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Abstract

Molecular structure elucidation of organic molecules is a complex and challenging
activity that requires expertise and well-suited tools. To assign the molecular struc-
ture of a given compound, NMR spectroscopy and mass spectrometry are the most
widely used techniques. In practice, these methods are coupled to software tools
for helping in the elucidation task and library peak matching of existing reported
compounds. Nevertheless, for de novo molecular structure determination, or sim-
ply in case one wants to obtain a complementary aid, another kind of assistance is
required. The contributions of the present work consist of two different approaches
for helping in the elucidation task, depending on the analytical tool and the algo-
rithms employed. Firstly, taking into account that molecules found in nature can
be grouped into natural product (NP) classes because of structural similarities, we
explore the possibility of NP class prediction via *C NMR data and Machine Learn-
ing (ML) algorithms. Employing freely available 1*C NMR data of NPs, we trained
four classifiers for the prediction of eight common NP classes. The best perfor-
mance was obtained with the XGBoost classifier reaching fl-scores above 0.82. We
also performed experiments with different percentages of positive samples, that is,
samples belonging to the NP class to be predicted, including the glycoside presence.
Furthermore, we tested cases outside the data set, yielding performances above 80%
for most classes. For the chromans case, we restricted the test examples to the
coumarin subclass, and the prediction accuracy increased to 100%. The second ap-
proach relies on mass spectrometry data and is based on a neural architecture for
solving the molecular structure of an organic compound. This proposal consists of
an encoder-decoder scheme where an attention-based representation of the input
spectra acts as the encoder and a stacked LSTM acts as the decoder. Percentages
of correctly predicted structures, f1-scores for different functional groups, and Tani-
moto similarities, were used as indicators of model performance. On the test set, the
percentage of correct structures achieves a value of 50 %. The fl-scores for selected

functional groups result in above 0.8 and mean Tanimoto similarities for two types



of fingerprints result above 0.6.

Resumen

La elucidacién de moléculas orgénicas es una actividad compleja y desafiante que
requiere experiencia y herramientas adecuadas. Para asignar la estructura molec-
ular de un compuesto determinado, la espectroscopia de NMR y la espectrometria
de masas son las técnicas mas ampliamente utilizadas. Para ayudar a la tarea de
elucidacién en la practica, estos métodos estan acoplados a programas informaticos
y a la comparacién de los picos de espectros obtenidos con los de compuestos re-
portados en librerias espectrales. Sin embargo, para la determinacién de la estruc-
tura molecular de novo, o simplemente en caso de que se quiera obtener asistencia
complementaria, se requieren otro tipo de herramientas. Las contribuciones de la
presente tesis consisten en dos enfoques para ayudar en la tarea de elucidacién,
dependiendo de la herramienta analitica y los algoritmos empleados. En primer
lugar, teniendo en cuenta que debido a similitudes estructurales, las moléculas que
se encuentran en la naturaleza pueden agruparse en clases de productos naturales
(NP), exploramos la posibilidad de predecir la clase de NP presente a través de 3C
NMR y algoritmos de aprendizaje automéatico (ML). Empleando datos disponibles
libremente de C NMR de NP, entrenamos cuatro clasificadores para la prediccién
de ocho clases comunes de NP. El mejor rendimiento se obtuvo con el clasificador
XGBoost alcanzando puntuaciones f1 arriba de 0.82. También realizamos experi-
mentos con diferentes porcentajes de muestras positivas, muestras que pertenecen
a la clase a predecir, incluyendo la presencia de glicésidos. Ademads, probamos la
prediccién con casos fuera de los datos de entrenamiento, produciendo resultados
superiores al 80% de exactitud en la mayoria de las clases. Para el caso de los
cromanos, limitamos los ejemplos de prueba a la subclase cumarina, incrementando
la precisién de prediccién al 100%. El segundo enfoque se basa en los datos de la
espectrometria de masas y consiste en una arquitectura neuronal para resolver la es-

tructura molecular de compuestos organicos. Esta propuesta consiste en un esquema




neuronal de codificador-decodificador en el que la representacién de los espectros de
entrada basada en mecanismos de atencién actia como el codificador y un LSTM
apilado actua como el decodificador. Los porcentajes de estructuras correctamente
pronosticadas, puntuaciones fl para diferentes grupos funcionales y las similitudes
de Tanimoto se utilizaron como indicadores del desempeno del modelo. En el con-
junto de pruebas, el porcentaje de estructuras correctamente predichas alcanza un
valor del 50 %. Las puntuaciones f1 para los grupos funcionales seleccionados resul-
tan por encima de 0.8 y la media de las similitudes de Tanimoto para dos tipos de

huellas dactilares moleculares resultan superiores a 0.6.
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Chapter 1

Introduction

Synthesis and discovery of molecules in nature require expertise and sophisticated
tools to characterize their structure and properties. For elucidating the molecular
arrangement, key methodologies mainly consist of generating spectral data from
spectroscopy and spectrometry. The information obtained is then used by spectro-
scopists to find the most probable molecular structure. This is done basically in
two ways, the first one is via dereplication, that is, matching previously reported
molecules; and the second one, performing the unknown new molecules structural
determination.! For the latter case where de novo elucidation of the molecular mor-
phology is carried on, the main related complication is the challenging combinatorial
problem of the total number of possible arrangements, where the complexity in-
creases as the molecular size grows. As a consequence, most of the time, experience
and chemical intuition is not enough for the elucidation task and spectroscopists
have to rely on computational assistance tools. The use of algorithms for solv-
ing combinatorial problems appearing in the elucidation of molecules goes back to
the 60’s with the Dendral project.?® It is one of the first Artificial Intelligence
(AI) systems that is an example of a knowledge-based system, a kind of Al ap-
proach that incorporates intensive knowledge rules to systematically reason about
domain-specific problems.? For the particular case of the Dendral program, a set
of empirical rules from Mass Spectrometry (MS) analysis is included in the algo-

rithm in order to reduce the number of structural candidates that result from the



CHAPTER 1. INTRODUCTION

combinatorial explosion of possible isomers. After the Dendral development, several
computational expert systems have emerged with different methodologies.'®>® Most
of them include the use of spectral data from sources other than MS, such as Nuclear
Magnetic Resonance (NMR), Infrared Spectroscopy (IR) for finding the molecular
structure. Moreover, contemporary expert systems present a strong dependence on
databases for peak matching and also estimate spectra predictions to iteratively ob-
tain the most probable set of structures. Nowadays computational and algorithmic
resources are employed as a mandatory complement in the everyday spectroscopy
analysis. In fact, similar to the Dendral program, software assistance tools employed
now in practice are also considered Al-based systems in the sense that they sub-
stitute human expertise using logic rules in an autonomous fashion. However, it
is important to mention that those methodologies related to the knowledge-based
scheme originated in the 60’s differ from modern approaches that have appeared in
today’s Al renaissance. Last decade has experienced an explosive Al development
mainly linked to the Artificial Neural Networks (ANN) third wave emergence. The
so-called third wave in ANN corresponds, in part, to the increase in complexity of
AT learning models that yielded the Deep Learning (DL) term as a Machine Learn-
ing (ML) subfield, and to the increasing data and computational resources.®® DL
and ML are part of the learning paradigm in Al, that has been one of the first
attempts to provide machines a human-like capability in analogy with a gathering
of knowledge from experience. Most recent Al advances are based on ML and DL
establishing modern breakthroughs in problems like searching, planning, language
understanding, perception, and other AI subfields. Some of the mentioned mile-
stones to which the world has recently paid attention to are AlphaGo,! based on
Reinforcement Learning (RL) that masters the game of Go, the GPT-3 language
model!! that creates human-like simple essays, and the popular Generative Adver-
sarial Networks (GANs),!? generative models from which samples generation could
be compared with artistic creation. It is important to consider that, given their

state-of-the-art quality, some of the elements involved in the Al mentioned models




CHAPTER 1. INTRODUCTION

are usually employed in different application areas. For example, searching problems
are also highly related with the optimization of properties in diverse systems.'* One
of those important cases is the chemical space exploration that is performed mostly
with RL and generative models applied to inverse design new options of drugs and
materials. 1416 Moreover, the search for new molecular candidates for different ap-
plications is usually complemented with the prediction of desired properties using
ML algorithms or DL complex architectures.'® In the case of elucidation related
tasks, prediction of spectral properties has been explored recently using DL princi-
pally.'"!® Now, regarding the inverse problem of predicting the structure starting
from spectral information, it is relatively recent the interest in solving this challenge
leveraging ML capabilities.'*?° Thus, the fact that the prediction of both spectral
properties and molecular structures are being treated with ML raises the question
of whether traditional computational approaches can be improved or modified given
the more recent advances in Al. Like most of the knowledge reached by science and
technology, it is important to get deep into not explored detailed questions in order
to obtain a better understanding and motivations for an expansion in the theoretical
and technical points of view. In this sense, a detailed analysis for specific organic
systems prediction as well as specific types of spectra and ML models could be rel-
evant for both elucidation and applied Al fields of study. With this in hand, this
work results after the proposal of ML algorithms and DL architectures for the task of
organic molecules elucidation, focusing on two types of spectra information and two
different organic systems. The predictive models of those approaches implemented
and deployed in end-to-end systems could be similar to and related with modern
expert systems but with a renewed perspective based on ML recent developments.
Nevertheless, as we will see, they are more limited than expert systems used in
practice because, in part, of the available spectral data.

This thesis is mainly divided into two chapters established in accordance with
particular predictive challenges that differ principally in the prediction scope. That

is, the two schemes depicted in each chapter employ different spectral data and in-




CHAPTER 1. INTRODUCTION

tend to predict different molecular systems. After a gentle introduction to the ML
and DL theory in Chapter 2, Chapter 3 describes the classification task of Natural
Products (NP) classes comparing classic ML classifiers from *C NMR data. NPs
are molecules with pharmaceutical importance and are generally obtained from bi-
ological species.?"?? Given the size and complexity of NPs, a trade off between the
elucidation capacity and the molecule size emerges. In this sense, the elucidation of
NPs structures is explored performing a classification only, achieving in this way a
clue for the possible complete structure determination at ulterior technical spectro-
scopic steps. The classifiers selected cover a range that depends on the complexity
and time of appearance. In the unlikely case, a linear system is involved in the
classification and starting with a simple algorithm, Logistic Regression is the first
classifier selected. In addition, regarding the epoch and context, Support Vector
Machine (SVM) that is also tested was once considered the king of the classifiers
because of its degree of sophistication and accuracy reached. Of course, Multilayer
Perceptron (MLP, a. k. a. Neural Network) is added considering the recent reemer-
gence of the Neural Networks. The resultant classifier that performed best in the
NPs classification is XGBoost. The selection of XGBoost with decision trees as
weak estimators is motivated mainly by two factors. First, the decision trees as
core estimators employ an approach that is different from the other three classifiers,
yielding with this an extended diversity in the classifiers artifacts. The second mo-
tivation is its popularity among industry problem challenges. One important part
of this analysis is the use of open source algorithms, that, given their supporting
community, provides ML its increasing popularity. Another fact is the harnessing of
a free available NMR dataset, alleviating in this way, a little of the current problems
in ML inclusion and diversity. Finally, this study provides an awareness of model
limitations exemplified with the observation of prediction failures given the lack of
specific patterns in data.

Chapter 4 consists in an attempt to predict not a classification of the molecule,

but the complete structure from LC-EST (liquid chromatography - electrospray ion-

10



CHAPTER 1. INTRODUCTION

ization), a common type of MS technique. To achieve this, a more complex model
than the ML approaches presented in Chapter 3 is proposed. For the description of
this model, two different contextual meanings of representation play an important
role. The first one is about the way the input and output are represented and the
second is about the learned representations properly of a DL model. That is, being
aware of the objective of predicting a molecular structure starting from spectral
data, it is important to take into account the ways input and output are repre-
sented and that this selection is intrinsically related with the model architecture
and the intrinsic learned representations within it. For the particular case of MS
as input, the data is a two dimensional vector of varying size. Further, although
data from MS is generally arranged, strictly speaking the order must not be rele-
vant. It is important to mention that dealing with input data with varying size and
independent of the elements order is different from DL schemes related with image
or audio processing, where input data is scaled or partitioned into vectors of equal
size. Thus, a different approach must be established for learning representations
from MS information. The DL framework suited for problems where the input con-
tains sets of numbers with varying size and invariant to an specific order comprises
the so called set-input models.?*?6 Now, regarding the output side, the predicted
molecules could be represented among different options such as graphs, matrices
or string sequences. However, as stated previously, the selection of the molecular
representation depends on the architecture designed to output these entities and the
architecture must deal with the input representation. Two examples of this inter-
dependence are models that predict molecular properties and models conceived for
molecular structure generation. The former regards molecules as graphs harnessing
representations from the Graph Neural Networks (GNN) framework.?” 2 The lat-
ter type of design outputs molecular structures represented as sequences leveraging
this way sequence prediction architectures like translation mechanisms or speech
recognition. For the case of string sequence representation of molecules, it has their

utility in the virtual screening and drug design fields where it is important to reduce

11



CHAPTER 1. INTRODUCTION

the information as much as possible while preserving structural description.3032
One of the most remarkable examples of string sequence representation that have
been employed widely in generative models is SMILES (Simplified Molecular Input
Line Entry System).3* Nevertheless, given the random factors involved in the gen-
eration, most models fail to output grammatically valid SMILES in a considerable

3234 As a consequence, different representations like DeepSMILES® and

percentage.
SELFIES?* have been proposed for generating valid strings from sequence related
models partially alleviating the randomness issues. After considering the dependence
of the output and input representations on the model design, an architecture for the
problem of molecular elucidation from MS is proposed. The architecture takes the
form of an encoder-decoder,? broadly used as a basis of several Al models, where
the learned representations in the encoder are regarded as a set-input model and
the decoder generates DeepSMILES predictions. Furthermore, the set-input model
implemented in the present design, the Set Transformer?3, relies on self-attention3
mechanisms that are almost ubiquitous in today’s Al schemes. The learned repre-
sentations from the encoder incorporates then attention mechanisms for modeling
high order interdependencies between the input elements. The decoder is composed
by a Recurrent Neural Network (RNN) using LSTM?" (Long-Short Term Memory)
units for outputting string sequences symbol by symbol. RNNs based on LSTM cells
had shown remarkable performance in translation mechanisms and language mod-
els tasks achieving state-of-the-art before the Transformers%3%3° language models
arrival, which are based on the previously mentioned attention mechanisms.

Being aware of the representational power and mathematical conceptualizations
developed within the modern Al paraphernalia context, ML and DL approaches
for solving molecular structures are a methodological complement for the logic-
based systematizations employed in current computational assistant tools. Learned
representations from a predictive model are expected to recognize important patterns
in a similar way to an experienced spectroscopist. In this sense, the current work is to

present another way a molecular structure is solved, contributing as a starting point

12



CHAPTER 1. INTRODUCTION

for future development from the point of view of artificial intelligence. Summarizing,
the main contribution of the present thesis is the proposal of two predictive models
for elucidating molecular structures employing Machine Learning algorithms. The
particular objectives of the thesis can be stated as follows:

- Train a ML model for the classification of NP classes using *C NMR data.

- Train a neural architecture for the prediction of organic molecules from LC-ESI
data.

Chapters 3 and 4 detail the motivations, specific methods, and results regarding
these two objectives. But before the specific methodologies description, Chapter 2
introduces a general background of ML and DL for a proper understanding of the

two proposed predictive methods.
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Chapter 2

Machine Learning and Deep

Learning Methods

2.1 Machine Learning Classifiers

This section briefly describes ML classification algorithms that will be employed
in Chapter 3 for predicting a NP class. The Logistic regression, Support Vector
Machine, and XGBoost are covered in the next lines and the Multilayer Perceptron
will be explained in the next section. Logistic regression is a classification method
that outputs a binary value from the logistic sigmoid function. The sigmoid function
is applied to a function of the input vector. A simple representation of a linear

discriminant function of the input is shown in Equation 2.1.
y(X)=W'X +wp. (2.1)

The input vector X, corresponding to a certain feature or dimension, are multi-
plied by a parameter vector W, from the same feature, and a bias wy is added. Eq.

2.2 shows the sigmoid function applied to the input function.

1
y(X) = 1 + e*(WTX‘HHO) :

14



CHAPTER 2. ML AND DL METHODS 2.1. MACHINE LEARNING CLASSIFIERS

Then, the optimization problem consists of learning the parameters that best
classify the samples measured by a score. In order to avoid overfitting, a regulariza-
tion term FE, is added to the loss function (Sum-of-squares error function), where

the parameters A, and the penalties ¢ must be specified (Eq 2.3).
A
By = 5IWl, (23)

The basic idea of the Support Vector Machine is not to be so rigid in the decision
boundary for the classification task. That is, an optimum margin is established after
the maximization of the distance between the decision boundary and the closest
correctly classified point. This maximum margin is obtained by finding W and b

that maximizes:

Wluwwwxn) + b)), (2.4)

where x,, are the points closest to the decision boundary, ¢(z,) the feature-space
transformation of the input variable, and ¢,, the target value of point n. For overlap-
ping class distributions, the goal is to maximize the margin while penalizing points

that lie on the wrong side of the boundary. This is done by minimizing
N 1 2

where the hyperparameter C' controls the trade-off between the margin and the vari-
able &, which represents a measure of misclassification. Another attractive property
of SVM is the use of kernel functions to convert the input from its original space
to a new higher-dimensional space. So, in case that the categories are not linearly
separable in the original input space, the feature space could yield a linear sepa-
ration. Furthermore, the kernel functions favor a faster computation of the inner
products involved in the optimization problem. The most common kernels used

in practice are the linear, polynomial, sigmoid, and Gaussian kernels. XGBoost*°

15



CHAPTER 2. ML AND DL METHODS 2.2. DEEP LEARNING

has recently shown increasing popularity due to its performance and accuracy on
machine learning challenges. The boosting idea is based on a decision established
by several weak learners that evolve over time. This evolution is referred to the
continuous updates of the weight distribution of the samples and the weight or im-
portance of each classifier. The AdaBoost algorithm is the example par excellence
of this methodology. Another boosting method that incorporates the derivative of
the loss function instead of using weighted examples is the Gradient Boosting Ma-
chine. This algorithm mitigates drawbacks like overlapping and mislabeling data
from AdaBoost.*' XGBoost, like the Gradient Boosting Machine, contains decision
trees as base weak learners. It has a more efficient implementation providing the
most powerful use of computational resources, i. e., parallelization and memory use.
Additionally, sparse data handling is a novelty in the XGBoost idea, allowing high
scalability providing efficiency with billions of examples without increasing the use

of resources.

2.2 Deep Learning

One of the origins of the ‘deep’ qualification in the Deep Learning term regards
the extension of an Artificial Neural Network (ANN). For example, in a MLP (see
below) the adjective ‘deep’ is assigned for the presence of multiple hidden layers
and units achieving a ‘deep’ learning because of this ‘deep’ architecture. A similar
fact occurs with other kinds of neural architectures such as Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs). But, for the multiple
layers from a theoretically conceived model makes practical sense, the ‘deep’ term
as an abstract concept is extended to also include a concrete definition referring to
material resources such as computational power and data availability. One example
of what is now considered an archetypical DL model which includes several layers in
the architecture as well as GPUs parallelization among other complex characteristics
is the AlexNet,*? proposed as a solution to the ImageNet competition. This challenge

consisted of a classification of thousands of categories using millions of samples for

16
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training the models. 3

Besides model size and complexity, one of the most prominent characteristics of
DL is the capacity of learning representations for a classifier or regressor component
in the supervised learning case. Traditional ML for computer vision problems engi-
neer descriptors adapted to specific tasks while DL, instead, relies on an end-to-end
approach for learning the parameters in the hidden layers that correspond to an
appropriate representation for the final prediction layer. Deep architectures learn
representations required to perform not only supervised tasks, but also for prob-
lems related with unsupervised learning such as transfer learning, disentanglement
of factors, model compression, and dimensionality reduction.** Important examples
of unsupervised learning are the autoencoders that change the original dimensions
for obtaining good representations for downstream tasks.*>%6 One remarkable ex-
ample is the unsupervised pretraining®” by Hinton and Salakhutdinov consisting of
a fine-tuning of a deep autoencoder weights for image reconstruction.

DL capabilities have motivated today’s commercial interest, like face recogni-

49,50 51,52

tion,*® object segmentation and tracking, self-driving cars, and many oth-

ers. Deep Reinforcement Learning is a more recent success history. Architectures

53-55 among others are possible in part

for navigating, solving search tasks, games,
for deep representations for policy functions approximations. Moreover, awesome
performances are also obtained using deep CNNs for translating raw image data in
atari games.®® Deep learning has also been involved in linguistics tasks, such as chat-

11,3857 For example, in problems that

bots and language models for text generation.
require continuous representations for language entities like words and sentences,
the word embedding scheme coupled with Recurrent Neural Networks (RNNs), that
include internal memory states and are designed for sequences, reach appropriate

semantic modeling for different tasks. 589

17
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2.2.1 Multilayer Perceptron (MLP)

Within common ANNs architectures, the MLP has played an important role in clas-
sification or regression tasks. In fact, the Neural Network term has been commonly
employed as a synonym of the MLP. For a brief description of the MLP, the starting
mathematical representation of a linear or nonlinear combination of basis functions

is considered. This is commonly expressed as:

y(x) = f(ZzMwi@(X))a (2.6)

where the predicted value y is the result of applying an activation function f,
that can be the identity function or the nonlinear sigmoid in the classification task,
to a linear combination of M basis functions ¢ with the respective parameters w;
and the input vector x. Then, a MLP or a two layer network is established if the
basis function ¢ is substituted with a nonlinear combination of the input z. This
nonlinear combination is represented as a nonlinear activation function g applied to

the sum of the vector z elements z; and their adjustable parameters 6;:

y(X) = f(ZF wig(S70525))). (2.7)

A representative diagram of these functions for a classification of &k classes is
shown in the Figure 2.1. In this scheme the number hidden units of the corresponding
neural network is now specified in each layer as the number of functions M.

The optimization problem of finding the parameters that minimize an error func-

tion,

E©0) = f(5,y), (2.8)

can be viewed as an approximation to the global minimum of the parameters

space surface. A common method to explore the parameters surface is based on the

18
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a =97 0%)

X, |
Yy
X,
Y
X

Figure 2.1: A MLP or neural network schematic representation. For simplicity,
the summatory of z; has been absorbed by the term a.

gradient information of the error function. The gradient VE is obtained via back-
propagation, a differentiation scheme that computes the error function derivatives
with respect to the parameters using the chain rule for a subsequent updating of
the parameters.

A basic way to update the parameters from 6 to 0! uses the gradient informa-

tion and the learning rate adjustable parameter n:

Ot = 0" —VE(9"). (2.9)

The origin of the MLP term is due to the resemblance of the Rosenblatt’s percep-
tron. Although Rosenblatt’s perceptron employs a heavystep discontinuous function
for classifying linearly separable regions, the MLP uses continuous functions and
nonlinearities in more than one layer. In addition, because of the noncyclic way the
flow of information is performed forwards, the feed forward NN term is adjudicated
to the MLP. In backpropagation instead, the information is sent backwards for the
parameters updating. Indeed, the backpropagation algorithm is in part responsible
for the reemerged interest in using MLP in the 80s, although the algorithm was first

conceived back in the 60’s.%0
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2.2.2 Convolutional Neural Networks

In an attempt to achieve a similarity with human intelligence, one of the main Al
problems is to perceive objects from an environment. In the specific domain of
computer vision, perception integrates different tasks such as detection, recognition,
and classification. The way information from images raw pixels is transformed and
employed to perform those duties is possible thanks principally to the Convolutional
Neural Networks (CNNs). For the image case, an input conformed by a 3D tensor
corresponding to the width, height and color values is partitioned into patches of
small size. Then, the patch size defines the number of shared weights for learning
contained in the feature or kernel. For example if the patch size is 3x3, a total
number of 9 weights forms a feature and the same weights are employed in each
feature of the feature map. Also each feature has a number of filters giving a total
of 3 dimensions in the feature. Now, the convolution is the ‘scanning’ or ‘slicing’
that is performed all along the image patches with a defined step size (‘stride’) and
transforms the patches to an output feature map of 3 dimensions: weight, height,
and filter dimensions. Main causes for doing this are three-fold. Firstly, to provoke
sparsity in the input weights, given that only small building patches are employed
to learn patterns. Secondly, parameter sharing is obtained from this scheme. And
finally, the learning of only local patterns relating points within the selected patch

9:61,62 This is exemplified in the scheme

area allows a translation invariance property.
of Figure 2.2.

The translation invariance property has useful consequences for learning the
same object of interest located at different image positions from diverse samples.
It is important to notice that convolution in the computer vision context is not
exactly the same as the convolution in the signal processing context and that the
mathematical functions employed in CNNs are called cross-correlations. Further
details are provided by Goodfellow” and Venkatesan®?. Now then, a CNN is basi-

cally an architecture conformed by layers that perform the convolution operation

generally coupled with pooling and fully connected layers with different order vari-
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Figure 2.2: Illustration of the convolution operation.

ations. After obtaining the feature mapping, pooling operations such as mean or
max as well as fully connected and non-linearities passing are carried on in differ-
ent arrangements. Modern CNNs reach powerful hierarchical representations that
differ from traditional designed filters for specific tasks. For example, explicit fea-
tures with certain shapes that are the input of a ML classifier. CNN architectures
designed for solving computer vision problems have established landmarks in the
last decade. %% These training required tons of data and computational resources
for achieving state-of-the-art results. Thus, another important research field for
the CNNs learned representations is transfer learning for diminishing the required

training data.%

2.2.3 Recurrent NNs

Different predictive problems involve sequence entities such as sentences for lan-
guage tasks or time-series data. An important property of these kinds of prediction
problems is that the information in a particular state for a specific task depends on
previous states, where each word or symbol in sentences or each time step in the

time-series can be considered as states. This situation has been modeled via Hid-
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den Markov Models (HMMs), % but they have the disadvantage of ignoring previous
history and only consider a dependency on contiguous last states. A consequence of
this limitation is that when treating long states dependencies HMMs fail to prop-
erly make suitable predictions. Moreover, given that predictive tasks in sequences
depend on previous states prediction and that sequences themselves vary in sizes,
standard NNs or CNNs do not provide a suitable solution. Instead, RNNs are de-
signed with this purpose. RNNs date back to the 1990s as an attempt to explicitly
model memory and time in a dynamical systems context.%® Basically, a recurrent
network is a cyclic architecture meaning that the output of the networks depends on
the input and the output from the previous time step. In other words, the input of
a particular state enters the RNN and an output, called hidden state, enters again
to the same RNN with the input of the next state and so on. Equation 2.10 is the
representation of this input-output relationship where the input z; is a variable of

interest, h; the hidden state at the state ¢, and f the nonlinear transformation.

h(t) = f(he-1,24). (2.10)

Because the hidden state h; refers to the hidden state h;_; in a feedback fashion,
the function represented in eq. 2.10 is called recurrent network. A formal point
of view of RNNs is to consider it as a folded computational graph where the in-
formation from a numerical matrix corresponding to different states enters to the
computation node (RNN unit) and the respective hidden states flow recurrently to
the nonlinear mapping function. Then, when unfolding the equation, the expres-
sion can be expressed as a Directed Acyclic Graph (DAG). A scheme from this is
illustrated in Figure 2.3.

In the context of discrete values prediction, such as words or tokens, the output
o is passed over a softmax function for obtaining the prediction y,. In addition,
as we will see in the Encoder-Decoder section (Section 2.2.5), the output y,_; could
be passed as the next input x; for every time steps. In this case, special tokens are

placed at the starting and ending steps, as seen in the Figure 2.4. Some training
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y Yea Yy Yius

X

Figure 2.3: Representation of a RNN in a folded (left) and unfolded (right)
fashion.
models employ the ground truth g instead of the predicted y for a faster learning.
This scheme is called teacher forcing and in practice, the training step combines
samples with and without teacher forcing at a certain predetermined ratio value.

Next equations show the computation for each time step t:

Yia Y, Y

Figure 2.4: RNN that predicts an output y; used to the input at the next step

Y+1-
ht = f(’IUht_l —+ ULt —+ b) (211)
o =vhy+ ¢ (2.12)
Yy = softmax(o;) (2.13)

The w, u, and v are learnable parameters and the b and c entities, the biases
terms. A common issue in training RNNs with long sequences is that the involved
numerical dependencies such as the error gradient either explodes or vanishes. This

problem is known as the vanishing or exploding gradient problem and several impor-
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tant RNNs have been designed for solving it. The most famous RNN solution to the
vanishing gradient problem is the highly cited Long-Short Term Memory (LSTM),%7
invented by Hochreiter and Schmidhuber in 1997. In order to control the flow of in-
formation the basic components of the LSTM are the gate functions and the memory
cell. Moreover, the memory cell is employed as an extension of the hidden state for
preserving the memory and gradient information over long sequences. The memory
cell, ¢; depends on the input and forget gates, i;, and f;, respectively, as well as the

previous memory cell state ¢;_; and the update cell gate g;:

c=fiOc 1+ O g, (2.14)

where © is the elementwise (Hadamard) product and the update cell gate, g; depends
on the input, z;, previous hidden state, h,_;, and the biases terms by, and by,

activated with the tanh function:

gt = tanh(w;gzy + big + wpghi—1 + bpg) (2.15)

The input, i;, forget, f;, and output, o;, gates are differentiable soft functions
depending on the input, previous hidden states, the respective adjustable parameters
Wiz, Whis Wif, Why, Wio, and wpe, and the respective biases terms, bs;, bps, bis, bpi; bio,

and by, activated with the sigmoid function, o:

it = a(wiixt + b” + whiht,1 + b}n) (216)
fi= a(wifxt + bif + whfht,1 + bhf) (217)
or = 0(Wipxt + bio + Whohi—1 + bpo). (2.18)

Given that the gates are in the range (0,1) they can allow a complete pass of
information or delete all the information that is passed through the memory cell.

Then, for obtaining the new hidden state, h; the elementwise product ® is computed
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with the tanh of the new memory cell, ¢;, and the output gate, o;:

hy = 0y © tanh(cy). (2.19)

Similar to the simple RNN (eq. 2.13) the output is obtained via a softmax
function applied over the hidden state h; in a discrete value prediction context like

symbol sequences. A brief depiction of a LSTM unit is illustrated in the figure 2.5.

Figure 2.5: A LSTM unit representation.

This architecture yields powerful representations well suited for strong memory
dependencies, required in sentences from language tasks, but also in speech recogni-
tion% | music generation™ among other applications.”" Another important RNN
that is based on the use of gates but simpler than the LSTM, is the Gated Recurrent
Unit (GRU).%*™ With the aim to study the effect of the gates in the LSTM and
GRU networks for a proper prediction of sequences, in 2014 Chung et al. proposed
a way to get similar performance but in a simpler architecture. The main findings
were that decent results can be achieved with fewer gates and without the mem-
ory cell as in LSTM. Another important type of LSTM is the bidirectional-LSTM,
emerged as a necessity of knowledge of future information in tasks related with

speech recognition and linguistics. ™
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2.2.4 NLP

Natural Language Processing (NLP) is one of the most important areas within
Artificial Intelligence. It is mainly conformed by computational approaches to lin-
guistics in order to solve difficult problems. One of the main challenges is that,
different from a formal language, i,e, computer languages, natural language is not
purely based on logical structures.”™ In this sense, successful approximations to se-
mantics, syntax, and meaning from processed information is one of the NLP main
objectives. Most NLP applications are the design of algorithms that try to reach
human-like capabilities in the performance of tasks related to language via text data.
Some of those important mentioned tasks are question-answering systems, informa-
tion extraction, text generation, speech recognition, text summarization, machine
translation, among others. The resulting success is summarized in everyday typical
applications such as chatbots and translators. Most recent advances are sentiment
analysis applied in important fields such as economics and politics, where the gen-
eral perception of an audience about a topic is analyzed. Also, other important
NLP usages are analysis of propaganda and fake news,® and even identification of
personal traits.”” The number of examples of this type is huge and we don’t have
enough space to cover all of the NLP implications. It is important to note that NLP
challenges and opportunities are intrinsically related to the fact that most data
nowadays is composed in the form of text. Moreover, an important active research
area is the way text is processed for passing from discrete quantities to another form
of representation. Thus, the publications of new algorithms for specific tasks and
representation proposals for text are increasing every year. As we will see in next
sections, the mentioned algorithms harness the proposals of continuous differen-
tiable spaces that emerged thanks to the backpropagation algorithms employing an
always increasing computational power. Also, the proposed algorithms are mainly
NN architectures that try to achieve and outperform state-of-the-art in some typical
evaluations. Different scores and benchmarks have been the standard for different

NLP tasks. For example in translation mechanisms BLEU® is the most widely used
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score. Moreover, for language modeling, understanding, and other NLP problems,
other evaluations such as SSA™ (Sensibleness and Specificity Average), datasets of
questions (SQuAD®?, SWAG®!), word prediction datasets (LAMBADA®?), and mul-
tilingual benchmarks (XTREME®?) have been designed. Nevertheless, given that
natural language is so complex -in fact, it has been said that NLP tasks are among
the most relevant capabilities to achieve what could be an Artificial General Intel-
ligence (AGI)- there are some reservations of the common evaluations and metrics
implemented. Several discussions have emerged about the capabilities of a machine
to comprehend and understand the sentence meaning themselves. One example is
the analysis and critics of the BLEU score issues related to its failures about mean-
ing and sentence structures.®+® In addition, another attempt to evaluate language
understanding capabilities is the creation of the GLUE®® and superGLUE®7 scores.
They are designed to perform different designed tasks that are supposedly needed
for a language understanding. Moving beyond, the philosopher John Searle has
stated a problem on weak and strong Al, depending on the imitation intended by
an algorithm.®® That is, a weak Al is an algorithm designed for human imitation
and does not necessarily hold a genuine intelligence, referred as strong Al. Finally,
we must state that NLP is advancing in giant steps, and the methods described here
as state-of-the-art could be overpassed in the few months after the publishing of this

work.

2.2.5 Attention mechanisms

This section covers important works and architectures related with some NLP tasks
such as NMT, image caption, and others, that employ attention mechanisms as the
main core. We first describe the antecedents of one of the most cited architecture
that introduces a solution for the alignment problem. After this model publication,
a lot of schemes were based on this alignment idea for different tasks within many
different DL areas. The idea is to obtain a background and perspective for attention

in general to later employ some elements for our own attention-based proposal.
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Previous work on NMT
Encoder-decoder

Neural Machine Translation (NMT) emerges after conceiving a continuous repre-
sentation of language words. This representation is a differentiable vector space
from the input embedding and allows a learning of word and phrase joint proba-
bility distributions (Neural Language Model). The way probabilities of words and
phrases is treated in NMT is one of the main differences from phrase-based SMT
(Statistical Machine Translation), where the words or phrases in the target language
are conditioned on single words or phrases from the source language. Moreover, for
the translation task, there is also a dependence on the context, and one advantage
of NMT is the capability to represent context and semantic relationships in the
continuous space. This space of continuous representations from non-numerical ob-
jects such as words and sentences is mostly achieved with an encoder-decoder. The
encoder-decoder framework is a general abstraction term that describes the conver-
sion of input variables, typically with a NN (Neural Network), into a fixed-length
vector and then the conversion of this vector back to an output variable. In the
context of NMT it would mean that the information of a source sentence is encoded
in another representation, z, and then this vector is decoded to a target sentence.

This could be better exemplified in the next picture (Fig. 2.6).

This could be better exemplified in the next picture.

\ Encode /
[

z,z, ...,zd]

Decode

Esto podria ejemplificarse mejor en la siguiente imagen.

Figure 2.6: Schematic representation of encoding a sentence to a continuous
space and decoding back for NMT.

We could mention at least two general models that encode and decode sentences
depending on how the encoding is performed. Firstly, the work®® by Kalchbrenner et

al., which propose a CNN based on n-grams (sequence of n words) to the encoding
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part coupled with a RNN to decode the sentence generation. The second important
NN architecture that learns phrase representations is the encoder-decoder by Cho et
al.® In this encoder-decoder model, the encoding is not carried on by a CNN, but
with a RNN. The Figure 2.7 shows a schematic representation of the encoder-decoder

model of Cho et al.

T Y,

_>\<
—>

Figure 2.7: The encoder-decoder model from Cho et al. x7 and yp are the final
inputs and outputs and the circles represent a RNN function.

For the translation mechanism, each input word continuous representation at
time ¢, x; enters the RNN. Then, the hidden state h; in the encoder part are obtained
from the RNN (eq 2.10, see RNN section) given the previous hidden state h;_; and
the input x;. The resulting hidden state after the processing of all the sequences
can be thought of as the encoded input, ¢, also known as the summary vector. After
encoding the input in a fixed-length vector, a decoding must be done to retrieve a
string sequence, but depending now on the summary vector, ¢, that is equal to the
final hidden state. Then the hidden state h; in the decoder for the prediction of

word y; is then:

ht = f(htfl, Yt—1, C). (220)

The RNN chosen by the authors was a proposal of a LSTM (Long Short-Term

Unit) variation, with only two gated units. This model was tested on English-
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French translation and performed quantitative and qualitative analysis. This for-
mer resulted in BLEU scores comparable with the SOTA (state-of-the-art) at that
time and the latter showed consistent semantic embeddings between learned phrase
representations. After this encoder-decoder model, Cho et al. published another ar-
chitecture™ consisting of an encoder via a CNN and a RNN as the encoder, similar
to the Kalchebrenner work. They compared both performances on English-French
translation resulting in difficulties to translate satisfactorily large sentences.

Seq2seq

A similar work to the encoder-decoder model for problems related with sequences
and their representations is the seq2seq (sequence to sequence) by Sutskever et al.
This model is basically an encoder-decoder with a LSTM with 3 main differences
from the work of Cho et al.: 1) One LSTM for encoding and other for decoding,
2) Employed 4 Stacked LSTMs, 3) Used different input orders. Figure 2.8 shows
a scheme of the seq2seq model. Notice the similarity with the encoder-decoder by

Cho et al.?®

w X

S S S
0-0-0-0-0-0-9-8

<EOS>

f

A B (o3 <EOS> w

Figure 2.8: Representation of the seq2seq model. For indicating termination, the
symbol <EOS> (End of Sentence) is added to the symbols of the input sentence
"ABC’ and the output sentence "WXYZ’.

The results on BLEU for English-French translation resulted in an important ef-
fect of the LSTM stackings. This also had remarkable results when dealing with long
sentences. Another important task of NLP is to relate word embeddings with seman-
tic representations. In fact there are algorithms designed specifically for carrying on
this task such as Word2Vec®® and GloVe.” As we will see later, the encoder-decoder
architecture is not restricted to a machine translation task and this model could learn

semantically consistent embeddings. As in the case of Cho’s encoder-decoder, the
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model from Sutskever yields phrasal representations with semantic consistency that

could be projected into a 2D dimension to analyze the semantic meanings.

2.2.6 Attention

Translation

One of the drawbacks in the encoder-decoder based models is the difficulty to align
the input and output words. This is partially due to the management of fixed-length
vectors (summary vector, ¢ in the encoder-decoder model) from which the decoding
step is performed. In 2015, Bahdanau et al. reported® a new way to overpass this
bottleneck by allowing the model to focus on different parts of the source words in
order to predict a particular output word. That is, instead of relying on just one
fixed-length vector, the model makes use of different input vectors for decoding and
performing the translation. Attention is a general term for the mechanism in which
different elements of an output are associated with input elements via a vector of
importance weights. So, in the translation case the input vectors are weighted for
attending them with different importances with respect to a certain output. Thus,
this achieves a consistent alignment and alleviates the limitation of the summary
vector ¢ fixed length. In the Bahdanau’s attention proposal, the vector of importance
weights contains the encoded inputs and is called context vector. The context vector

is then a weighted sum of elements called annotations:
Ty
C;, = Zj Oéijhj. (221)

The h; terms are the annotations and correspond to the hidden state for the
input j. The annotations are where the encoder maps the input sentence using a
biRNN. They result after the concatenation of the forward and backward hidden

states for each word z; exemplified as:

h]' _ [h£0r1uard; hgackwav“d}. (222)
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This bidirectionality allows not to just focus on the word itself but in the sen-
tential context around it. The context vector can also be considered the expected
annotation over possible alignments with probabilities c;;. Then, the decoder uses
the context vector in order to decide on which parts of the encoding input it should

focus. And for each coefficient «;; in eq. 2.21:

a;; = softmax(e;;), (2.23)

where

€ij = a(si-1, hy)- (2.24)

Bahdanau calls the term e;; energy, that is, the energy associated with the input
j and output ¢ with probabilities ;;. The function a is the alignment model that is
also considered a score function for measuring how well the inputs near j, represented
with its encoder hidden state h;, and the outputs near ¢, represented with its decoder
hidden state s;_1, correspond. In the Bahdanau’s model the alignment « is obtained

via a MLP:

a(si_l, hJ) = thanh(Wasi_l + Uahj). (225)

v, , Wy, and U, are weight matrices. The hidden state of the decoder, s; is

estimated via RNN:

S; = f(si—la Yi—1, Ci)7 (226)

where, the RNN f is the GRU architecture. The final step then is a multilayer
network with a maxout layer for obtaining the probabilities of the words predicted
from the hidden state s;. The Figure 2.9 is a scheme summarizing the encoder-
decoder with attention mechanism as proposed by Bahdanau.

In the performed experiments, the achieved BLEU scores overpassed the encoder-
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Figure 2.9: Schematic representation of the attention model of Bahdanau et al.
The hidden states for the bidirectional RNN are the variables At and hyacer, for
the forward and backward hidden states respectively.

decoder by Cho et al.?® The authors tested the capacity of the model for treating
long sentences. They employed two sets, one with sentences length up to 30 words
and other with lengths up to 50. The attentional scheme addresses the issue of
treating long sentences as results in a better performance than the conventional
encoder-decoder. The main reason is to accurately focus on particular words while
not employing a fixed-length vector as in the encoder-decoder.

After the publication of Bahdanau’s seminal paper, Luong et al. explored differ-
ent adaptations from Bahdanau’s model.?? They tested alternatives for the align-
ment model besides the one corresponding to the Bahdanau’s model (Eq. 2.25).
The considered alignment functions score(h; , hy) are called concat, dot, and general
and are represented as h, hs, bW, hy and W,[hy; by, respectively. Where the hidden
state of the target is ht and the source hs. The W, is a learned parameter. Although
this classification assigns the concat term to Bahdanau’s model, other authors36-93
call Bahdanau’s alignment function additive referring to the addition in Eq 2.25.
In addition to the comparison of the mentioned alignment versions, another contri-
bution from this study is the proposal of the local attention model. It is conceived
for the drawback of needing to attend to all input elements for each target word as
in the global case. Thus, the local approach only selects a subset of the source per

output word. This idea of how to perform the selection of this subset was taken
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from Gregor et al. ’Selective Attention’, which selects fragments of images to focus
on and generate other images.?* Basically, the local model proposes a ‘window’ for
each alignment position, p;, for each target at time ¢. This window is a space covered
by [pr — D,p; + D], where D is empirically selected. Thus for giving importance to
points near p; a Gaussian distribution is centered around p;. The alignment position

is obtained via :
Py = So(v;tanh(tht)), (2.27)

W, and v, are model parameters which are learned to predict positions and S is

the source sentence length. And the alignment weights:

(S—m)Q)

a,(s) = align(hy, hy)exp!™ 2

(2.28)

o = D/2 and the align method are one of the concat, dot and general versions.

An scheme for the local attention model is shown in Fig. 2.10

Figure 2.10: Architecture of the local model of attention.

The proposed local model is also compared against a global model that is very
similar to the Bahdanau’s scheme. This global approach differs from the Bahdanau’s
approach in the encoder, that doesn’t employ a BIRNN and the way the computation
steps are done. The main findings were in the obtained BLEU, and perplexity scores,

higher with local-attention schemes than non-attention mechanisms. Also, in per-
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plexity, the concat models in global and local obtained poor results. Subsequently
to the mentioned models studies, Kim et al, performed an study”® of attention
architectures that consider relevant structural relationships in the input elements.
That is, instead of delegating the network the implicit learning of the structural
dependencies in the source, the authors propose an explicit modelling for those enti-
ties. Examples of some structural dependencies in input sentences for different tasks
are the input segmentation, selection of chunks, and attending to latent syntactic
subtrees. The authors called their approach ‘Structured Attention Networks’ and
two main methodologies are: linear-chain conditional random fields%” (CRF) and
a graph-based parsing model. The reason for using a treatment different from the
conventional attention mechanisms is the way the selection of input elements are
given. In the attention mechanisms the eq. 2.22 consider each input element, but if
they are replaced by all possible structural dependencies a computation intractabil-
ity emerges. In order to model explicitly the dependencies between elements in a
sequence, such as those involved in the mentioned structural relationships, graphical
models are employed in Kim’s proposal. Specifically, CRF plays a key role in the
‘Structured Attention Networks’ given that conditional independence assumptions
aren’t considered as other graphical models (for example Hidden Markov Models).
Experiments were done in three NLP tasks: Natural Language Inference, Question
Answering, and NMT. The obtained results indicated equal or better performances
than SOTA models at that time. Another modification to the attention model of
Bahdanau is the work by Tu et al.”® They state that the conventional attention ar-
chitecture has the problem of over and under translation due to the lack of coverage.
The ’coverage’ term is employed in SMT for taking into account which source words
have been translated. Thus, Tu’s proposal named coverage-based NMT is intended
to consider the mentioned counting history information. The included coverage

vector C; ; at time step ¢ that depends on the hidden state h; is obtained via:

¢ij = f(Cizrg, g, hy, tioa), (2.29)
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where f is a RNN (GRU) and ¢;_; is the vector of information about past translation

and « is similar to eq 2.23. Specifically the eq. 2.25 is modified resulting as :

a(ti_h hj, Ci—l,j) = v;rtanh(Wati_l + Uahj + vaCi_Lj), (230)

where the variables W,, U,, and V, are learned parameters. The NMT is then
coupled with the coverage and trained end-to-end. They carried on experiments
on Chinese-English translation resulting in an outperformance over the Bahdanau’s
model.

Data-to-text
Besides translation, other NLP problems where attention mechanisms play an im-
portant role is in generating text from data. Data-to-text generation tasks suffer the
alignment problem, that is, to specify which parts of input data correspond to the
generated text. One attempt to solve this problem is with a probabilistic framework
treating the alignment as a latent variable. %% Nevertheless, the alignment problem
can be overpassed with attention mechanisms achieving vector representations for
different parts of the data. Some types of data-to-text problems are where a de-
scription must be provided from data. For example, the selection of relevant parts
of event records for an appropriate describing sentence.

A work that addresses this particular problem using attention methods is Mei
et al.” In this case, it is important to perform a pre-selection given the number
of non-important information within the source. Thus, the main objective is to
select a subset of features from encoded data to perform alignment and generate the
describing text. In their work they propose a coarse-to-fine aligner as a modification
of the conventional attention model. Basically, the coarse-to-fine approach consists
of a pre-selector and selection refinement of the hidden encoder states. As a first
step, the concatenation of the one-hot encoded input with its own hidden state is
assigned to the variable m. Then, a pre-selector assigns to each record r a probability
p; of being selected. This p; with the aligner weights w are then re-weighted by the

refiner resulting in the selection decision z. Figure 2.11 outlines the coarse-to-fine
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approach components.

L 99

Figure 2.11: Representation of the architecture model of Mei et al.”” with an

encoder, decoder, and the coarse-to-fine aligner.

Another well-known problem in the computer vision area is image caption gen-
eration where the objective consists of providing a scene description for a particular
image. Here, the RGB channels continuous values from the input are commonly
subjected to pooling operations after convolution (see Convolutional Neural Net-
works , DL section) to pass to an initial hidden state of a RNN decoder.'? Thus, if
image caption generation task is conceived as an image ‘translation’ it can be well
suited to the encoder-decoder framework. Following the attempts to better generate
sentences attending to elements with different importances, we could mention the
work of Xu et al. This approach proposes a scheme for obtaining the context vector
that conditions the RNN (LSTM) decoding. From the proposal, two ways for the
attention model emerges: stochastic ‘hard’ and deterministic ‘soft.” The general
framework for both methods employs a location variable, s;, that represents where
the model focuses on. The ‘hard’ attention mechanism treats the attention locations
s as latent variables and stochastically estimates the corresponding weights for the
annotation vectors in the context vector. A disadvantage is that stochastic atten-
tion requires sampling the attention location s; each time. Thus, one could take the

probability-weighted average of the attention locations yielding to annotation vec-
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tors with its corresponding weight. This is called ‘soft’ attention and is equivalent to
the Bahdanau’s attention mechanism (eq. 2.23). An advantage of the ‘soft’ model
is that it is differentiable, but it is expensive with large input sequences. Results
show an improvement of the SOTA performance with the proposed attention model
using BLEU™ and METEOR'! metrics. In addition, as a result of the attention
architectures, the Xu’s scheme provides a way to analyze what and where the model
is paying attention to. Nearly at the same time of the attention paper of Bahdanau
et al., Chorowski et al. published'%? an application for another NLP important task,
namely, speech recognition. Speech recognition is similar to translation in the sense
that an initial sequence of data must be the starting point to an output sequence.
However, in speech recognition the source sequence is about a thousand of frames
coming from signal processing. Nevertheless, the encoder scheme consisting of a
certain number of the processed elements could also be harnessed. It is important
to note that traditional attention schemes have the issue of equally scoring iden-
tical annotations h (eq. 2.22). So, this method is extended with a location-based
framework which attends only to previous attention weights c; 1. This is done by
extracting k vectors f;; € R* for every position j of the previous weight a;_; by
convolving it with a matrix F. The scoring (eq. 2.24 and eq. 2.25) is the extended

as:
€15 = vq tanh(Wasi 1 + Uahj + vf; ;). (2.31)

Given the fact that attending to all features could introduce noise information
unnecessarily, Chorowski et al. propose sharpening and smoothing variations to the
scoring function for addressing the noise issues. Broadly, the inverse temperature
B > 1 is applied in the softmax function for the sharpening case, while for the
smoothing variation, the terms in Eq. 2.23 are substituted by logistic sigmoids

applied to the e variable (Eq. 2.24). The resultants equations are then:

exp(Pe; ;)

ey 2.32
7k eap(Bey) -
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where L is the number of sequence representations. And,

- eap(oeiy)
g = Sy
j

2.33
_exp(oe; ;) ( )

for the smoothing case. Finally, let’s mention another data-to-text problem de-
scribed as text-to-text generation. Within this category, summarization is one of
the most representative objectives. Also, there are two types of summarization:
extractive and abstractive. The first one is the production of a subset of the orig-
inal sentences preserving the most important phrases. Abstractive summarization
instead, contains words that are not included in the original source. This problem
has a similarity with machine translation where attention mechanisms could have
an important presence in an encoder-decoder structure. This is exemplified in the
work ' of Rush et al. 2015 called ‘Attention-Based Summarization.” In their model,
they coupled an attention encoder based on the Bahdanau’s attention and a beam-
search decoder. The results obtained are comparisons of different methodologies
like greedy beam search and BoW (Bag of Words). Other related work on attention
for summarization tasks is the publication of See at al.'® They basically propose
two main characteristics that extend attention models. First the inclusion of the
coverage term, similar to Tu et al.% (see above) and the explicit selection of input
elements via pointer networks. 10°
Self-attention

It is important to mention that the attention works presented up to here are related
with text generation via a decoder part. Nevertheless, for NLP tasks that don’t
output sequences, but categories, attention could be applied within source elements.
The general term for attention functions that are implemented between each of the
different considered input elements is self-attention (also called intra — attention or
inner — attention). We can mention some schemes regarding self-attention applied
in NLP tasks like text-entailment, sentiment analysis, and author profiling. Firstly,
the Lin et al. model'® that uses embedding, annotation, and hidden 2D matrices.

These matrices result after considering n input elements segmented into r parts
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where the selected partitions of the source attend each of the input elements. The
hidden matrix H with dimensions n by 2u is multiplied by the annotation matrix A
with dimensions r by n. The product then is the embedding matrix M that has r
by 2u dimensions. The 2u term of the hidden matrix H results after the processing
of a BiRNN with » hidden dimensions, similar to Bahnadau’s proposal. In this
architecture a penalization term is also included to diminish redundancy effects and
the model is presumed to better disentangle the latent information from the input
sentence. The results in 3 different tasks showed better performance than non-
self-attentive methodologies. Second, a scheme similar to Lin’s where dependencies
between elements are taken into account is the work of Cheng et al.'°” They coupled
the traditional Bahdanau’s attention with an intra — attention mechanism employ-
ing a memory network to preserve hidden states. Although the main contribution
is to expand a LSTM with a memory network, representing relations between se-
quence elements via intra—attention resulted in successful performance of language
modeling, sentiment analysis and natural language inference.

Finally, we mention two other works that perform self-attention. The one by '
Liu et al., that extends the encoder with attention between elements for text-
entailment and called their method inner — attention and the Kim’s ‘Structured At-
tention Networks’ model? mentioned above, that inherently performs self-attention
for obtaining representations between input elements.

Others
A lot of attention and self-attention based algorithms were proposed and examples
vary from generative models,'® meta-learning,'®!'! Graph Attention models,!!?

% among others. As a matter of fact, the reader should be aware

optimization, !
that the computer vision domain also has its trajectory on attention models (see for

but those approaches for object recognition differ from the alignment

example!13-116)

motivation treated in most works cited here.
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2.2.7 The Transformer

One of the leading proposals in Neural Machine Translation is the pure attention-
based mechanisms implemented in the Transformer architecture.®® This is the first
translation method relying only on attention and self-attention getting rid of re-
currence and convolutions. As self-attention could be assigned to tasks other than
translation, the Transformer architecture was a breakthrough not only in transla-
tion tasks, but in different NLP challenges. The Figure 2.12 shows the transformer
scheme based on the original reference. Although the model preserves the encoder-

decoder framework, notice that there are no RNNs in the model.

Linear

Add & Norm
Feed
Forward
Add & Norm

Multi-Head
Attention
14

Add & Norm

Masked
Multi-Head
Attention

Add & Norm

Add & Norm
Multi-Head
Attention

XI y t1

Figure 2.12: Transformer model. The left part is the encoder and the right part
the decoder. The predictions are shifted in time steps ¢.

Attention is applied in different ways all along the architecture. The encoder and
decoder are based on self-attention but a modification is required in the decoder to
preserve the autoregressiveness. That is, the decoder prediction of symbols/words
only from attending previous seen elements and masking future positions (with -
inf values). In contrast to Bahdanau’s attention, which uses a MLP to obtain the
scoring function, this scheme performs a variation of the dot attention version (see
above). In order to explain the dot attention in Vaswani’s paper, it is convenient
to remark some points regarding terminology and differences from the previous

described schemes. First, the encoded representations of the input and outputs are
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projected into three different vectors with their respective weight matrices. Now,
given that attention and self-attention is performed between the source and target
elements, a generalization to their representations is achieved by employing the
‘query’, ‘key’, and ‘value’ terms. ‘Query’ is the expected objective to attend and is
compared with the actual objective represented as ‘key’. The ‘value’ is simply added
to the key for the numeric coherence, indeed this mixed entity is found sometimes
as ‘key-value.” The relationships of query and key-value vectors could be illustrated

in Figure 2.13 (left).

Mask (opt.)

Figure 2.13: Representations of the scaled dot-product operations (left) and the
corresponding introduction to the Multi-Head attention (right).

In the Bahdanau’s model, the query would be the hidden state of the decoder
and the key-values the annotation from the encoder. Now, in the Transformer model
the dot attention function is modified with a scaling term 1/1/d it is called scaled

dot-product:

. QKT
Attention(Q, K, V) = Softmax(W)V. (2.34)
k

And the multihead term:

MultiHead(Q, K, V) = Concat(head]l, ..., head;,)W°. (2.35)
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where

head; = Attention(QWE, KWX vw)), (2.36)

and WZ-Q7W1.K , and W} are projector matrices. All attention functions are per-
formed with several attention layers running in parallel. The outputs of those layers
are concatenated in a component called Multi-Head layer and Masked Multi-Head
for the decoder. The Multi-Head attention layer is depicted in the scheme of Figure
2.13 (right). It is important to mention that the Multi-Head layer that has entries
from the encoder, called ‘encoder-decoder layer,” the queries come from the previous
decoder layer and the keys and values come from the output of the encoder. This
allows a mechanism similar to the Bahdanau’s traditional attention where every po-
sition in the decoder attends over all positions in the input sequence. The authors
propose h heads with the same number of dimensions d = 64 % h. This relatively low
number of dim allows reducing the computational cost because of parallelization.
The authors propose h = 8 and 6 stacked identical layers for the encoder and 6 for
the decoder. Another important part is the residual subarchitecture. Also, position
encoding is added in both encoder and decoder to simply take into account the
order of the sequence. The BLEU scores in English-German translation achieved
two points over the SOTA at the moment. The Transformer authors also explained
motivations for relying only on self-attention. These followed the objectives of in-
creasing parallelization, diminishing the complexity, and treating long-sequences.
The first point is achieved mainly by multihead attention that is computed parallely
as depicted above. For the complexity case, if n < d self-attention layers are less
complex and faster than recurrent layers. And the long-sequences were proposed
to be addressed by restricting the input to only a neighborhood of size r. After
the Transformer publication, several language models that rely on attention and
self-attention have been proposed for translation and other NLP problems. Most
of them have been developed taking the Transformer architecture as a base and

have been improved and/or adapted for specific tasks and issues. For example, one
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architecture that modifies the autoregressiveness (probability of the n word condi-
tioned to the n — 1 words) scheme of the Transformer decoder in order to consider
bidirectional context is BERT (Bidirectional Encoder Representations from Trans-
formers).?® The main importance to consider bidirectionality is that in tasks other
than translation, such as Q & A, the context and information after the current posi-
tion play an important role. Furthermore, besides proposing a modified Transformer
architecture, the publication of BERT considers providing a pre-trained model to
perform fine-tuning in posterior specific NLP tasks. Another architecture from 2019
is the XLNet!''” that outperforms BERT in several NLP tasks. Mainly, this model
returns to the autoregressive scheme implemented in the original Transformer, but
allowing bidirectionality with permutations of the training sentences. This permu-
tation proposal alleviates the fact that BERT has a discrepancy in pre-training and
fine-tuning because of the way masking is performed, that is, only the masking is
found in the pre-training step and not in the fine-tuning step. Other important mod-
els have been published with different modifications such as size of the architecture
and number of parameters involved as well as memory resources and parallelization
management. In fact, given the similarities with the Transformer, several models
have been grouped into the so-called ‘transformers family.” Examples are: Trans-
formerXL,1® GPT-2,%" T5,''? ElMo,? Universal Transformers,'?® TinyBERT,'?!
Reformer, 1?2 RoBERTa, 23 ALBERT, '?* distilBERT, '?®> ELECTRA,'?6 etc.

2.2.8 Set-input problems

Lot of prediction tasks like regression or classification are implemented via algo-
rithms that process ordered data in fixed-dimensions. However, there are cases
where the input to some model must be independent of the order and size of the
inputs. For example, a typical situation is the task of sorting numbers, where the
ordering of the input elements is not clear. One of the first works that addressed
this and related problems is the one by Vinyals, et al. In their study, they proposed

a model called Set2Set,'?” to solve the mentioned sorting case as well as combinato-
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rial and language modeling examples. The main intention was to experiment with
different input/output arrangements to analyze the relevance of different orders.
Problems where conditions of permutation invariance and independence of the set
size are satisfied are known as set — input problems.?3% That is, the output of the
model must be equal independently of the order and size of the input. The general
awareness of different treatments to these cases is relatively recent?* and we can
name a few examples from distinct applications. Some examples within the area
of supervised learning that fail into the set — input category are multiple instance
learning where an input set of instances is processed in order to predict a label.
Another case is 3D shape recognition, where the model preserves the permutation
invariant property.'?® Another example is few shot learning where the task is to
diminish the number of examples to classify an image. Two works that address this
case are the ones from Snell'® et al. and Finn'®® et al. where the main idea is
to use a support set of images to perform predictions with query images. In the
search of molecular properties, the treatment and representation involving graphs
is also permutation invariant. " Moreover, set — input problems are not restricted
to supervised learning. The problem is to learn a representation for the set in order
to select from a large collection of sets, sets similar to query sets, for example, in
image tagging and concept retrieval.

DeepSets In 2017, Zaheer et al. performed an analysis?* for providing theo-
retically well-founded models for set — input problems. In their work, they defined
permutation invariant and equivariant functions and their characteristics for de-
signing architectures that operate on sets. First, they established a theorem and
its proof that specify the necessary and sufficient conditions for a function to be
permutation invariant. This theorem states that a function f acting on sets must

be permutation invariant to the order of the set,

f(xla -~-7'Tm) = f(xﬂ(1)7 '~-7xﬂ'(m))a (237)

for any permutation 7, if and only if it can be decomposed in the form p(X,cxo(z)),
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for suitable transformations ¢ and p. The second point in the NN designing goal
for sets is the permutation equivariance preservation in the functions. In this case,
equivariance is the property of a function that upon permutation of the input in-

stances, permutes the output values:

FU2r@ys s Trim)]) = [fr) (@), oy frmy ()] (2:38)

The specification of invariance and equivariance properties allows the implemen-
tation of architectures for permutation invariant sets called DeepSets. From these
architectures two categories emerge: the invariant and equivariant models. The

invariant version resultant model is depicted in Figure 2.14.

Figure 2.14: Representation of the permutation invariant DeepSets model.

Briefly described, for preserving the permutation invariance, each set element
is firstly transformed to any continuous representation ¢. Then, equals ¢s for the
different elements are added up and the result is subjected to a nonlinearity p such
as a sigmoid. This results in principle, in an universal approximator. That is, it is
assumed that this network can approximate any continuous mapping. The architec-
ture also considers the possibility of conditioning the mapping to an additional in-
formation z. This arrangement can also be considered as an encoder-decoder, where
the encoder would be the transformation ¢ acting independently on each set ele-
ment and the decoder the aggregation and the nonlinearity p. The second resultant
model, the equivariant version, implies the results of the permutation equivariance

necessary and sufficient conditions. The authors states in a lemma that if f(O) is
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restricted to a NN layer such as fo(z) = 0(O(z)) where © € RM*M it is permu-
tation equivariant if and only if all the off-diagonal elements of © are tied together

and all the diagonal elements are equal as well, i.e.,

O =A+~11") for \, yeR, 1 =[1,...,1]" € RM™*M and T € RM"M_ (2.39)

This represents a weighted combination of its input Iz and the sum of input
values (117)z. For example, the weights that multiply an input z; are (A + ) for
the mapping to the output y; and A for the other mappings. This is schematized in

Figure 2.15.

VAN
—

Inputs Outputs

Figure 2.15: Visualization of weights sharing in a permutation equivariant NN
layer.

The next step is then a nonlinear activation. The equivariant model allows
stacking of nn layers without losing the equivariant and invariant properties. This
then enables a general treatment for sets on supervised and unsupervised settings.
The results of their experiments on anomaly detection and clustering show that
in fact the architecture proposed works better than deep networks which are not
backed by theory. Also unsupervised tasks were tested on concept-set retrieval and

image tagging.

2.2.9 Set-Transformer

After the Zaheer proposal, J. Lee et al. conceived an architecture?® for set — input
problems but extended the model with self-attention mechanisms. The main reason

for including self-attention was to take into account interactions between the set
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elements that could be important for the task in hand. That information regarding
dependence between set elements was not considered in previous works on sets. 24132
In those models every element is processed independently and there is a lack of
information regarding interactions between elements. With this in hand, the J. Lee
model called Set Transformer, is an architecture for set — input problems extended
with self attention mechanisms for problems where interactions between elements
could play an important role. One example is the case of amortized clustering,
where interactions between the centers of the clusters are relevant. As well as the
DeepSets and Edwards’ work, the Set Transformer model, has also the properties of
being permutation invariance and equivariance. In the model, the attention mech-
anism is employed in several ways, mostly in the Multi-Head adaptation from the
Vaswani®® et al. method. The main components consist of Multi-Head Attention
Blocks (MAB), and Set Attention Block (SAB). The MAB is an adaptation of the
encoder block of the Transformer3® without positional encoding. It processes each

instance with a row-wise feedforward (rFF) layer and employs a layer normalization

(LayerNorm):

MAB(X,Y) = LayerNorm(H + rFF(H)), (2.40)

where X and Y represent two sets of d-dimensional vectors and n points, and w are

learnable parameters, and

H = Layer Norm(X + Multi — Head(X,Y,Y;w)). (2.41)

The SAB then is the application of the MAB between set elements resulting in

a set of equal size.

SAB(X) := MAB(X, X). (2.42)

An important property of the SABs is that they can be stacked to approximate
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higher order interactions as a consequence of containing information of higher order
interactions. Indeed, another contribution from the Set Transformer is the induced
SAB (ISAB) that diminishes the computational complexity in the Set Attention
Block. The ISAB is basically a MAB applied over inducing points I that is a set
with m points as learnable parameters. The overall architecture is constructed then

with an encoder and decoder, being the first one the mapping X — Z € R

Encoder(X) = SAB(SAB(X)), or (2.43)

Encoder(X) = ISAB(ISAB(X)). (2.44)

That is, the encoder is a stack or SABs or ISABs and an important point is
that the complexity for [ stacks of SABs and ISABs are O(l *n2) and O(l *n xm),

respectively. The decoder is then:

Decoder(Z;\) = rFF(SAB(PMAk(2))), (2.45)

where

PMAx(Z) = MAB(S,rFF(Z)), (2.46)

and the set of k vectors are employed instead of the n elements of the representation
z. Figure 2.16 shows the general scheme of the Set Transformer with the encoder-
decoder components and the multihead attention variations.

The PMA block is one of the main contributions of the model. This is motivated
by the amortized clustering where the interactions of k vectors for k clusters are
represented in a beneficial way. The Set Transformer architecture preserves the
permutation equivariance and invariance properties as a result of the permutation
equivariant of the SAB and the permutation invariance property of the PMA. In
addition, the authors formally proved that the Set Transformer is a universal ap-

proximator of permutation invariant functions. The Set Transformer was tested
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Figure 2.16: Schemes from the Set Transformer model. From top left to top right
are shown the SAB, the ISAB, and the MAB blocks. The detailed encoder-decoder
including the SAB and MAB components is shown at the bottom of the figure.

with the amortized clustering task and others such as character recognition and

anomaly detection resulting in an outperformance of other comparative methods.
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Chapter 3

Machine Learning and Nuclear

Magnetic Resonance for Natural

Products

3.1 Introduction

Natural products (NP) are secondary metabolites usually obtained from plants, ani-
mals, microorganisms, marine species, or other natural sources. 222133 Partial char-
acterization of these molecules is carried out using a priori knowledge, that is, some
biological species contain molecules with structures closely related to those found

134 However, molecules widely distributed in

and characterized in similar organisms.
specific living organisms could be present in entirely different species. Cholesterol
is an example because, in principle, it only exists in animals, but it has also been
detected in plants. 3135 Given the high probability that an uncharacterized NP
adopts a structure relating to a particular family, the first step for its structural
elucidation could be the prediction of the NP class. There are currently approaches,
like metabolomics, which recognize NP in comparative studies and employ statisti-
cal methods.®% Nevertheless, complementary information of the molecular species

is required to achieve an appropriate determination. Most of this information is
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based on Infrared Spectroscopy (IR), Mass Specrometry (MS), and Nuclear Mag-
netic Resonance (NMR) spectroscopies, among others. 37139 Another well-known
technique to identify NPs consists of NMR spectra matching of previously known
compounds. ¥’ When a database is not available for the structure-spectra matching
or de novo elucidation of structures, another kind of assistance is inevitably re-
quired.! This assistance could be provided by CASE (Computer-Assisted Structure
Elucidation) systems that have been developed in order to help people to confirm
or to declinate a proposed elucidated structure. Most of them consist mainly of
matching the peaks of the experiments with those of a certain molecule included in
a database. In addition, some other algorithms to jointly perform atom pair match-
ing and fine details arrangements are included. Of course, some CASEs and their
databases are not freely available and this could restrict the development of related
and improved software as well as potential contributions to the CASEs themselves.
An example is the ACD/StrucEluc commercial software.” This tool is based on a
deterministic approach to solve the structure where one of the principal components
is the molecular connectivity diagram, obtained from two-dimensional NMR data.
Regarding "*C NMR shift values, more than 200,000 structures are contained in its
database. More recently, in 2013, the Nuzillard group published two open-source
softwares to elucidate organic structures, LSD!! and CCASA.5 Both of them rely
on two-dimensional NMR data but the first is an attempt to achieve better results
when fuzzy two-dimensional data is available and the corresponding interpretation is
complicated. These algorithms propose and validate structures employing database

substructure matching. Following the open-source philosophy 14!

and mainly, tak-
ing into account the modern machine-learning friendly tools in constant develop-
ment, we explore the prediction capabilities of different algorithms depending only
on the one-dimensional ¥C NMR data and without database peak matching. It
should be noted that a trade-off between the spectra available and the elucidated

structure completeness emerges naturally. Thus, considering that in many cases

spectroscopic information is available, herein we propose a tool to predict the pres-

52



CHAPTER 3. ML AND NMR FOR NATURAL PRODUCTS 3.2. METHODS

ence or absence of common NP classes starting from the 3C spectroscopic data. It
needs to be pointed out that the results of algorithm design and implementations
within an open-source community play the most important role in the present study
and possible future works. Moreover, this article gets its results from a purely free
database and leads to motivation in the community not to be limited by commercial
data and packages. In this work, employing Machine Learning (ML) algorithms
and a ¥C NMR database, we investigate the capability of prediction of eight com-
mon natural product classes: Sesquiterpenoids, diterpenoids, triterpenoids, lignans,
steroids, chromans, flavonoids, and alkaloids. The prediction of glycosides is also

included given that a carbohydrate-type structure is often present in NP.

3.2 Methods

Machine learning has recently experienced a considerable rise due to the advances in
algorithmic and computational capabilities. It allows describing data within math-
ematical representations that consider non-intuitive forms for pattern recognition.
i. e., relating multiple dimensions and projections. Thus, problems like regression,
classification, clustering, and some others, can be attacked in a variety of ways, from
the simplest to the most complex ones. There are several areas where algorithms
are currently outperforming human experts.%!9 Within the arena of properties pre-
diction in molecules, considerable effort has been devoted to physicochemical prop-
erties. Regarding the prediction of 3C NMR employing ML, we should mention two
significant contributions. The first is that by Meiler and co-workers, who trained
a neural network in order to predict the spectra of organic molecules.*? The other
one is by Steinbeck that predicted the NMR spectra of metabolites using decision
trees, random forests, and support vector machines.!#* The inverse problem, given
specific properties, predicts the most probable structures, is mostly explored in the
materials and drug design areas.'6'%* In the structure prediction from NMR data
tasks, we should mention several papers. The Genius code by Meiler and Will mixes

NMR prediction of a trained network with a genetic algorithm in order to predict
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the complete structure.'#> Another one is that of Dzeroski et al., who implemented
an algorithm to predict diterpene skeletons from a dataset of 1,500 molecules using
13C NMR info and ML algorithms.¥® The terpene skeletons prediction using *C
NMR is discussed by Ferreira et al,'4” concluding that peak matching to a database
played an important role. Pereira'® reported a method to determine trisaccharides
anomeric conformation and linkage information. Another remarkable contribution
is SISTEMAT by Emerenciano et al.'4? This tool predicts NP skeletons and has now
coupled to the LSD software.'®® Recently, Boiteau et al. published an approach to
predict metabolites from MS and 2D NMR correlation spectroscopies. *! Neverthe-
less, this method relies on the prediction of 2D spectra from commercial packages
to match the possible structures iteratively. Finally, Harn et al. developed an NP
structure predictor that uses MS using combinatorial and not ML algorithms. 52
Clearly, there is an under-exploration of the structural elucidation just from 3C
NMR, information that is free from databases and commercial software for spec-
troscopic properties prediction. It is worth to remind that data availability and
quality play essential roles in prediction problems. It has been stated that there
is a lack of consensus in the way chemical shifts are published limiting their data
mining. !5 Herein, we employed the Naprocl3 database.'® This compilation of *C
NMR spectra from natural products is an extraordinary effort made by the Univer-
sity of Salamanca. It has entries for more than 20,000 structures, and besides the
NMRShiftDB2 database, ' so it is the most complete *C NMR database publicly
available. In summary, we are exploring the possibilities of prediction of NP families
with the free 3C NMR data availability and ML computational tools paving the

way for future related works.

3.3 Dataset

Naprocl3 dataset was subjected to a web scraping bot in order to download each
spectrum. The dataset consists of one file per structure with the '3C NMR spectra,

as well as the class information. We selected eight NP classes simply because these
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classes contain the highest numbers of samples in the Naprocl3 dataset. After the
removal of incomplete and duplicated spectra (stereoisomers were also removed), the
number of structures is 18,740 and the total number of shifts is 457,047. Another
restriction was that the number of signals (shifts) should be the same as the number
of carbon atoms. The complete clean dataset (set 1) was then split into eight subsets
for each of the NP class classifications. Each subset is composed of all the structures
from the set 1 that have the same or fewer carbon atoms than the maximum number
found in the NP class in question. For example, the maximum number of carbon
atoms in a family classified as a steroid is 57. Then, the subset for the steroid
classification contains all the molecules having at most 57 carbon atoms, which are
18,529, and so on for each NP class structure. This allows the classification of
a molecule even if the expected number of carbon atoms differs drastically from
experimental values. For example, a triterpenoid that could have approximately 30
carbon atoms, the maximum number found is 79. The spectra were arranged in an
arbitrarily ascending order and padded with out of range values (-999), where the
number of carbon atoms is less than the maximum number of carbon atoms. We
should remark that this representation is delegated to the classifier as well as the
robustness to noisy data. The final csv (Comma Separated Value, a commonly used
data file) file for each subset contains N rows of spectra and M + 1 columns. N is
the number of samples and M the maximum number of carbon atoms for the NP
class. The last column indicates a 1 if the spectra correspond to the NP class and
0 otherwise. See the Supporting Information (Tables S1 and S2) for an example of
the raw files to csv file transition.

Figure 3.1 shows the distribution of frequencies for the *C NMR chemical shifts
in set 1. Note three remarkable areas in the shift values corresponding to the satu-
rated carbons ( 15-60 ppm), ethers and alcohols ( 50-80 ppm), and aromatic carbons
( 100-150 ppm). The last follows the abundance of the chemical substructures in
NPs. For instance, terpenoid families, which are constituted by isoprene units, are

known to be the most abundant compounds in nature. Another kind of chemi-
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Figure 3.1: Frequency distribution plot for set 1.

cal moieties frequently found is the aromatic rings involved in families like lignans,
chromans, flavonoids, and alkaloids. Finally, the area corresponding to the oxygen-
bonded carbons coincides with functional groups like ethers and alcohols detected
in glycosides (see Figure 3.2). Moreover, to compare the frequencies with the NMR-
ShiftDB2 dataset, a plot of frequency distributions is depicted in Figure 3.3. So, in
contrast with set 1 from the Naprocl3 database, the NMRShiftDB2 set contains a
higher balance between the saturated and unsaturated hydrocarbons. Furthermore,
the peak corresponding to the oxygen-bonded carbons is not presented as expected,
given that the NMRShiftDB2 set focuses on all types of organic molecules.

Figure 3.4 illustrates the different kinds of structures for the eight NP classes of
interest, as well as a glycoside example. Notice that the selected steroid in this figure
is also a glycoside given the carbohydrate-type structure coupled to the four-ring

system. The structure marked as triterpenoid (bottom left) is also a glycoside.

3.4 Binary Classification

Our goal is to develop a model able to predict the presence or absence of a partic-

ular natural product family from the *C NMR spectra. In the machine learning
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Figure 3.2: Frequency distribution plot for the nine natural product classes.

terminology, we are looking for a discriminant function mapping a set of continu-
ous variables to a discrete variable belonging to the set {0,1}. This is known as
a binary classification problem. In our case, the continuous variable is the spec-
tra, where 0 and 1 values correspond to the absence and presence of the family of
interest, respectively. In order to select the appropriate algorithm for the task in
question, let us use a logistic regression (Log Reg), which is a simple binary classifier
used in this work as a base model for comparison. Three more complex classifiers
were also employed, namely: Multilayer Perceptron (MLP), Support Vector Ma-
chine (SVM), and Extreme Gradient Boosting (XGBoost). Detailed description of
these four methods can be found in the ML background section of Chapter 2. A
grid search over the hyperparameters of the four classifiers was performed. In Table

3.1 the optimal hyperparameters found for each of the classifiers are shown.

Table 3.1: Hyperparameters selection for the grid search.

Classifier Log Reg MLP SVM XGB

Penalty Number  of

terms: ¢ (1 hidden units,
Hyperparameters or 2), reg- number of Gamma, C

ularization hidden layers,

term: A learning rate.

Depth, num-
ber of estima-
tors, learning
rate.
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Figure 3.3: Frequency distribution plot for the set NMRShiftDB2.

The Scikit-learn'®® library was employed for the Log Reg, SVM, and MLP al-
gorithm implementations. For the XGBoost classifier, the XGBoost Python library
implementation was used. Cross-Validation 10-fold was performed in all cases. For
the MLP classifier, the activation function employed was the sigmoid unit and the
optimizer was Adam. The maximum number of iterations was 500. The Gaussian
kernel was employed in the SVM classifier and the gamma parameter corresponds
to the kernel coefficient. While the grid-search with the MLP took more than 20
hours, the XGBoost took just a couple of hours. Of course, the fastest algorithm is
the Log Reg and the SVM lies in the 4-5 hours range. All of them with 16 cores
on a Linux server and 16GB RAM. The variations in time are due to the different
number of samples in the data sets. For more details on the hyperparameter grid

specification, see Tables S3 and S4.

3.5 Metrics

We report the accuracy, precision, recall, fl-score, and AUROC (Area Under Re-
ceiver Operating Characteristic) metrics. Accuracy is simply the fraction of correct

predictions. It is represented by the ratio (tp + tn)/(tp + fp + tn + fn), being tp,
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Figure 3.4: Structures of selected examples for the eight different NP classes and
one glycoside. Top, from left to right: triterpenoid, diterpenoid, sesquiterpenoid.
Middle, left to right: lignan, steroid, chroman. Bottom, left to right: glycoside,
flavonoid, and alkaloid.

fp, tn, and fn, the number of true positives, false positives, true negatives, and false
negatives, respectively.'®” However, note that the imbalanced sets could yield to a
high accuracy score, but related mostly to one label classification. Thus, we must
consider metrics other than accuracy. The precision and recall scores are defined
as the ratio tp/(tp + fp) and tp/(tp + fn), respectively. Intuitively, while recall is
the ability to find all the positive samples, precision is the ability not to classify all
samples as positives. The fl-score is defined as the harmonic mean of precision and

recall metrics:

precision x recall

fl=2x (3.1)

precision + recall’”’

Finally, ROC is the evaluation of tpr (true positive rate = tp/(tp + fn)) and fpr
(false positive rate = fp/(fp + tn)) under different thresholds of the binary classifiers.
AUROC then is the area under that curve that represents the closest values that

maximize tpr and minimize fpr.
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3.6 Results and Discussion

Table 3.2 shows the fl-score for the eight different natural product classes and gly-
cosides for the four selected classifiers. Accuracy, precision, recall, AUROC, and
specificity were obtained employing the classifiers trained with the hyperparameters

that yielded to the best fl-scores (see Tables S5-S9).

Table 3.2: Fl-scores for each classifier and family. Besides the 8 NP families,
results for the glycoside fragment prediction are also included.

Class Samples* % Pos. ;(()agg MLP SVM XGB
Sesquiterpenoid 18366 19.3 0.772 0.785 0.896 0.929
Diterpenoid 18468 34.0 0.748 0.820 0.919 0.948
Triterpenoid 18587 20.1 0.781 0.849 0.930 0.966
Lignan 18365 1.5 0.0436 0.010 0.780 0.895
Steroid 18529 3.8 0.334 0.085 0.830 0.906
Chroman 16228 1.5 0.0340 0.085 0.783 0.793
Glycoside 18584 8.4 0.318 0.434 0.782 0.830
Flavonoid 18098 7.9 0.694 0.740 0.880 0.915
Alkaloid 17376 0.79 0.0133 0.003 0.431 0.345

*Notice that the max number of samples (triterpenoid) differs from the total number of the
dataset (18740) because there are structures that exceed the max number of carbon atoms (79 for

triterpenoid) and do not belong to any of the considered families.

For almost all families, it is notorious the outperformance of XGBoost over the
rest of the classifiers. There is also a consistency between XGBoost and SVM
results. For Log Reg and MLPC, the best results are found in the terpenoid families,
probably due to the positive samples percentage. Generally, an imbalance in the data
is present and this probably yields poor results in some cases. This is illustrated
in the alkaloid prediction performance that reaches an fl-score of 0.345 with the
XGBoost classifier. So, in order to explore the effect of data imbalance, we performed

experiments with the data set subjected to different resampling techniques.

3.7 Resampling the data set

Five methods for resampling were explored. Three methods for undersampling the

majority class and two for oversampling the minority class. The employed undersam-
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pling techniques were random deletion of the majority class, the Instance Hardness
Threshold'®®, and the NearMiss'®® removal. The Instance Hardness Threshold is a
data analysis that pretends to identify and understand why some samples are diffi-
cult to classify. This algorithm assigns samples a measure regarding probabilities of
misclassification. After the selection of difficult instances the removal of those exam-
ples are performed. In that sense, the analysis of difficult examples depends on the
chosen classifier as well as on the cross validation. The Near Miss algorithm detects
and removes positive samples near the negative zone. There are three versions of
this technique depending on the quantity of minority samples that are near the ma-
jority samples. In this work we employed version 1 (NearMiss-1) that selects some
minority samples near the majority zone. The oversampling was performed with
the borderline-SMOTE? (borderline-Synthetic Minority Oversampling Technique)
and ADASYN 6! (Adaptive Synthetic Sampling Approach) algorithms. Those meth-
ods are based on synthetic generated samples of the minority class with different
strategies. The borderline-SMOTE is a variation of the SMOTE algorithm and
consists in adding samples interpolated from the k-nearest neighbors but focusing
on the border between classes. The ADASYN is a similar technique but it relies
on synthetic samples that are hard to classify. Also, this method uses the density
distribution to decide the number of synthetic minority samples generated. The
imbalanced-learn 62 python package was employed for all algorithm implementa-
tions. For the Instance Hardness Threshold, the scores assigned to difficult samples
were estimated with cross validation 10-fold and Gradient Boosting classifier with
200 estimators. In order to achieve the maximum fl-scores a grid search over the
XGBoost hyperparameters was done in a Cross-Validation (CV) 10-fold fashion. For
the undersampling algorithms the maximum fl-scores vs. % of positive samples are
shown in Figure 3.5.

Note that for all families and methods, there is an increase in the scores while
augmenting the positive percentage. For all cases, the best results are achieved at

40 and 50 %. The alkaloid family gives the lowest values possibly due to the number
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Figure 3.5: XGBoost fl-scores for different percentages of positive samples using
different undersampling techniques.

of training samples (274 on the 50 % data set to 1370 in the 10 % data set). The
Instance Hardness Threshold outperforms Random Undersampling and NearMiss-1,
having this last one the poorest results.

The maximum fl-scores for the borderline-SMOTE and ADASYN resampled
data sets are shown in Figure 3.6. Both methods yield practically similar results
being the ADASYN method results slightly lower than the borderline-SMOTE re-

sults.

3.8 Test cases

Besides the predictions made for the validation set in the cross-validation step, we
also performed predictions in recently reported natural products. We selected five
examples per NP class reported from 2018-2019 that are not included in our data
set. With 8 NP classes the total number of test cases is then 40. The references 73-
105 report new natural product elucidation of families that we are interested in (see
Tables S10 - S17). Six different XGBoost models were tested on these cases. Five

models with the hyperparameters that achieved the highest fl-scores while training
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Figure 3.6: XGBoost fl-scores for different percentages of positive samples using
different oversampling techniques. Notice that the sesquiterpenoids, diterpenoids,
and triterpenoids sets have originally more or equal than 20 % of positive samples.

with the different resampling techniques, and a model that employed a different
input representation. This representation for the '*C NMR values is composed of
histogram frequencies. That is, we divided the NMR space from 0 to the max **C
NMR shift (284.9) and counted the frequencies by each bin. Each bin has a 1 ppm
width. In general, this kind of representation is more expensive than the original
described featurization. In order to select the best model, we wish to diminish
the number of fps (false positives), while preserving a high accuracy. It has to be
noticed that with the current threshold value (0.5) the presence of more than one
NP class could be predicted. For example a model trained to predict a certain NP
class could predict with a similar score the presence of another NP class than the
one in turn. In that case we are looking for a model with high accuracy and low
fps. Table 3.3 resumes the obtained accuracy and fps for models corresponding to
different resampling techniques, as well as the model created with the histogram
representation.

The reason Instance Hardness Threshold undersampling technique gives the high-

est accuracy and false positives is that this method is based mostly on removing
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Table 3.3: Accuracies and the Number of fps for Models Trained with Different
Resampling Techniques and a Model Trained with Different Encoding (Frequencies
Histogram)

Model Random NearMiss-1 Inst. Hard. ADASYN borderline- frequencies ADASYN+
Thres. SMOTE  histogram* random
Overall Accuracy** 0.80 0.83 0.98 0.73 0.63 0.65 0.88
FP 28 111 116 9 9 35 19

*Model with the hyperparameters that achieved the highest fl-scores trained on a balanced (50%
of each category) set using Random Undersampling. **The fraction of correct predictions with
respect to the total test cases (40).

overlapping points. That is, overlapping regions that are inherent to the *C NMR
data from different substructures are oversimplified and lots of different NP classes
are predicted as present. The final model is composed of the weights from the models
trained with the Random Undersampling and the ADASYN oversampling methods.
The weights of the first method applied to the triterpenoid, sesquiterpenoid, steroid,
lignand, and alkaloid, and the weights of the second one applied to the rest of the
NP classes. The probabilities that the spectra correspond to a particular family are
shown in Table 3.4 for each test example (probabilities for all families are shown in
Tables S19-S27, Appendix A.1). From the Tables S19-S27 one could notice that if
the number of *C NMR shifts is greater than the maximum number of shifts for a
NP class training data set, the probability for that NP class is 0.

The test cases predicted as negative (prob. < 0.5), as well as the chroman family,
are discussed below. We also tested cases containing a glycoside fragment. % Those
examples are from the steroid, flavonoid, lignan, sesquiterpenoid, and diterpenoid
families. Table 3.5 shows the results for the presence of glycosides prediction with

a model trained in the resampled set with Random Undersampling method.

3.9 The failure cases

Let us analyze the possible reasons why the XGBoost predictor fails in particular
cases (Figure 3.7 and Table 3.4). The structural prediction of the diterpenoid, D-2
(Table S11) fails (Prob = 0.027) probably due to the similarity of the sample with a

triterpenoid. This diterpenoid has a long aliphatic chain causing certain similarities
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Table 3.5: Glycoside prediction probablities.

Ref. Prob.
166 0.989
172 0.977
168 0.995
163 0.994
190 0.983

to a triterpenoid. This is also apparent from the frequency distribution plot (Figure
3.2), where diterpenoids show a lower frequency in the aliphatic NMR area than the

triterpenoids.

Figure 3.7: Structures of the failure cases.

For steroid St-5 (Prob= 0.057, Table S13), the model predicts a non-steroid
structure. Notice that this novel 6/6/6/6/5 skeleton is not contained in our data
set. Thus, the model fails in recognizing this structure as a steroid. The lignan
failure case (L-5, Table S15) is due to the 16 carbon atoms aliphatic side chain
(Prob = 0.002). This kind of fragment is not included in our data set. As with
the diterpenoid case, St-5 and L-5 are predicted as triterpenoid with a probability
value of 0.992 (Table S22) and 0.655 (Table S24), respectively. Given that the
alkaloid classes obtained the lowest probability values, we decided to test more
examples to find a failure example (prob. < 0.5). Compound A-4 (Table S16)
yields a probability value of 0.320. This system does not contain a heterocycle,

that is common in the alkaloid data set samples. Furthermore, for A-1 and A-2,
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Table 3.6: Chroman predictions with non-coumarin data (left) and coumarin data
(right).

Comp. Ref. Prob. Comp. Ref. Prob.
Ch-1 %8 0.001  Co-1 19 0.930
Ch-2 20 0.951 Co-2 2% 0.986
Ch-3 2% 0.844 Co-3 2% 0.998
Ch-4 29 0.567 Co-4 2% 0.995
Ch-5 2% 0.000 Co-5 2% 0.858

there are slightly higher probabilities (0.992 and 0.974, respectively) if they are
assigned as lignans (see Table S25). This is presumably due to the small number of
samples is not enough to cover the alkaloid chemical space. The case of chromans
is a different story. Table 3.6 shows the probabilities predicted by the model. The
reason for these failures is that the chemical space covered by chromans is also a
subset of other NP classes. In other words, many examples that are not classified as
chromans also contain benzopyran or benzodihydropyran fragments. For example,
Ch-1 is predicted as diterpenoid with a probability value of 0.965 (Table S26). Thus,
a proper prediction of chromans is a challenging problem mostly because of the
intersection of the chroman space with other non-chroman classes. Now, if we restrict
the classification to the keto substituted derivatives of the benzopyran fragments,
which form the coumarins subclass,®” the prediction is improved. Table 3.6 shows
probabilities for the chroman class in new coumarins reported. This is in accordance
with the chromans data set where more than 75 % of the samples belong to the

coumarins subclass.

3.10 Multiclassification

The binary classifiers proposed in this section belong to an scheme called one-vs-
rest. It consists of learning a decision boundary separating the positive class from
the rest of the classes. However, linear decision boundaries for more than two classes
yield to ambiguous regions where it is difficult to predict the correct class. Being

aware of the possible ambiguity regions learned by the linear weak classifiers in the
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XGBoost model, another classification method is investigated. This scheme is called
multiclassification and the main differnce regards the loss function to be minimized.
In the one-vs-rest scheme, the probability of the class presence represented with the
sigmoid function for each classifier, allows the presence of more than one class (See
ST Tables S19-S26). In the multiclassification scheme, instead, the softmax function
represents the normalized probabilities of each class presence. This results in not
having ambiguous regions in the classes space.

A hyperparameter search was performed in a similar way to the binary classifiers.
The resulting best hyperparameters are learning rate = 0.35, max depth = 7, and
number of estimators = 240. Mean f1 scores from CV-10 fold are shown in Table
3.7 as well as the results from the Table 3.2 corresponding to the binary classifiers
using the one-vs-rest scheme.

Table 3.7: Fl-scores for the 8 NP classes predicted in the multiclassification and
binary classification models.

Class MulticlassBinary
XGB XGB
Sesquiterpenoid  0.945 0.929
Diterpenoid 0.959 0.948
Triterpenoid 0.967 0.966
Lignan 0.897 0.895
Steroid 0.915 0.906
Chroman 0.844 0.793
Flavonoid 0.958 0.915
Alkaloid 0.455 0.345

It is notorious the higher fl-score values than the ones obtained with the one-
vs-rest scheme, mainly in the chroman, flavonoid, and alkaloid classes.

The trained model was then used to predict the test cases and the probability
predictions are shown in Table 3.8. The predicted NP classes are almost similar
to the binary classifier selected (Table 3.4). It is mainly for the alkaloid case that
the predicted results differ, but also for one steroid case. For the alkaloid case, it is
clear that the high imbalance provokes a poor predictive performance. The overall
accuracy of 77% (27/35*%100) is then lower than the 88% from the selected binary

classifier model.
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3.11 Conclusions

We developed a predictive model of natural product families and glycosides based on
XGBoost. We showed that the XGBoost classifier outperforms the SVM, MLP, and
Log Reg classifiers with the selected hyperparameters. As the failed test cases show,
every model is not entirely accurate nor reliable and has its limitations. Besides the
number of samples that in some cases are not enough to cover a sufficient chemical
space, it is the not restriction of some class subfragments that makes a prediction
difficult as in the chroman and alkaloid examples. Nevertheless, we are exploring
the capability of the ML classifiers subjected to the available spectroscopic *C
NMR data. In this sense, this new tool could assist spectroscopists to identify the
possible structure of the sample. It is important to mention that another kind of
spectra values representation and algorithms must be explored. For example, a
set representation that is permutation invariant and using another neural network
architecture for this case.?® Finally, we encourage the use of modern and free ML
tools that could provide an extension of the classification and similar elucidation
problems. The complete data sets for each natural product family and the code to

perform predictions are available at https://github.com/saulhazelius/np-pred.
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Chapter 4

Deep learning and Mass
Spectrometry for organic

molecules

4.1 Introduction

When a chemical synthesis is performed or when prospective new molecules are ob-
tained from a complex mixtures extraction one must be sure about the molecular
structure arrangement. This, in order to validate either the expected product of
the synthesis reaction or the probably novel compounds in a natural product ex-
traction. For achieving the goal of molecular structure elucidation, spectroscopy
tools and techniques are an indispensable assistance. Spectral data is typically ob-
tained via Nuclear Magnetic Resonance (NMR), Mass Spectrometry (MS), Infrared
Spectroscopy (IR), and generally more than one method is used if a complete and
reliable elucidation is attempted.!38139 MS consists in a molecular fragmentation
with ionization techniques for an ulterior separation of fragments depending on the
ion weights. This yields the acquisition of the relative abundance peaks ordered
by the mass-to-charge ratio m/z values. The resultant obtained values constitute

the mass spectra and it differs between different ionization schemes, being the Elec-
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tron Tonization (EI) and Electrospray Ionization (ESI) two of the most common
ionization methods.?% Practical usage differences between both equipment are re-
lated principally to the sample’s phase and the expected molecular weight. EI for
example, requires a relatively volatile sample for the transition to the gas phase
in the ionization chamber. Also, given that the kinetic energy in EI provokes a
high molecular fragmentation including the molecular ion, EI is limited to small
molecules. Thus, the more ‘soft’ technique ESI is well-suited for nonvolatile liquid
compounds and it is convenient, but not limited, for larger molecules. Indeed, if
the molecules analyzed with ESI are separated from liquid samples mixtures using
liquid chromatography (LC), the coupling of LC and ESI equipment (LC-ESI) is
commonly employed in practice.?’” The range of application in this case usually
cover large molecules such as biomolecules and natural products and small organic
molecules as well. Now, it is important to notice that, regardless of the type of MS,
routinary elucidation tasks include a peak matching of the obtained spectra with
the peaks from a library of reported molecules.?°%2% However, in cases where the
molecule present is unreported or unknown, the peak search fails and an alternative
method for trying to elucidate the structure is needed. Recently, this situation has
been addressed for EI spectrometry using ANNs (Artificial Neural Networks, see
Deep Learning section) by two reported proposals with different approaches. The
first work!® by Wei et al. predicts spectra from a set of candidate small molecules
and matches the predicted peaks with the data. The second one'® by Fine et al.,
instead, predicts functional groups and it is supported with IR, spectroscopy infor-
mation. For the LC-ESI case, two recent works that predict molecular information
using ANNs methods and LC-ESI data, but focusing on peptides determination only,
can be mentioned.?'%2!! Thus, following the motivation of unknown or unreported
molecules scenarios and considering the relevance of LC-ESI spectral data not only
in the proteins and biomolecules context but also in a small molecules context, a pre-
dictive method for organic molecular structures and functional groups via LC-ESI is

proposed. The ANN model is inspired from Deep Learning (DL) encoder-decoder ar-
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chitectures related with sequence prediction in Natural Language Processing (NLP)
tasks. In order to harness sequence models from DL, the DeepSMILES® sequence
representation of molecules is employed. The encoder component consists in a set-
input 23?2 representation of the LC-ESI values and the decoder is a Recurrent
Neural Network (RNN) for the sequence prediction. The set representations are in-
corporated in the model via the Set Transformer architecture? that is harnessed for
modeling high order relationships between the input elements using a self-attention
mechanism. Self-attention is now an ubiquitous scheme in a lot of AI architectures
that have reached state-of-the-art results in different tasks. This has repercuted

212,213

in different AI problems such as NLP,383%118 computer vision, graph neural

214 among others. %1% Finally, the main contributions of this work are

networks,
specified as:

- A novel methodology based on set representations and RNN using DeepSMILES
for the prediction of small organic molecules.

- A highly accurate, fast and cheap prediction of functional groups with potential
practical use as a complementary assistant tool.

The present proposal could be used as a motivation for future restructurations on
elucidation tools augmented with deep neural networks. In addition, it is important

to remark that the data-driven methodology proposed here is different from the

knowledge-based Al paradigm implemented in most elucidation software packages.

4.2 Methods

4.2.1 Data

The data used in this study is obtained from the MassBank repository?'®, a freely
available database of mass spectra. It contains several types of MS categorized into
different instrument types and resolutions. For the particular case of LC-ESI in-
struments, the LC-ESI-QTOF (LC-ESI-Quadrupole time of flight) instrument type

was the one selected because it contained the highest number of spectra at the date
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of the data retrieval. The data provided by the MassBank repository consisted of
a SDF file, a typical chemoinformatics file, containing the LC-ESI-QTOF spectra
with their respective molecular structures represented via cartesian coordinates. All
the subsequent data preprocessing for selecting the type and molecular size was per-
formed with a Python script and the RDKit?'® package starting from the SDF file.
The number of LC-ESI-QTOF spectra of organic molecules of different sizes was
35988. A distribution of molecular weights (MW) and DeepSMILES lengths of the

contained molecules are shown in Figure 4.1.

0.0200
0.0030

0.0175
0.0025
0.0150

0.0020 0.0125

z
£ 00015 £ 0.0100
8 &

0.0075
0.0010
0.0050

0.0005
0.0025

0.0000 0.0000
[ 250 500 750 1000 1250 1500 1750 ] 50 100 150 200 250
Molecular weight Length

Figure 4.1: Frequency distribution of molecular weights (left) and string lengths
(right) from the MassBank structures with LC-ESI-QTOF spectra.

After removing duplicates, the resulting data set was reduced to contain only the
molecules of the CHONPS elements set. In addition, taking into account the mo-
tivation of small molecules context as well as considering that sequence predictions
generally underperform with long sequence sizes, the final selected molecules were
the ones with a MW of less than 300 Da. The mentioned preprocessing steps led
to the final csv file containing the spectra, molecular formula, and MW values, as
well as the corresponding spectra type (MS1 or MS2). The resulting distributions
of MW and lengths are shown in Figure 4.2.

Considering the task of structure or substructures prediction, a brief data explo-
ration of functional groups is also carried on. So, a histogram of selected functional
groups present in the final data set is shown in Figure 4.3. That is, the number of

molecules containing at least one of the selected functional groups.
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Figure 4.2: Frequency distribution of molecular weights (left) and string lengths
of selected data (right).
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Figure 4.3: Histogram of selected functional groups in the data set.

4.2.2 Molecular representation

The selected molecular sequence representation for structure prediction is a variation
of the SMILES (Simplified Molecular Input Line Entry) representation, DeepSMILES.
SMILES is a one line representation of molecules designed for efficient computing
processing and was proposed?®® as a system and as a language by Weininger in 1987.
As a system, the SMILES consists in the codification rules that yields a desired
SMILES line which has the proper grammar of the SMILES language. The method
of codification treats the molecule as a graph and employs basic rules to gener-
ate the final SMILES string. The Figure 4.4 exemplifies the interconversion of a
traditional 3-dimensional molecular representation with its corresponding SMILES
string. Briefly, the parentheses in the SMILES represent branches of the molecule
and the numbers represent the start and ending of a ring. Another common symbols

used in the SMILES are =, and #, corresponding to a double and a triple bond,
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respectively. The reader is referred to the reference 33 in order to get a complete

explanation of the SMILES rules.

c
\c/ SMILES:
& cic(o)cce(ce)c
c
c1/ \c DeepSMILES:
cco)cecec))ce

Figure 4.4: Scheme of the interconversion of a 3-dimensional structure of
4-ethylcyclohexanol to the SMILES and DeepSMILES representations.

DeepSMILES is a variant of the SMILES proposed in 2018.%> The motivation
of this work is to create a simplification of the SMILES systems in order to avoid
grammar problems that emerge in deep learning generative models. The typical
issues in the randomly generated SMILES is the presence of inverse parentheses
and incomplete pairs of numbers. With this in hand, the DeepSMILES consist
simply in the removal of one of the 2 parentheses symbols and one of the 2 num-
bers that represent rings. The equivalence of the representation involved, i.e.,
branches for parentheses and rings for numbers, is obtained with repetitions and
position changes of the remaining symbols. For example, consider the SMILES
string of the 4-ethylcyclohexanol C1C(O)CCC(CC)C1. The DeepSMILES is then,
CCO)CCCCC))C6. As noticed, in the DeepSMILES string there is only one paren-
theses symbol per branch and one number per ring.

SELFIES is another molecular string representation that has recently received at-
tention in the inverse design tasks related with virtual screening and candidate drug
search. This proposal emerged as the necessity of a robust and consistent generation
that overpass the randomness difficulty in other methods. That is, any generated
molecule has a chemical valid syntax and meaning. This is the consequence of de-
signing a context free grammar specifically for the chemical rules. Briefly, the basic
idea is to include atoms and derivation rules in the possible strings. In addition,
information of branch length and ring size is also stored yielding to a complete

chemical valid sequence string.
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4.2.3 Proposed architecture

The model architecture can be categorized within the encoder-decoder framework.
The encoder is based on the Set Transformer permutation invariant framework for
mapping the input values to a latent state. The reason for using the Set Trans-
former is two-fold. Firstly, given that the input must be independent of the order
and the size of the input elements our problem is a set — input problem. Secondly,
for modeling high order interdependencies between the fragments in the ESI ion-
ization technique leveraging the self-attention mechanism implemented in the Set
Transformer framework. With respect to the decoder, two LSTMs units in a stacked
fashion are proposed given the sequence representation of the molecules. The infor-
mation of the encoder mapping is used in the LSTMs as the initial hidden state. The
encoder-decoder constituted in this way is similar to Cho’s encoder-decoder model®®
being the main difference that the mass spectra input is not treated as a sequence
employing another RNN in the encoder but treated as a set — input problem. A

general representation of the proposed model is schematized in Figure 4.5.

Initial
hidden
state

21 )
<7 ~—
. DG -
136

@ W =192.30

Set-Transformer -
(Permutation invariant
| function X  ¥)

i

A

Figure 4.5: Architecture representation (top) and LSTM unfolded for
DeepSMILES prediction (bottom).

i

sl

h\ )th

NN
: ‘m/f

\zo——l>=rﬂ—|>n=cﬂ|

7



CHAPTER 4. DL AND MS FOR ORGANIC MOLECULES 4.2. METHODS

The mass spectra is a two dimensional vector of variable size where the dimen-
sions are the m/z and the relative abundance values. The molecular formula is
codified as a vector representing the number of atoms in a certain set of elements.
For example the formula C3Hs;ON in the CHONPS set is [3, 5, 1, 1, 0, 0]. The
spectra fragmentation stage is represented as an integer of value 1 if it is MS1 and
of value 2 if it is MS2. The resultant vectors of the molecular formula and spectra
fragmentation are then concatenated with the mass spectra and the MW value. This

vector is the initial hidden state of the first LSTM layer in the stack.

4.2.4 Hyperparameters Optimization

Performance of deep learning models relies importantly on the hyperparameter val-
ues. In the proposed model, these correspond to architectural entities from the
Set Transformer and from the RNN. Remembering the Set Transformer scheme,
roughly, it comprises mostly the attention blocks and these include variable dimen-
sional values for the vector projections. In the RNN case, the hyperparameters
consist of the embedding dimensions for the string characters representation and
hidden state. Given the complexity of hyperparameters values combination, only
few were selected for a performance analysis. The chosen Set Transformer hyper-
parameters for optimization are: number of heads, number of induced points units,
and number of hidden dimensions in the projections. Regarding the LSTM decoder,
the set of hyperparameters are: embedding dimensions, hidden dimensions, and

dropout. The considered values are shown in the Table 4.1

Table 4.1: Selected hyperparameters for optimization.

Hyperparameter Domain
Embedding Dims {128,256}
Hidden Dims {128,256}
FF units (32,64,128,2561
Induced Points {4,8,16,32}
Heads {4,8}
Dropout {0.1,0.2}

The combination of all values gives a total number of 256 points. Considering the
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computational cost for performing a grid search over the hyperparameters values, the
approach for optimizing the set of best hyperparameters was Bayesian Optimization
with Gaussian Processes. This scheme is an iterative sampling procedure within the
a priori/a posteriori bayesian framework relying on the Gaussian distribution as a
surrogate model. The optimization was performed with the Expected Improvement
acquisition function 10 evaluation points and 8 iterations, where the test error values

are the evaluation points.

4.2.5 Implementation

The Python code for implementing the neural network includes the PyTorch DL
framework?'” for the automatic differentiation and related computations. More-
over, the Set Transformer implementation as well as the LSTM architecture are
also incorporated as PyTorch modules. For the hyperparameter optimization, the
employed package is GPyOpt.2'® Regarding the pre and post processing tasks, the
DeepSMILES and the RDKit 26 Python packages are employed for data conversion

and chemoinformatic analysis (see Metrics).

4.2.6 Training

The model is trained in an end-to-end fashion. This implies a complete learning
of the parameters all along the model without relying on handcrafting features or
data transformation. That is, the learning range covers from the parameters of the
raw data spectra representations in the Set Transformer mapping function to the
parameters in the RNN for the string prediction. The number of epochs was 200
with the Adam?! optimizer. The learning rate was le-5 and the teacher forcing

ratio was set to 0.75.

4.2.7 Metrics

For evaluating the predictive model, three aspects are considered. Percentage of

complete molecular prediction, fl-score of functional groups, and similarity mea-

79



CHAPTER 4. DL AND MS FOR ORGANIC MOLECULES 4.2. METHODS

sures. The DeepSMILES of the complete predicted molecule is canonized and com-
pared with the canonical real DeepSMILES. The fl-score is chosen given the im-
balance of functional groups presence in the data set. It is the harmonic mean of
precision and recall values (see Chapter 2). In this particular case, the prediction
is for the total number of a certain functional group in a molecule. For example,
in the precision and recall computation, a true positive is reached if the predicted
number of a specific functional group presence matches the real quantity of the func-
tional group. The selected common functional groups are shown in the Table 4.2.
In addition, similarity metrics are performed between the predicted structures and
the correct test structures. These metrics include the Tanimoto similarity index?%°
with different fingerprints and the edit distance. Roughly, the Tanimoto similarity
consists in a comparison of sets elements, where the elements are the fingerprints of
the molecular structure. To establish a fingerprint, different approaches exist with
varying complexity. In this case the topological and the ECFP622! fingerprints are
chosen. The topological fingerprint simply considers the kind of electrons, bonds,
atoms in a certain substructure. The ECFPG6 is an algorithm that retrieves informa-
tion of surrounding atoms within a certain point lying in the center of an imaginary
sphere. The ratio of this sphere is set to 6 entities conformed by bonds and atoms.
The information includes stereochemistry and this fingerprint is indeed an extension
of a topological fingerprint, reaching good performances in drug design and biologi-
cal activities studies. The edit distance is a measure of string sequences similarities
that is widely used in string matching tasks. It quantifies the number of operations
for passing from one string sequence to another, for example, substitution, deletion,

or insertion.

80



CHAPTER 4. DL AND MS FOR ORGANIC MOLECULES 4.3. RESULTS

Table 4.2: Selected functional groups for model validation.

Functional group
Amide
Ketone

Carboxilic Acid
Alcohol
Amine
Ether
Alkene
Aromatic

4.3 Results

4.3.1 Hyperparameters Optimization

The data set containing the CHONPS molecules with a MW < 300 Da. was ran-
domly shuffled and splitted into a train and validation sets with a 10:1 ratio, giving
(10683 and 1188 samples). The validation set was established for measuring the final
model performance and the train set was used for the hyperparameter search. The
hyperparameter optimization was then performed via cross-validation 3-fold where
the mean error values on the test set were the evaluation points in the optimization
algorithm. The best values obtained for the hyperparameters are resumed in the
Table 4.3:

Table 4.3: Hyperparameters best values.

Hyperparameter Best value

Embedding Dims 256
Hidden Dims 256
FF units 32
Induced Points 32
Heads 4
Dropout 0.1

4.3.2 Training

After selecting the optimized hyperparameters, the model training was carried on

the whole original training data (10683 samples). The error in the validation set was
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measured for preventing overfitting. The obtained error curves for the training and
validation set are shown in Figure 4.6. It can be observed the convergence of the
optimization at the epoch 200 approximately. The time required for 200 training

epochs was 36 hours with a Tesla T4 GPU.
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Figure 4.6: Train and test error and % of correct predicted samples.

From the Figure 4.6, it can also be seen one of the main results of the neural
architecture training. Approximately, 50% of the structures are correctly predicted
after training for 200 epochs. Althought 50% of correctly predicted samples can not
be considered as a practical application in comparison with the CASEs employed
in structure elucidation, it gives us a first insight of a neural machine capability for
learning appropriate representations for mapping a mass spectra to its corresponding
molecular structure and substructures without an expert intervention. In addition,
one important factor that could be responsible for the achieved performance is the
collision energy. This entity is implictly treated as a type of spectra (MS1 or MS2)
but it was not considered explicitly. That is, the exact collision energy was not

considered as a feature in the neural model.

4.3.3 Metrics

Below are shown the fl-scores of selected important functional groups vs the epoch
number. The high values of the alkene and aromatics groups are notorious. This is

probably due to the number of molecules containing at least one of these functional
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groups (see Fig. 4.3). For example, the alkene is almost predicted as non present and
indeed there are almost no alkenes in the data set, and similarly for the aromatics
group. The rest of the functional groups have a similar behavior and the presence

of them in the data set are not so imbalanced.

0.8

o
EY

Fl-score

—— Amide

—— Ketone

—— Carboxilic acid
—— Alcohol

—— Amine

—— Ether

0.2 Alkene

—— Aromatic

o
FS

25 40 70 20 120 140 170 180
Epoch

Figure 4.7: Fl-scores for selected functional groups.

Regarding the similarity metrics, the mean Tanimonto similarities between the
predicted and real structures for the ECFP6 and the topological fingerprints are
shown in Fig 4.8 (left). This result only illustrates a general comparison of structural
fragments where an increase in the similarity is observed as the number of epochs
increases. The reason why similarity using topological fingerprints is higher can be
adjudicated to the pattern matching methods. The topological fingerprint has a
broader extension for considering similar structures than the EFCP6. For example,
ECFPG6 takes into account stereochemistry, yielding an extra factor for considering a
substructure as similar or not. Finally, the mean edit distance between the predicted
sequence and the real sequence diminishes as the number of epochs increases. Fig
4.8 (right) shows this comportment. This is what was expected given that the lower
the edit distance, the higher similar the sequence. Thus, this is in accordance with
the Tanimoto similarity results.

Trying to improve the predictive model from ESI spectra could be performed
with an heuristic method relying on the ESI spectra prediction. For example, the

predicted spectra of a candidate(s) structure(s) is compared with the input spectra.
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Then, the evaluation of this spectra comparison modifies the proposed candidate
structure and its spectra is predicted and compared again with the input spectra.
This is done iteratively until convergence. However, prediction of the ESI spectra
is not straightforward and most practical methods for mass spectra prediction are
designed for EI spectra. An attempt for predicting structures from EI data was

conceived and the corresponding description is found in the next section.
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Figure 4.8: Mean Tanimoto similarities (left) and mean edit distances (right).

4.4 Prediction from EI-MS

4.4.1 Data

The data of EI spectra was also obtained from the MassBank repository. Similar to
the ESI data, the EI spectra data set contains organic molecules from the CHONPS
set with a MW < 300 Da. After removal of duplicates, the total number of spectra
is 10152. A distribution of MW and SELFIES length of the final data set is shown

in Figure 4.9:

4.4.2 Results

The data set was splitted into the train and validation sets with a 10:1 ratio. The
train set was subjected to hyperparameter search using CV 5-fold. The hyperparam-

eter search was performed with Bayesian Optimization using Gaussian Processes.
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Figure 4.9

The resulting optimal values are shown in Table 4.4 The model with the optimal
hyperparameters was trained with the whole training set for 120 epochs. The op-
timizer was Adam and the teacher forcing ratio was set to 1.0. The learning rate
was scheduled from an initial value of le-4 and decreasing by a factor of 0.5 every

25 epochs. Error curves are shown in Figure 4.10.

Table 4.4: Hyperparameters best values.

Hyperparameter Best value

Embedding Dims 512
Hidden Dims 512
FF units 32
Induced Points 4
Heads 4
Dropout 0.1

]

w
=}

=
o

% Correct structures
N
5}

o

— Tamenor
0.8 Test error
0.6 \
504

02

0.0

rror

0 20 40 60 80 100 120
Epoch

Figure 4.10

The Fl-scores of the same selected functional groups as the ESI scheme are also
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reported. The obtained values are shown in the Figure 4.11.

/1 L
_
0.8 —
P _(’/’>”G‘%\
//,, f
0.6 /
© . L~
s > /A /
o
o / —— Amide
0.4 —— Ketone
—— Carboxilic acid
—— Alcohol
0.2 —— Amine
—— Ether
—— Alkene
0.0 —— Aromatic

20 30 40 60 70 90 100 110
Epoch

Figure 4.11

In general, lower fl-score values than the ESI performance were obtained. The
respective explanation of this comportment could be adjudicated to the different
teacher forcing ratio, that in this case was set to 1.0 and in the ESI model to 0.75.
Moreover, as the teacher forcing ratio, there are more hyperparameters such as the
learning rate, that were not subjected to optimization. This could be included in

the reasons for low predictive performance.

4.4.3 RAML

As stated in the final lines from the Chapter 3 regarding the prediction of structures
from ESI spectra, one possible way to improve the model is via heuristics that
depends on the spectra prediction. For the case of predicting structures from EI
spectra, the first attempt for using predicted spectra in an heuristic methodology
considered the NN predictor of Wei et al. and the Wasserstein distance between
the predicted and real structures as the quantity to minimize. A similar approach
for elucidating a molecular structure using a Monte Carlo tree search algorithm and
Wasserstein distances between real and predicted NMR is found in??2. Nevertheless,
in the MS case studied here, there was a huge overlapping region between the wrong
and correct predicted structures Wasserstein distance provoking a difficult heuristics

method. This overlapping region can be illustrated in the Wasserstein distance
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frequency distributions from Figure 4.12.

Correct Structures Incorrect Structures

Counts
]

] 10 20 30 40 50 0 70 80 0 10 20 30 O 50 &0 0 80
Wasserstein Distance Wasserstein Distance

Figure 4.12

As a consequence, using the predicted EI spectra for adjusting the sequence
prediction was discarded and a different improvement method was analyzed. The
selected approach is based on the work of Norouzi et al.??3 Briefly, their method
consists of an improvement of translation and speech recognition models proposing
a unified framework, coined RAML (Reward Augmented Maximum Likelihood), for
the maximum likelihood and reward tasks schemes. This linking is based on the fact
that the optimal reward is obtained when the conditional distributions of the output
sequences given the input is proportional to the scaled rewards. Especifically, when
an exponential payoff distribution is equal to the model distribution, the optimal

reward is obtained. The exponential payoff distribution is:

1 r(y,y*)
L) — e 4.1
q(yly*; ) T )P T (4.1)

where 7 is the employed reward and it is the edit distance between the output
sequence and the true sequence. The term 7 is an smoothness distribution hyper-

parameter and Z is computed considering the set of possible sequence outputs Y:

r(y,y*)

Zy+.7) = Syeyeap 2 (1.2)

Then the RAML objective optimization, Lgan 1 (0;7), depends on sampling from ¢

87



CHAPTER 4. DL AND MS FOR ORGANIC MOLECULES 4.4. PREDICTION FROM EI-MS

and the gradient is expressed in terms of the expectation of ¢ samples Eqyjyr):

VoLramr(0;7) = Eqylysr)[—Volog po(y|z))]. (4.3)

The implementation is described as follows. First, the number of sequences
with a certain edit distance from a sequence of a specific length, e, is computed
for each possible sequence length. The combinatory in this estimation depends on
the dictionary size, the max length of possible outputs (max length in the test set
samples) and the insertion, deletion, and substitution operations for obtaining the
edit distance. The counts are then reweighted by exp(~¢/7) and normalized. The 7
selected is 0.9, the value that yielded best results in the authors experiments. In the
optimization procedure for finding the model parameters, the first term in equation
4.3 refers to sampling n examples given a batch of n true outputs and the second
term to the negative log likelihood of the previously trained model. From the RL
point of view, this procedure can be depicted as finding new parameters given the
change in the agent policy, where the agent is the previously trained model.

Optimization was carried on with 90 steps using the Adam optimizer. The
batch size was set to 4 and the initial learning rate was le-4 and scheduled with a
decayment of 0.5 every 10 steps after the step 30. The train and test sets splitting
was equal to the previous model. Results for the reparameterized model via RAML
optimization scheme are shown in Fig. 4.13:

The curves show a low correct prediction rate at first, and then a convergence
in the % of correctly predicted structures at the final steps. However, the values
at the final step does not reach the original percentages of correct predictions from
the model before the RAML reparameterization. Indeed, the percentage of correct
predicted structures lowered from 40% to 30% in the test set and from 82% to 70%

in training set.
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4.5 Conclusion

An encoder-decoder architecture consisting of a set representation of LC-ESI-QTOF
spectra and a RNN for the prediction of molecular structures and functional groups is
proposed. The model design was conceived given the employed molecular sequence
representation that leverages the LSTM predictive capabilities. Another relevant
characteristic of the model regarding representations is the way the input spectral
data is interpreted. The fact that the input representation belongs to the set —
input category provides the architecure a unique encoder-decoder design. Moreover,
interdependence between input elements is modeled within a self-attention scheme.
Main results show that the prediction of a complete structure from ESI spectra
and the proposed architecture reach a performance not suited for practical usage.
However, this DL approach for elucidating organic small molecules could be the
starting point for ulterior improvements, probably with an increase in the data set.
The prediction of functional groups yields instead a predictive performance that
can be employed as a complement in the elucidation tasks for de movo molecules.
Finally, future work could be performed employing an architecture entirely based on
the Transformer. Although the Transformer is not strictly designed for set — input
problems, it could be suited for the sequence prediction problem in question given
the complete recurrence elimination in both input and output representations. The

neural architecture proposal and the dataset for the experiments are available at
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https://github.com/saulhazelius/neural-mass2mol.
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Chapter 5

Conclusion

5.1 Conclusions and Future Work

Knowledge-based methodologies employed in most software tools for spectroscopic
assistance, date back to the 60s. Since then, Al paradigms have been evolved and
updated. Today’s ML and DL belonging to the learning from experience paradigm
have shown amazing results in different areas. In this study, modern ML algorithms
and representational power of DL architectures are assessed to learn patterns from
structural data, in contrast with logic rules and knowledge-based frameworks in spec-
troscopic assistant tools. Two predictive models are proposed differing in the type
of molecules, spectral data, and ML methodology. An important feature of both ML
and DL approaches is the database independence, common in commercial software
assistant tools, that has repercussions in de novo elucidation. Part 1 is a comparison
of ML classifiers employing **C NMR for the prediction of NP classes presence. The
classifier that reached the best performance is XGBoost. From this analysis, the
imbalanced data dependence as well as the failure to generalize given the absence of
substructures in the data set is also described. A future extension of this analysis
should include a set representation of the input. That is, the input *C NMR data
must be independent of the vector size and order. Part 2 covers a more sophisticated
DL model based on an encoder-decoder framework and a sequence representation

of molecules for a complete structure elucidation. In contrast with the methodology
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of chapter 1, in this architecture the input is regarded as a set-input problem. This
is implemented via the set transformer model that models high-order interactions
between input elements employing self-attention mechanisms. Main results show a
prediction rate of 50 % of correctly predicted structures. The obtained value could
be adjudicated to the fact that the hyperparameter search is not enough and fine
tuning of different points or hyperparameters not considered in the search must be
adjusted. Moreover, as popular knowledge points out, several DL models are ‘data
hungry,” in the sense that a lot of data is required for both avoiding overfitting and
augmenting prediction capabilities. Although the predictive performance reached in
this model could hardly yield a practical usage, it is the first method for predicting
small molecules from LC-ESI via an encoder-decoder scheme and future work could
be inspired by the proposed architecture. As a general result, this study shows that
pattern recognition, i.e., the prediction of a NP class or functional group presence,
from ML and DL algorithms in order to complement elucidation tasks is possible. As
individual cases, only one of the two objectives of the present work, the prediction
of NP classes, could be considered as complished. The second objective, the predic-
tion of organic molecules, was addressed without a clear completion but allowing to

elucidate possible future methods to achieve a better predictive performance.
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Appendix

A.1 Supporting Information for Chapter 1
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Examples of raw files from the Naprocl3 database and the corresponding lines in a csv file.

Table S1. Example of a file for a Sesquiterpenoid class.

(2S)-Hydroxy-6-deoxypseudoanisatin

Terpenoids

Sesquiterpenoids

Prezizaanes

CD30D

C15H2206

298.1569

Yokoyama, R., Huang, J.M., Hosoda, A., Kino, K., Yang, C.S., Fukuyama, Y.
J Nat Prod

(2003)

66,

799-803

Num Tipo o(ppm)
1 CH 46.1
2 CH 72.6
3 CH 785
4 C 82.4
5 C 48.6
6 CH 497
7 C 213.3
8 CH2 48.0
9 C 48.3
10 CH2 36.7
11 C 177.0
12 CH3 8.1
13 CH3 18.0
14 CH2 70.6
15 CH3 83

Table S2. Example of a file for a Steroid class.

3B,11R-Dihydroxy-5p,6B-epoxy-9,11-secogorgostan-9-one
Steroids

Gorgostanes

CDCI3

C30H5004

474.35037

Duh, C.Y., Li, C.H., Wang, S.K., Dai, C.F.

J Nat Prod

(2006)

69,




1188-92

Num Tipo o(ppm)
CH2 28.6
CH2 305
CH 68.0
CH2 38.6
65.4
CH 58.2
CH2 26.2
CH 388
9 C 214.8
10 C 46.6
11 CH2 58.8
12 CH2 413
13 C 45.9
14 CH 453
15 CH2 22.6
16 CH2 28.2
17 CH 507
18 CH3 18.1
19 CH3 19.7
20 CH 347
21 CH3 21.0
22 CH 321
23 C 25.9
24 CH 508
25 CH 320
26 CH3 223
27 CH3 214
22a  CH2 214
23a  CH3 144
24a CH3 15.2

S I Y R A N
a

The final csv file for the steroid class (maximum number of carbon atoms 57) contains the next two lines
from these raw files as well as the remaining lines from all the raw files with 57 or less carbon atoms.

Sorted values from Table S1:

8.1, 8.3, 18.0, 36.7, 46.1, 48.0, 48.3, 48.6, 49.7, 70.6, 72.6, 78.5, 82.4, 177.0, 213.3, -999, -999, -999,
-999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999,
-999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999,
-999, -999, -999, 0.

Sorted values from Table S2:



14.4,15.2,18.1, 19.7, 21.0, 21.4, 21.4, 22.3, 22.6, 25.9, 26.2, 28.2, 28.6, 30.5, 32.0, 32.1, 34.7, 38.6, 38.8,
41.3, 45.3, 45.9, 46.6, 50.7, 50.8, 58.2, 58.8, 65.4, 68.0, 214.8, -999, -999, -999, -999, -999, -999, -999,
-999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999, -999,
-999, -999, 1.

Classifiers grid search

This section describes the classifiers training with different hyperparameters. Table S3 shows the values
selected to perform a grid search. The grid search consists of keeping fixed one value while varying the
others. Cross-validation 10-fold was conducted to select the hyperparameters that yielded the highest
f1-score.

Table S3. Hyperparameters values.

Classifier Log Reg MLP SVM XGBoost
Hidden units: 10 Depth (trees):
to 710 with {2,3,4,5,6,7,8,9,10
q: {1,2} increments of 20.  Gamma: {0.0001, }
Values A: {0.01, 0.1, 1.0, Hidden layers: 0.001, 0.01, 0.1, num. of estimators:
10} {1,2} 1.0, 10.0} 60 to 200 with
Learning rate: C: {0.1,1.0,10.0, increments of 10
{0.001, 0.0001, 100.0} learning rate: 0.05
0.00001} to 0.4 with

increments of 0.05




Table S4. Hyperparameters selected.

Classifier

Class Log Reg MLP SVM XGBoost

Sesquiterpenoid A=10,q=2 Hidden units = 510, Gamma = Depth =9
hidden layers =2, 1. r. = 0.001, Num. est. =200

le-4 C=10 l.t.=0.3

Diterpenoid A=0.01,q=2 Hidden units = 630, Gamma = Depth =8
hidden layers =2, 1. r. = 0.0001, Num. est. =200

le-4 C=100 l.r.=0.3

Triterpenoid A=0.01,g=1 Hidden units = 270, Gamma = Depth =7
hidden layers =2, . r. = 0.0001, Num. est. =200

le-4 C=100 L.r.=0.35

Lignan A=0.1,q=1 Hidden units = 350, Gamma = Depth=9
hidden layers =2, . r. = 0.0001, Num. est. = 160

le-5 Cc=10 L.r.=0.15

Steroid A=10,q=1 Hidden units = 630, Gamma = Depth =6
hidden layers =2, 1. r. = 0.001, Num. est. = 140

le-4 C=10 l.t.=0.3

Chroman A=0.1,q=1 Hidden units = 690, Gamma = Depth=9
hidden layers =2, 1. r. = 0.001, Num. est. =200

le-5 C=10 lL.r.=0.35

Glycoside A=1,q=1 Hidden units = 670, Gamma = Depth =8
hidden layers =2, 1. r. = 0.0001, Num. est. = 180

le-4 C=10 l.r.=0.3

Flavonoid A=1,q=1 Hidden units = 630, Gamma = Depth =5
hidden layers =2, . r. = 0.0001, Num. est. =200

le-4 Cc=10 l.r.=0.35

Alkaloid A=0.01,q=1 Hidden units = 430, Gamma = Depth =7
hidden layers =2, 1. r. = 0.001, Num. est. = 180

le-5 C=10 L.r.=0.35




Table SS. Accuracy values.

Accuracy
Class Log MLP SVM XGBoost
Reg
Sesquiterpenoi 0.923 0.926 0.962 0.973
d
Diterpenoid 0.838  0.872 0.945 0.965
Triterpenoid 0908 0913 0.972 0.987
Lignan 0.984  0.888 0.994 0.997
Steroid 0.965  0.962 0.989 0.993
Chroman 0.984  0.888 0.995 0.995
Glycoside 0922  0.923 0.964 0.972
Flavonoid 0954  0.955 0.981 0.987
Alkaloid 0984  0.992 0.994 0.993
Table S6. Precision values.
Precision
Class Log MLP SVM XGBoost
Reg
Sesquiterpenoi 0.898 0.905  0.958 0.958
d
Diterpenoid 0.791 0.818 0915 0.946
Triterpenoid 0.751 0.716  0.932 0.971
Lignan 0.174 0.0014 0.823 0.960



Steroid 0.578 0.00 0.954 0.966
Chroman 0.202 0.0015  0.959 0.943
4
Glycoside 0.604 0.390  0.792 0.842
Flavonoid 0.719 0.707  0.881 0914
Alkaloid 0.0125 0.00 0.783 0.825
Table S7. Recall values.
Recall
Class Log MLP SVM XGBoost
Reg
Sesquiterpenoi 0.678 0.691  0.841 0.901
d
Diterpenoid 0.710 0.803  0.923 0.950
Triterpenoid 0.814 0.641  0.929 0.962
Lignan 0.0254  0.100  0.747 0.841
Steroid 0.238 0.00  0.737 0.853
Chroman 0.0203  0.100  0.668 0.693
Glycoside 0.217 0.191  0.773 0.819
Flavonoid 0.671 0.736  0.880 0.916
Alkaloid 0.0143 0.00  0.305 0.226
Table S8. AUROC values.
AUROC
Class Log MLP SVM XGBoost
Reg
Sesquiterpenoi 0.917 0.944 0979 0.991
d

Diterpenoid 0.906 0.946 0.973 0.992
Triterpenoid 0.957 0.960 0.985 0.997



Lignan 0939 0362 0.955 0.997
Steroid 0934 0935 0.973 0.995
Chroman 0.880  0.597 0.958 0.982
Glycoside 0.869  0.902 0.962 0.986
Flavonoid 0976  0.978 0.969 0.997
Alkaloid 0.694  0.488 0.868 0.916
Table S9. Specificity values.
Specificity
Class Log MLP SVM XGBoost
Reg
Sesquiterpenoi 0.983 0.985 0.990 0.986
d
Diterpenoid 0.904 0.943  0.955 0.972
Triterpenoid 0.931 0.992  0.983 0.991
Lignan 1.00 1.00 1.00 1.00
Steroid 0.992 0.999  1.00 1.00
Chroman 1.00 1.00 1.00 1.00
Glycoside 0.987 0.987 0.981 0.987
Flavonoid 0.980 0.970  0.990 0.991
Alkaloid 0.990 0.70 1.00 1.00




Test cases details
Tables S10-S18 show the *C NMR values for the test samples. If more than one compound is reported,
the number of the compound tested is indicated.

Table S10. °C NMR values of sesquiterpenoid test cases.

Compound Reference Structure BC NMR (ppm)

Sq-1 163 38.4,73.7, 81.6, 52.0, 133.7, 123.2, 155.1,
HO OH 114.0, 139.8, 128.2, 34.3,21.2, 22.4, 19.0,
16.1,104.0, 74.7, 78.0, 71.7, 78.2, 62.8

Sq-2 170 27.1,31.8,31.7,55.3,62.4,38.3, 118.6,
137.0,45.9, 21.8, 148.3, 132.3, 174.2,
10.6, 20.5
Sq-3 176 71.7,74.2,30.4, 48.1, 37.8, 52.3, 137.8,
122.0, 126.2, 130.7, 25.5, 18.0, 26.5, 62.3,
279
Sq-4 182 37.1,144.2,142.9, 19.9, 33.5, 31.8, 48.7,

44.4,35.9,45.6,172.3,172.6, 12.6, 31.1,
31.4,40.7,61.5




Sq-5 189 32.3,22.3,31.8, 150.6, 75.4, 31.2, 20.8,

39.3, 46.0, 40.8, 68.9, 178.3, 109.4, 15.2

Table S11. °C NMR values of diterpenoid test cases.

Compound Reference Structure BC NMR (ppm)

D-1 164 37.1,28.1, 81.0, 42.9, 50.3, 19.0, 36.0,
136.1, 55.2,37.8,22.2,34.4,37 .4,
129.2, 148.8, 110.2, 26.0, 22.7, 64.3,

16.0

D-2 171 161.0, 134.8, 210.6, 74.8, 38.5, 142.0,
130.4, 40.0, 77.6, 57.2, 37.5, 33.1,
65.0,33.3,24.2,23.5,15.9,19.1,10.2,
68.3, 177.6, 35.3, 26.0, 30.5, 30.5,
30.5, 30.5, 30.5, 30.5, 28.2, 37.8, 35.7,

31.1,11.8, 19.7

D-3 171 39.7,39.7,19.5,19.5,42.7,42.7, 34.4,
55.0, 22.0, 22.0, 36.6, 36.6, 66.7, 55.1,
40.5, 80.2, 108.9, 155.3, 57.4, 133.5,
170.3, 56.5, 34.0, 22.1, 16.1, 96.7,

96.7

D-4 183 178.7,176.0, 168.4, 145.5, 142.0,
141.4, 137.6, 127.0, 109.2, 73.8, 52.9,
52.3,51.9,47.4,43.1,41.0, 33.5, 29.1,

27.3,20.1,17.6

CO,Me




D-5 190 H 42.2,21.2,39.4,46.2,48.1, 19.6, 31.3,
43.9,159.0,39.9, 114.9, 31.2, 45.0,
44.2,55.8,85.6, 68.9, 28.4, 177.7,

24.5,95.4,74.0,78.5,71.1,78.7,62.4

Table S12. °C NMR values of triterpenoid test cases.

Compound Reference Structure BC NMR (ppm)

T-1 165 33.0, 29.6, 83 .4,
46.0,41.7,21.6,
27.2,49.5, 20.8,
27.1,27.5, 34.6,
47.9,47.7,49.4,
74.3,57.2,21.8,
31.6,26.2, 88.0,
38.3,24.8, 85.5,
71.5,26.6, 27.5,
64.4,11.9, 20.8,
106.3, 73.3,75.3,
70.3,76.5, 62.4

T-2 172 32.1,30.4, 78.9,
40.6,47.2,21.2,
26.2,48.1, 20.1,
26.1, 26.5, 33.0,
45.4,48.9,35.8,
28.2,52.3,18.1,
30.0, 36.0, 18.1,
35.6,24.8,130.7,
129.6, 75.9, 14.0,
25.5,14.1,18.3,

171.1,21.1




177

OH

39.0, 27.0, 89.2,
39.8,56.2, 18.7,
32.8,40.6, 47.5,
37.2,24.0, 124.9,
140.4, 43.6, 38.5,
67.0, 50.3, 42.0,
43.3,34.5, 83.8,
27.5,28.4,17.3,
16.0, 16.5, 29.1,
181.6, 28.9, 24.6

T-4

184 HO

38.9,26.7, 89.4,
394, 55.8, 18.7,
33.0, 40.5, 48.1,
37.1,24.2,124.7,
142.3, 42.0, 25.9,
18.9, 43.7, 41.0,
46.1,36.3,79.7,
69.5,28.3,17.1,
16.2,16.9, 26.5,
74.2,29.9, 20.5,
104.2,75.0,76.3,
72.2,77.3,70.3,
105.6, 75.3, 78.6,
71.9,78.5, 62.9,
103.7, 80.3, 74.4,
71.9,76.7,70.5,
100.6, 72.7, 72.7,
74.5, 69.0, 18.9,
105.9, 75.3,78.5,
71.9,78.7, 62.9,
167.4,128.8, 138.2,
16.3,21.1, 171.5,
214

T-5

191

39.2,28.6, 79.6,
43.4,56.9, 19.6,
33.8,40.0, 48.3,
375,243, 122.5,
144.1,42.4,28.4,
24.2,47.1,44.7,
48.4,70.2, 36.5,
35.4,23.8,72.9,
16.0, 17.6, 26.3,
180.6, 26.0, 103.9,
79.1, 87.8, 69.8,
78.5, 62.5, 103.9,




73.5,77.1,76.5,

70.0, 18.9, 105.7,

75.2,78.9,73.2,
68.2

Table S13. *C NMR values of steroid test cases.

Compound Reference Structure 3C NMR (ppm)

St-1 166 . 36.2,27.5,75.8,39.7, 140.3, 120.2,

< 28.0,40.4, 52.8, 38.5, 23.6, 29.6,
118.1,175.6, 67.6, 75.1, 55.7,

143.3, 18.0, 114.0, 24.6, 95.2, 34.5,

78.2,76.8,67.5,17.8, 56.5

St-2 173 36.5,31.2,70.5,41.8,49.9, 202.3,
126, 165, 45.4,38.3,21.2, 38.7,
43.1,49.9,26.3, 28.5, 54.7, 12,

17.3,36.1, 18.9, 33.9, 26.1, 45.8,

29.1,19.8, 19.0, 23.0, 12.0

St-3 178 37.4,38.6,211.2,43.6,52.6, 39.5,
119.2,133.0, 61.6, 34.5, 68.9, 50.6,
43.0,61.6,69.1,34.4,42.5,11.4,
13.3,35.1,17.8, 29.0, 26.7, 155.6,

72.8,28.5, 28.6, 106.2

St-4 185 35.1,31.5,71.4,36.57, 44.8, 129.6,

' 125.7,125.5, 48.1, 35.7, 19.7, 36.6,

43.5, 147.0, 25.0, 28.3, 55.7, 19.4,

11.3,39.7,21.0, 139.0, 129.5, 48.3,
72.5,27.0,26.3,15.9




St-5 192 37.2,32.5,71.0,42.6, 145.6, 122.0,

37.9,130.0,48.4,37.2,21.0, 39.9,
43.3,146.2,35.9, 34.8, 56.4, 20.8,
18.3,41.2,20.7, 136.8, 133.6, 44.3,
34.3,20.4,20.2, 18.2, 178.9, 50.1,
50.1,177.9

Table S14. *C NMR values of flavonoid test cases.

Compound Reference Structure BC NMR (ppm)

F-1 167 81.4,65.4,26.3,

160.0, 94.5, 158.9,
95.0, 160.0, 100.0,
170.6, 52.3,129.7,
114.1, 145.0, 145.0,
115.3,118.0

F-2 172 155.9,138.2, 178.1,
160.9, 99.3, 163.0,
95.1, 156.0, 105.9,
119.3,106.3, 147.9,
139.4, 147.9, 106.3,
100.1, 69.7, 76.5,
73.2,77.4,60.7,59.8,
56.2,56.2

F-3 179 61.3,94.4,103.0,

106.0, 113.0, 116.3,
116.3,121.8, 128.3,
128.3,136.2, 140.6,
153.0, 154.3, 161.0,
161.1,176.3

74.3,39.8, 64.2,

186 0
0 o 1324,110.3, 157.1,
Ho&& O 105.4,159.8, 119.1,
o o}
HO L 133.4,128.8,116.2,
_ 158.3,116.2, 128.8,
i 101.8, 74.8, 77.8,




72.0,75.4, 65.0,
121.8,132.9, 116.3,
163.9, 116.3, 132.9,

168.1

F-5 193 164.3, 103.2, 182.6,
161.2,93.9, 168.0,
105.9, 153.0, 104.8,
122.0, 128.2, 128.2,
116.0, 116.0, 160.9,

28.7,73.1, 15.0, 22.6,

12.6

Table S15. °C NMR values of lignan test cases.

Compound Reference Structure 3C NMR (ppm)

L-1 168 136.1, 110.7, 149.4,

o OH HO—
Ho 0 o 146.3,115.7,1183,
Hc&wﬁ(ﬂo 87.0, 54.0, 63.5, 135.7,
™ weo L 116.9, 129.2, 145.9,
143.8, 112.9, 32.0,
35.1, 60.7, 56.1, 56.1,
100.0, 73.4, 75.4, 80.2,

75.6, 60.4, 103.6, 73.7,
76.9,70.5,77.2,61.5

L-2 174 OMe  _—OH 132.7, 108.9, 146.8,

o 1453, 114.4, 118.9,
O 85.7,54.0,72.1, 137.5,
MeO H i p——m nH OMe 1029, 1535, 1347,
veo ome 153.5, 102.9, 86.0,
HO

54.5,71.6, 136.0,
HO o 106.8, 152.4, 133.8,
OH 152.4,106.8,38.1, 83.7,
62.3,106.3, 74.2, 76.0,
70.1,76.5, 62.5, 56.0,
56.2,56.3

HO HO

L-3 180 o—( 88.9,50.5, 115.2,
o 131.2, 110.4, 144.5,
/ 132.4,124.5,71.4,
) e VN 65.5,171.0, 21.0,
HO Q O 132.4, 108.7, 146.8,
° 146.0, 114.4, 119.7,

OMe 127.7, 148.0, 56.1,
56.1,65.8,15.4




L-4

187

36.4,36.4,44.9,45.1,
56.6, 56.6, 61.7, 61.9,
63.0,71.9,75.5,79.0,
79.3,103.4,114.2,
114.9,116.9, 117.2,
122.7,123.1, 133.7,
137.0, 146.9, 149.2,
150.2, 150.7

L-5

194 MeO

HO

132.8,113.1, 148.3,
145.8, 115.8, 121.8,
33.8,43.5,73.1, 135.6,
110.4, 148.3, 146.8,
115.5,119.5, 83.8,
50.3, 63.1, 56.3, 56.3,
173.7,34.7,25.7, 28.6,
28.6, 28.6, 28.6, 28.6,
28.6, 28.6, 28.6, 28.6,
28.6, 28.6, 28.6, 28.6,
28.6, 28.6, 28.6, 14.4




Table S16. °C NMR values of alkaloid test cases.

Compound Reference

3C NMR (ppm)

A-1

169

127.4, 62.6, 76.3, 29.8, 81.6, 140.3, 26 4,
65.5, 66.3, 64.8, 127.2,127.5, 110.4, 149.5,
150.7, 114.2, 55.9, 56.1, 56.2

A-2

175

115.8,148.3, 153.1, 111.1, 121.6, 158 .4,
182.4,127.9,77.7, 36.2, 130.5, 126.3, 42.8,
149.7,38.2, 61.3, 57.3, 56.4, 58.3

181

167.8, 84.6, 148.6, 147.0, 128.1, 135.2,
127.7,126.6, 120.7, 158.7, 51.4, 33.5, 80.9,
85.1,139.4,116.2, 130.1, 123.6, 124.6,
137.1,46.2,176.3, 14.7, 12.9, 32.8

188

186.9, 176.5, 170.4, 134.9, 132.2, 77, 72.0,
64.9,61.9, 60.5, 58.2,52.9,52.3,44.1, 37.5,
35.0,33.3,23.1,13.8,13.6

A-5

195

147.3,147.7, 142.7, 125.7, 106.9, 106.7,
101.9, 74.1, 70.9, 69.4, 62.5, 52.4, 50.5,
37.6,29.5,21.4




Table S17. °C NMR values of chroman (non coumarin) test cases.

Compound Reference

Structure 3C NMR (ppm)

Ch-1 198 75.3,45.1,24.0, 112.0,154.4, 111.5,
137.9, 110.6, 153.4, 36.4, 17.4, 34.4,39.4,
58.0,203.2, 122.4, 158.0, 21.5, 28.2, 29.6,
25.8,21.5
Ch-2 200 o OH 76.7,68.4,31.2,120.4,117.8, 133.5,
111.9, 145.4,139.7,20.0, 25.7, 62.9
° 3
OH
Ch-3 200 oo OH 76.8,68.2,31.1,120.6,119.2, 129.2,
m 112.8, 145.5,140.4,20.1, 25.7, 73.7, 57.1
o3
OH
Ch-4 200 0 77.4,67.8,31.0,122.3,124.2, 134.2,
"o oo~  117.0,142.0,142.7,20.3,25.4,62.2,
150.0, 100.5, 162.4, 52.3
° %
OH
Ch-5 204 OMe OH 75.4,42.9,63.9,125.7,135.3, 1274,

117.4,124.2,26.2,29.1, 79.3, 23.6, 56 .4




Table S18. °C NMR values of chroman (coumarin) test cases.

Compound  Reference Structure 3C NMR (ppm)

Co-1 199 162.0, 110.5, 139.2, 148.9, 106.2, 154.5,
106.1, 152.6, 103.6, 116.2, 128.0, 77.5,

28.0, 28.0, 21.8,121.0, 136.5, 18.0,25.9

Co-2 201 oM 91.1,110.2, 143.0, 29.5, 10.6, 13.5, 15.1,
§ 55.9,56.1, 160.4, 159.2, 159.1, 153.1,
194.3,103.9, 111.1, 139.7, 159.2
MeO (o] (o]
|
Co-3 202 o__o 160.6, 110.8, 144.8, 111.2, 126.9, 126.6,
m 158.1,101.3, 154.1, 57.5
G
OH
Co-4 203 HO 161.5,109.1, 141.1, 104.8, 152.3, 133.5,
N 157.0, 89.7, 60.6, 56.5
MeO
(o] (o]
MeO
Co-5 205 OH o o 163.04,111.26,144.71,97.23, 125.63,
o o 160.05, 112.18, 154.99, 125.63, 28.81,
ho ~ 21.8,23.1,23.1, 73.5, 90.06, 70.2,
O 71.0,76.6, 60.8




Table S19. Probabilities from the sesquiterpenoid cases.

Class S-1 S-2 S-3 S-4 S-5

Sesquiterpenoid  0.974 0.999 0.999 0.986 0.999
Diterpenoid 0.007 0.000 0.000 0.082 0.000

Triterpenoid 0.015 0.000 0.000 0.000 0.000

Lignan 0.042 0.001 0.002 0.002 0.001
Steroid 0.000 0.000 0.000 0.024 0.000
Chroman 0.058 0.002 0.000 0.002 0.002
Glycoside 0.994 0.000 0.000 0.000 0.004
Flavonoid 0.000 0.00 0.000 0.000 0.000
Alkaloid 0.003 0.543 0.071 0.103 0.166

Table S20. Probabilities from the diterpenoid cases.

Class D-1 D-2 D-3 D-4 D-5

Sesquiterpenoid ~ 0.002 0.027 0.002 0.029 0.006
Diterpenoid 0.999 0.041 0.997 0.998 0.997

Triterpenoid 0.000 0.103 0.001 0.000 0.001

Lignan 0.000 0.000 0.000 0.000 0.000
Steroid 0.000 0.077 0.035 0.000 0.000
Chroman 0.000 0.000 0.001 0.000 0.000
Glycoside 0.000 0.286 0.969 0.005 0.983
Flavonoid 0.000 0.000 0.000 0.000 0.000

Alkaloid 0.002 0.000 0.000 0.000 0.000




Table S21. Probabilities from the triterpenoid cases.

Class T-1 T-2 T-3 T-4 T-5
Sesquiterpenoid ~ 0.000 0.002 0.000  0.000  0.000
Diterpenoid 0.000 0.005 0.000  0.000  0.001
Triterpenoid 0.998 0.999 0999  0.995  0.999
Lignan 0.001 0.001 0.002  0.000  0.001
Steroid 0.319 0.174 0.000  0.000  0.004
Chroman 0.000 0.002 0.000  0.000  0.000
Glycoside 0.961 0.000 0.000  0.000  0.997
Flavonoid 0.000 0.000 0.000  0.000  0.000
Alkaloid 0.003 0.019 0.010  0.000  0.000
Table S22. Probabilities from the steroid cases.
Class St-1 St-2 St-3 St-4 St-S
Sesquiterpenoid ~ 0.000 0.000 0.000 0.006 0.001
Diterpenoid 0.896 0.000 0.005 0.041 0.004
Triterpenoid 0.026 0.281 0.004 0.184 0.992
Lignan 0.005 0.003 0.004 0.003 0.004
Steroid 0.953 0.998 0.999 0.998 0.057
Chroman 0.000 0.002 0.003 0.002 0.000
Glycoside 0.989 0.013 0.004 0.038 0.001
Flavonoid 0.001 0.000 0.000 0.000 0.000



Alkaloid 0.0112 0.002 0.009 0.002 0.001
Table S23. Probabilities from the flavonoids cases.
Class F-1 F-2 F-3 F-4 F-5
Sesquiterpenoid ~ 0.000 0.000 0.000 0.000 0.001
Diterpenoid 0.000 0.000 0.000 0.000 0.000
Triterpenoid 0.000 0.000 0.000 0.000 0.000
Lignan 0.021 0.027 0.001 0.003 0.000
Steroid 0.000 0.000 0.000 0.000 0.000
Chroman 0.886 0.001 0.002 0.328 0.00
Glycoside 0.093 0.003 0.977 0.999 0.039
Flavonoid 0.999 0.999 0.556 0.999 0.669
Alkaloid 0.037 0.000 0.000 0.000 0.000
Table S24. Probabilities from the lignan cases.
Reference
Class L-1 L-2 L-3 L-4 L-5
Sesquiterpenoid ~ 0.013 0.001 0.001 0.004 0.009
Diterpenoid 0.000 0.000 0.000 0.000 0.007
Triterpenoid 0.000 0.000 0.000 0.000 0.655
Lignan 0.967 0.978 0.987 0.999 0.002



Steroid 0.000 0.000 0.000 0.002 0.008
Chroman 0.001 0.000 0.399 0.028 0.000
Glycoside 0.995 0.964 0.024 0.997 0.014
Flavonoid 0.586 0.965 0.895 0.336 0.000
Alkaloid 0.080 0.034 0.887 0.739 0.000
Table S25. Probabilities from the alkaloid cases.
Class A-1 A-2 A-3 A-4 A-5
Sesquiterpenoid ~ 0.030 0.002 0.0122 0.954 0.983
Diterpenoid 0.000 0.000 0.000 0.628 0.000
Triterpenoid 0.000 0.000 0.000 0.005 0.000
Lignan 0.992 0.974 0.456 0.002 0.012
Steroid 0.000 0.000 0.007 0.002 0.000
Chroman 0.002 0.056 0.019 0.004 0.004
Glycoside 0.071 0.000 0.034 0.145 0.034
Flavonoid 0.307 0.933 0.997 0.000 0.013
Alkaloid 0.954 0.965 0.879 0.320 0.992
Table S26. Probabilities from the chroman (non-coumarin) cases.
Class Ch-1 Ch-2 Ch-3 Ch-4 Ch-5
Sesquiterpenoid ~ 0.001 0.010 0.003 0.032 0.149



Diterpenoid 0.965 0.000 0.000 0.002 0.000
Triterpenoid 0.003 0.000 0.001 0.000 0.001
Lignan 0.000 0.000 0.003 0.000 0.000
Steroid 0.000 0.000 0.000 0.000 0.000
Chroman 0.001 0.951 0.844 0.567 0.000
Glycoside 0.000 0.002 0.004 0.013 0.000
Flavonoid 0.000 0.000 0.000 0.018 0.000
Alkaloid 0.004 0.211 0.021 0.011 0.005
Table S27. Probabilities from the chroman (coumarin) cases.
Class Co-1 Co-2 Co-3 Co-4 Co-5
Sesquiterpenoid ~ 0.001 0.309 0.000 0.000 0.002
Diterpenoid 0.043 0.000 0.000 0.000 0.005
Triterpenoid 0.006 0.001 0.000 0.000 0.000
Lignan 0.005 0.012 0.006 0.005 0.004
Steroid 0.000 0.026 0.000 0.000 0.001
Chroman 0.930 0.986 0.998 0.995 0.858
Glycoside 0.003 0.004 0.002 0.001 0.181
Flavonoid 0.206 0.621 0.009 0.001 0.618
Alkaloid 0.0796 0.147 0.0662 0.124 0.037
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