modeling results by a human expert. CheS-
Mapper can be applied to analyze the (Q)SAR information provided in the dataset
by selecting physico-chemical or structural features for 3D-embedding, and subse-
quently highlight the actual endpoint activity of compounds within 3D space. The
activity value of a particular compound can then be compared to the prediction
of the (Q)SAR modeling approach. To support this analysis, we have extended the
functionalities of CheS-Mapper, e.g. to compute activity cliffs.
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6.2 Application to (Q)SAR Modeling

Statistical validation and graphical visualization are rather contrary approaches.
Nevertheless, the different parts of this thesis are closely connected, as they are
essential and complementary building blocks within the model building process.

Inspecting and cleaning the data (data curation) is frequently recommended as
the first step within (Q)SAR modeling. This includes the inspection of compound
structures and examination of endpoint values for potential measurement errors.
If the selected features depend on the 3D structure of a compound, the computed
3D structure should be examined, as well as the calculated descriptor values. CheS-
Mapper is well-suited for this task, as it can not only be used for inspecting the data,
but also for feature computation and exporting.

Statistical validation is essential to select the best algorithm and feature set
for (Q)SAR modeling. As outlined, it is still under discussion how to validate
(Q)SAR models correctly. Proper validation helps to create predictive models with
an accurately estimated predictivity estimate. Our results indicate to prefer cross-
validation to an external test set validation. With regard to visually analyzing the
model validation results, cross-validation has also the advantage of predicting each
compound in the dataset and thus provides more data for the visual analysis (com-
pared to external test set validation).

Visual validation supplements the statistical validation process by providing
further insights. It aids detecting strengths and weaknesses of the modeling ap-
proach, by inspecting common feature values of groups of correctly classified or
mis-classified compounds. Moreover, it indicates why some models perform better
than others and allows inspecting the prediction of compounds that form activity
cliffs. Insights from visual validation can be taken into account for a possible re-
iteration of the modeling process and thus can potentially improve the modeling
result.

6.3 Future Work

In the future, we consider adding model building functionalities to CheS-Mapper,
in order to build and visually validate (Q)SAR models directly within the soft-
ware. Currently, CheS-Mapper does not support (Q)SAR modeling. For the here
presented visual validation approach, external modeling software has to be applied
(e.g. with KNIME, as presented in Section [5.3.1). Predicting biological or chemi-
cal activities based on the selected features within the software is relatively easy
to implement, as the WEKA machine learning library is already included into the
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CheS-Mapper software. The main challenge of this extension is to integrate the vi-
sual validation workflow into the graphical user interface (GUI). The modeling and
validation functionality should be clear yet at the same time comprehensive, and
protect the user from pitfalls like over-fitting (through e.g. “parameter fiddling”)
or information leakage (see Section . Moreover, the derived model should be
applicable to unseen compounds and include the computation of applicability do-
mains.

Moreover, we plan to integrate unfolded Circular Fingerprints as structural frag-
ments (like e.g., ECFPs, see Section . These features haven been shown to be
well suited for (Q)SAR modeling, and could therefore yield good 3D embeddings
of compounds with respect to their activity endpoint information. The main chal-
lenges for this integration will be to intelligently reduce the number of fragments
and to highlight single fragments. The latter is demanding due to the fact that ECFP
fragments are presented by hash-codes where atom mappings for compounds have
to be calculated explicitly.

Additionally, a possible use case can be found in the field of biotransforma-
tion prediction. CheS-Mapper could be employed to refine biotransformation rules
by mining enzyme functional data. These rules encode compound transforma-
tions based on a substructure that acts as reaction center [196]. However, many
biontransformation rules are not very selective and lead to a combinatorial explo-
sion when predicting transformation pathways [197]]. The maximum common sub-
graph (MCS) computation within CheS-Mapper (see Section could be ex-
tended to include the rule reaction center (for groups of compounds that share the
same Enzyme Commission (EC) number). CheS-Mapper is very well suited to in-
spect the calculated fragments with respect to their biochemical interpretability. In
case no common fragments are found, the compound set can be split into homoge-

neous subgroups.
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A Supplementary Material

A1 A KNIME Workflow for Visually Validating LOO-CV

This section describes how KNIME is used to visually validate regression ap-
proaches for Caco-2 permeation (see Results section). We apply two different
(Q)SAR approaches to model the numeric endpoint. Instead of adopting the train-
ing test split that was used in the original article, we apply a leave-one-out cross-
validation procedure to compare support vector regression and simple linear re-
gression. The visual validation workflow is implemented with the CheS-Mapper
extension for KNIME. The corresponding workflow is shown in the figure below
and can be distinguished into 3 main steps:

READ DATASET The data is loaded into the system and data columns that are not
used for modeling are filtered.

PERFORM CROSS-VALIDATION Two identical cross-validations are performed.
The compared learning schemes are support vector machines (SMOreg) and
linear regression, both from KNIME’s WEKA extension, using default set-
tings. The node Numeric Scorer computes the statistical predictivity of both
models.

JOIN DATA FOR CHES-MAPPER Before transferring the data into the visualiza-
tion node, the modeling results are joined with each other and with the pre-
viously removed columns. Also, the prediction errors per compound, as well
as the difference between both errors are computed (using the Math Formula
nodes).
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Employing KNIME for cross-validation and visual validation of (Q)SARs.
This KNIME workflow employs CheS-Mapper to visually validate two regression
approaches (support vector regression and simple linear regression) that are

validated with leave-one-out cross-validation.
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