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Computational prediction of the mechanisms of action of drugs using machine learning algorithms

Abstract
Over time, drug design costs have risen, although it has not impacted the number of

successful drugs. Machine learning tools could potentially change this situation by introducing
new methods to assess the properties of drugs, such as their mechanism of action. We have
looked for the best model to predict these mechanisms, given gene expression and cell viability
data of the cells treated with the drug, employing well­known algorithms such as support vector
machines and a stochastic block model. The former resulted in the best predictive ability, while
the latter remains a good model for interpreting the data interactions.
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1 Introduction
Drug design and drug discovery are challenging processes in biomedical research due

to the complexity of the effects those new potential drugs could have when tested in living
conditions. A drug introduces a perturbation within the cell leading to molecular changes that
will produce, in turn, its pharmacological effect. These changes are coined in the literature
as Mechanisms of Action (MoA), the importance of which has not always been considered
by pharmaceutical researchers; as a matter of fact, it was the influence of molecular biology
on drug discovery that triggered the pursuit of understanding the biochemical MoAs of new
chemical compounds [1]. Even though some authors do not agree on the optimal time when
the MoAs of a drug should be elucidated [2], mechanistic understanding is paramount since it
can help infer the value of drug therapies, leading to enhanced safety and efficacy [3].

Although drug discovery has introduced many technological breakthroughs and takes
advantage of significant R&D investment, it has not reached the community expectations, and
the benefits remain to be materialized in terms of productivity [4], [5]. This failure can be
attributed to different factors such as the continuously decreasing acceptance of risk tolerance
[6] or the faulty approaches to discover novel drugs [3], [4]. Many drugs are withdrawn after
a long research period because they could not foresee the toxicity and the off­target effects
of the proposed compounds [5]–[7]. Thus, the number of drugs that finally meet with the
approval of the expert agencies such as the Food and Drug Administration is still low compared
with what could be hoped given the advances on disease understanding [4]. By contrast, some
recent publications are trying to give a positive view of the pace the pharmaceutical industry
follows by working side­by­side with academia [8]–[11], suggesting that further innovations
will be well received.

This low attrition rate can not be explained in one single way [4]–[7], [12], [13].
However, a better understanding of the compounds under study’s inherent properties will help
tackle efficacy and safety problems [5], which happen to be the main reasons for clinical failure
[14]. Consequently, new ways which could contribute to the anticipation of such problems
before entering the clinical phase should be developed by researchers. It is now when the
concept of MoA could play an important role; as mentioned earlier, MoA understanding has
been demonstrated to directly impact whether a drug will be safe or efficient enough since it
associates molecular interactions with their response [3], [15].

Identification of the MoAs of drugs is not an easy task, especially in Phenotypic Drug
Discovery (PDD), one of the most used approaches in drug design. PDD is antagonistic to
the Target­based Drug Discovery (TDD) in terms of the processes order they follow. While in
TDD, the very first step is to identify the target which the drug should attack, PDD is target
(and MoA) agnostic at the beginning so that a large number of compounds will be tested to
identify phenotypical changes of interest. On the one hand, PDD is closer to an empirical
approach, which makes it more attractive for first­in­class drug discovery (i.e. drugs using
a new MoA for that specific condition) [16]. On the other hand, this latter methodology will
require subsequent efforts to discover the effects of that compound in the cell, which can
become a significant drawback of PDD [17], [18]. Nevertheless, MoA elucidation should be
essential in both approaches [2].

Different methods aim to detect the mechanisms of action and the targets of drugs
(novel or already on the market compounds). Broadly speaking, those can be either direct
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biochemical methods or indirect methods [18]. Direct biochemical approaches focus on the
affinity between the target and the drug, and it often involves prior chemical modifications [18]
(e.g., fluorescence labels) and thorough experiment preparation [17]. Alternatively, indirect
methods comprise not only approaches related to omics data, from genomics to metabolomics,
but also computational techniques [17]. Both of them are really close to one another since
databases are essential for bioinformatics tools.

Computational tools offer new opportunities in the drug discovery workflow, since they
provide the opportunity to explore existing information about drugs and MoAs that does not
require expert consultation. Apart from long periods used for research, during this last decade,
the cost of R&D in the pharmaceutical area has been dramatically rising, as shown in Fig.
1, thus creating an expensive and time­consuming context [19]. Taken together, it seems
plausible to identify some of the steps of the drug discovery chain as potential tasks to be
enhanced by Machine Learning (ML) algorithms [20]–[22] in order to reduce the expenses
and enhance the results. ML is expected to lead to a resurgence of the pharmaceutical field
[21], [22] due to its potential for identifying hidden patterns in the data, which could be
challenging to be detected by traditional analysis.

Figure 1. Evolution of average drug development cost in millions of dollars for a cohort of 12
major pharmaceutical labs. Adapted from [23].

Regarding recent studies that some research groups have been working on in order to
predict the mechanisms of action of drugs through ML, it can be appropriated to divide them
into different methodologies depending on the data used as the input of their approaches. Up
to now, two general methods can be identified [17]: profiling methods and structure­based
methods (or ligand­based methods). This last group might be more restrictive because of
the need for previous knowledge of the compound structure; notwithstanding, some authors
suggest that structural biology is paramount for interpreting drug­target mechanisms and
interactions [24]. The profiling methods group contrastingly seek models that use data from
experiments which focus on phenotypic profiles induced by the drugs, and employ a pattern
recognition [17]. In a nutshell, cells treated with a specific compound will suffer changes
resulting in a particular phenotypic profile, which will give insight into how the drug works and
which can be captured either with imaging tools [25]–[28] or gene expression approaches
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[29]–[33]. Data collections such as the Connectivity Map (CMap) [34], which aims to connect
diseases, treatments and genes, have quickly become popular since their launching to guide
gene expression­based models [35].

Many studies have shown that introducing gene expression is critical for predicting
MoAs. Several tools have been developed for this purpose like MANTRA [29] or DEMAND
[31]. For MANTRA, they created a drug network based on similarities among gene signatures
after treating different cell lines at different dosages and times, with which they looked for
communities that could be identified with a specific MoA [29]. Alternatively, DEMAND also
uses a molecular interaction network besides the data from gene expression profiles. The main
objective was to assess profile changes to obtain a ranked vector of genes affected by the drug
and, after that, to verify it with experimental data (turning out to be a hybrid method) [31].
Lately, there have been attempts to integrate other relevant data such as cell viability [36]
or results coming from CRISPR­Cas9 screens (a technology with which they can obtain gene
expression profiles for gene knockout experiments) [33]. There is still room for improvement
in terms of the algorithms performance and data largeness since most of these models only
use a small sample of drugs, cell lines and other conditions related to the treatment of those
cells like the dosage and the time. This gap could be filled thanks to: (1) improvements of the
Connectivity Map leading to a scaled­up platform termed L1000 [37], which has been able to
represent up to a million gene profiles; and (2) the contribution of diverse institutions to offer
novel and complete datasets including, cell viability results of the same experiments of drug
treatment on top of gene signatures [38].

1.1 Aims of the project

The main objective of this project is to find the best ML model to predict the MoA (or
MoAs) of any drug based on the effects it has at a cellular level when tested in a pool of several
cell lines, from which gene expression and cell viability data is obtained.

In order to find the best model, we have set other specific aims, which are:

• Assess the importance of gene expression and cell viability data for predicting the MoAs
of a drug.

• Implement several Off­The­Shelf ML algorithms aiming to predict the MoAs and compare
their performance.

• Implement a Stochastic Block Model, a more sophisticated algorithm, to predict the MoAs
and to understand the interactions within the data.

• Interpret the results of the built algorithms and comprehend how they get to the MoA
assignation, if possible.

Bachelor’s degree of Biomedical Engineering, Rovira i Virgili University 3
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2 Data
2.1 Data Origin

All the data used in this project comes from the Kaggle competition ”Mechanisms of
Action Prediction” [38], which agrees on exploiting it for academic research. Kaggle is the
data science platform of reference, and they often host competitions like this one so as to
engage worldwide people to take part in its community while they stimulate unique solutions
as a response to new challenges. In this case, three distinguished institutions and projects
related to the data science field (Connectivity Map [39], the Laboratory for Innovation Science
at Harvard [40] and the NIH Common Funds Library of Integrated Network­Based Cellular
Signatures [41]) proposed the MoA competition. They aligned their forces to provide a unique
collection of gene expression and cell viability data, gathered with mechanisms of action
information.

There is not much information about the new technology that could simultaneously
measure cell viability and gene expression of different cell lines within the same sample.
However, we do know the underlying methodology for both of the analysis.

• Gene expression was measured through an assay based on L1000.

Even though the laboratory protocol they followed is out of the project’s scope, the
general concept is interesting. Given that gene expression is highly correlated [42],
Subramanian et al. [43] hypothesized that any cellular state could be captured at
a lower cost if only directly analysing essential genes. Such reduced representation
should recover, in turn, most of the information of the full transcriptome, meaning
that they would only consider the most informative genes, which they referred to as
landmarks. Once they concluded that 1.000 genes should be sufficient to explain the
whole transcriptome, they chose the landmark genes through statistical tools such as a
principal component analysis and a k­Means clustering. Briefly, in the end, the L1000
assay platform can provide information on the expression of a thousand genes by using a
ligation­mediated amplification approach and further processing involving coloured stains
and fluorescence (for more technical details see [37], [44]).

• Cell viability was measured through an assay based on PRISM.

Cell viability assessment does not involve the degree of complexity of gene expression.
PRISM approach [45], which stands for Profiling Relative Inhibition Simultaneously in
Mixture, consists basically in labelling each cell line with a unique DNA bar code. After
that, cells are treated with the drug for a few days, and then they analyse the quantity
of each bar code remaining, mirroring a count of still available cells (for more technical
details see [45]).

The bottom line at this point is that this Kaggle assay consisted of measuring how 100
different human cell lines gathered in a single sample responded to drug treatment of more
than 5000 drugs over periods from 1 to 3 days at two different dosages. Attached to this was
the actual sample’s mechanisms of action. Moreover, as in any experiment, some of the cell
combinations were exempt from drug testing so as to leave them as control samples.
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Due to its nature, the competition provided both training and test datasets; the former
set to create the model and the latter to check its accuracy. However, the test set lacked
information on the MoAs, so, for us, there was no point in using it since we would have
nothing to compare our predictions with. Hence, the datasets to work with were the ones
containing the measurements and the treatment information each sample had undergone
(training features) as well as the MoAs of each mixture (training targets). Important aspects
that could have been biologically helpful, particularly the name of the drugs, cells and genes,
were hidden from the data initially, albeit they revealed them after the contest deadline.

2.2 Data structure

Both features and targets files contain the same number of rows, each accounting for
a specific sample, which may have undergone different experimental processes. Since all
these samples were initially alike and what makes them different is how they were treated
afterwards, we will refer to these rows as conditions. There is a total of 23.814 rows in these
datasets, including treated and non treated (i.e., control) conditions, which have a specific
identification code (sig_id).

On the one hand, the file containing the features (i.e., the properties or measurements
that the model will use to predict the response and characterize each condition) has 875
columns which hold the following meanings:

• Column 1: cp_type indicates whether the condition has been treated with a drug
compound or not. It is a binary variable whose categories are trt_cp (treated) and
ctl_vehicle (non treated).

• Column 2: cp_time stands for how long a condition, if applicable, has been treated.
There are three options: 24, 48 or 72 hours.

• Column 3: cp_dose represents the dosage level chosen for the treatment. It is also
binary since it can be low (D1) or high (D2).

• Columns 4­775: g­ columns comprises the continuous measurements of gene
expression levels of the condition. The hosts of the competition z­scored and normalized
the raw values of the gene expression through quantile normalization [38], which aims
to homogenize their distributions to get rid of technical­based differences.

Once normalized, gene expression takes values from ­10 to 10.

• Columns 775­875: c­ columns contain the normalized values of cell viability levels
measured for each cell line.

Cell viability values should be between ­10 to 10 as well. However, since we are not
working with all the data points from the experiment (just with the Kaggle training sets),
it turns out that the actual maximum value represented in the dataset is 6,4 instead of
10.

As a summary of the aforementioned structure, Table 1 shows two conditions with their
respective features. The first one is an example of a treated condition, whereas the latter
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stands for a non treated sample. Information about treatment time and dosage is annotated
in both, albeit it should not be useful for the second condition.

Table 1. Features dataset example. The rows account for the conditions or samples of the
experiment and the columns for the different features.

sig_id cp_type cp_time cp_dose g­0 ... g­771 c­0 ... c­99
id_000644bb2 trt_cp 24 D1 1,0620 ... ­0,0224 ­0,060 ... 0,4176
id_fffc1c3f4 ctl_vehicle 48 D2 0,3942 ... 0,3603 1,065 ... 0,3808

On the other hand, there is also the targets dataset, depicted in Table 2. In this case,
the targets (i.e., the variables the model will have to predict) are the mechanisms of action the
conditions can have, integrated in the dataset as a collection of 206 columns. The values these
columns will contain will be either 0s or 1s, depending on the absence or the presence of that
MoA in that condition. Such mechanisms could imply, for example, the blockage of molecular
channels or the inhibition of a specific protein, which happens to be the most frequent MoA in
the data (inhibitor of the nuclear factor kappa­light­chain­enhancer of activated B cells ­ NF­kB
inhibitor).

Table 2. Targets dataset example. The rows account for the conditions and the columns for
each one of the targets or MoAs.

sig_id 5­alpha_reductase_inhibitor ... gsk_inhibitor
id_000644bb2 0 ... 1
id_fffc1c3f4 0 ... 0

2.3 Data characterization

As a first step of understanding the data and its interactions, we can extract some
analytical information. In this case, conditions become the unifying thread of the whole
problem, so we are interested in assessing the relationships between conditions and the
other variables. These variables, as a reminder, were essentially treatment information, gene
expression, cell viability and mechanisms of action.

Firstly, according to the information about the treatment these conditions might have
undergone, we can confirm the expected details. The proportion of control samples is low
with respect to the treated ones. Only 7,8% of conditions have been non­drug tested. From
the resting 92,2%, while half of them were treated with a high and low dose respectively, if
we analyse the proportion of conditions treated for 24, 48 and 72 hours, we can verify that
each third of the conditions correspond to these treatment time periods.

Then, for gene expression variables, a heat map could be valuable to detect patterns in
this data since this data is nothing but an extensive matrix of values belonging to a specific
condition and a given gene. Heat maps will depict the data as a grid with coloured boxes
describing a specific measurement value. These graphs are typical in research, primarily when
representing gene­based datasets. As a consequence of the large number of conditions we are
working with, Fig. 2 shows the gene expression heatmap drawn for a reduced representation
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of these conditions (1022 out of the original 23814). Furthermore, this graph has been
hierarchically clustered through dendrograms to make it easier to detect possible hidden
patterns or groups within the data. Knowing that each vertical line of Fig. 2 represents a
condition, whereas the horizontal lines stand for the different genes, we can notice that some
conditions have extreme gene expression values, either positive or negative, placed at both
sides of the graph. From those most coloured parts, we can conclude that some groups of
genes behave similarly. Therefore, we can determine around ten groups of genes overall by
analysing the most left side of the heat map.

The importance of the last variables is such that additional statistical analysis may be
worthy. The next aspect to examine is the difference between the control and the treated
conditions over their gene expression and cell viability outcomes. We computed the z­scores
of all these values against the controls (i.e., using the mean and the standard deviation of non
treated conditions). By doing so, we mathematically calculate how many standard deviations
a specific value is away from the control mean. Fig. 3 and Fig. 4 show the distributions
of the z­scores of a representative gene and cell, respectively. As expected, control samples
generally have a fairly narrower distribution than those tested with a drug.

Finally, as a consequence of the datasets including multiple columns to associate each
condition with their MoA, we can hypothesize that not only can a condition have a single
mechanism of action, but it also can be related to a bunch of mechanisms at the same time.
However, we have found out that most of them have only one MoA annotated, as depicted in
Fig. 5. In addition, some conditions have no MoA annotated. Unsurprisingly, all the control
conditions fit this latter case because they should not induce any significant biological change.
Still, a minority of drug­treated conditions do not have any MoA, which triggers the possibility
that either those drugs did not have an effect or did have an effect, but the mechanism is not
one of the 206 represented in this data.

2.4 Data pre­processing

In order to prepare the data for the machine learning algorithms implementation, it must
undergo some pre­processing techniques with the aim to avoid futher problems and to create
new combinations of these datasets.

In the first place, as seen in 2.2., there are two columns of the features dataset whose
values are not numerical. Those variables are cp_type and cp_dose and must be converted
to numbers to avoid further problems. For cp_type, we will substitute trt_cp with a 0 (treated
condition) and ctl_vehicle with a 1 (control condition). For cp_dose, a 0 will mean a low dose
(originally D1) and a 1 will represent a high dose (originally D2).

A variety of new datasets can emerge from the partition of the data if setting some
restraints. In this case, we have thought that it might be helpful to have it divided into
different datasets according to the treatment time and dose of the conditions. In the end,
there will be six sub­datasets representing the six possible combinations of treatment duration
(24, 48 and 72 h) and dosage (low or high). By doing so, we will be able to create multiple
models. Thus, if such combinations of these two variables happen to be significant for the
behaviour of the conditions, the performance of the predictive algorithms could increase.
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Figure 2. Gene expression heat map with a reduced representation of the conditions (1022
conditions out of the 23814). Dendrograms hierarchically clustered both rows, which
correspond to genes, and columns, corresponding to conditions. Each element has a
colour assigned based on its gene expression value.
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Figure 3. Z­scores distribution of gene expression for gene 1. The colours account for the
condition type, treated (trt_cp) or control (ctl_vehicle). The y axis is log­scaled, and it
represents the number of treated conditions (in blue) that falls into each gene expression
interval. The control conditions have been scaled up to resemble the treated conditions
distribution, but the counts should be lower for them.

Figure 4. Z­scores distribution of cell viability for cell 1. The colours account for the condition
type, treated (trt_cp) or control (ctl_vehicle). The y axis is log­scaled, and it represents
the number of treated conditions (in blue) that falls into each cell viability interval. The
control conditions have been scaled up to resemble the treated conditions distribution,
but the counts should be lower for them.

Some machine learning algorithms to be used later need discrete data as the input. In
our case, the originally continuous variables are those including genes and cells measurements,
and we should discretise them. To do so, we need to determine threshold values and decide
how many counterparts these variables should finally have. On the one hand, we want to
know which genes are over­expressed, normally­expressed or under­expressed, forcing the
number of counterparts to be three. On the other hand, we want to differentiate the cell lines
that have been less viable from those that have better maintained their population, so we will
just need two labels to represent them.
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Figure 5. Comparison between the number of mechanisms of action each condition has
annotated. The colours account for the condition type, treated (trt_cp) or control
(ctl_vehicle).

The initial idea might be that the drug treatment is the main responsible for those states
of over­ or under­expression of a gene and the decrease of cell viability. For that reason, we
want to compare the distributions of the values belonging to the treated conditions versus the
controls, which we consider as ordinary. We will take advantage of the z­scores distributions
obtained from the last section in order to choose threshold values that can separate typical
values, including most of the control conditions, from those out of the ordinary, in which the
minimum number of control points should fall in:

• For gene expression, we observe in Fig. 3 that a z­score of ± 5 can reach the goal of
separating well enough all these values in three new categories: ­1 for under­expressed
(until ­5), 0 for normally­expressed (from ­5 to 5) and finally 1 for over­expressed (for
z­scores higher than 5).

• For cell viability, focusing on Fig. 4 and considering that only two categories are needed
for the discretisation, a reasonable threshold could be a z­score of ­6. So, in the end,
there will be two discrete labels to express those values that account for a drop of cell
viability (for z­scores lower than ­6), represented with a 0, and those that have held a
stable population (for values higher than ­6), annotated with a 1.

2.5 Data splitting

We must be divided all the data into training and test datasets before implementing any
algorithm. The models will use the training datasets ”to learn”, while test sets will be useful to
validate these models. Given the significant number of conditions of the data, we will divide
it randomly so as to have 95% of them for training (i.e., 22623 conditions) and the other 5%
as the test (i.e., 1191 conditions). All the algorithms that we will implement will consider the
same data splitting.
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3 Machine Learning algorithms to predict Mechanisms of Action
Given the complexity of the data and the project’s aims, we need tools to model this data

to understand its inherent properties and predict the MoAs of drugs. Machine Learning (ML)
or Statistical Learning (SL) offers plenty of methods to fulfil these objectives, although some
of them will be better for a specific goal.

In this section, we will theoretically define the algorithms to model the data. In the first
experimental part of the project, we will work with algorithms known for being ”Off­The­Shelf”,
meaning that some programming libraries (in this case, in the scikit learn package of Python)
have already coded. This selection includes the following algorithms: Random Forest, Support
Vector Machine, Logistic Regression and Naïve Bayes. In contrast, the second experimental
part focuses on a more sophisticated method, the Stochastic Block Model, which requires
additional endeavour to programme its functionality. All these models will be finally validated
and compared to check which one performs better in terms of predictiveness.

The section includes: firstly, a theoretical framework including general concepts of ML
followed by explaining the particularities of each algorithm, and, finally, the definition of the
metric that will check the performance of these algorithms.

3.1 General concepts of Machine Learning

ML or SL offers tools that learn from the given data with the pursuit of understanding it.
Particularly, this learning can be supervised, which involves the algorithm to link inputs with
known outputs, or unsupervised when there are no annotated outputs. This project clearly
requires the former option since for each observation belonging to the inputs, which are the
variables related to the experiments and the measurements, there is an associated response:
having an MoA or not.

Before delving into the particularities of each algorithm, it is essential to have some
concepts clear in terms of notation. In general, the technicalities of the following explanations
related to ML and these methods come from [46], unless noted otherwise.

In section 3, we have already use the terms features and targets to refer to the different
datasets we have. On the one hand, the features correspond to the data retrieved from
the experiments, including both measurements (i.e., gene expression and cell viability) and
treatment indications (i.e., time, dosage and treatment type). These features are the input
variables for these algorithms and can be denoted with an X.

On the other hand, the targets stand for the annotated MoA of a condition. Since the
mechanisms are those variables we want to predict, we will refer to them as the output
variables, denoted with a Y . ML focuses on modelling the relationship between X and Y
throughout a function f , which can be estimated with the different proposed algorithms.
Besides, a random error term ϵ plays a role as well in this association. Therefore, the
relationship between X and Y can be understood as

Y = f(X) + ϵ. (1)

Suffice it to note that there are 206 different mechanisms of action that the model must
consider in our case. As a consequence of having a multi­output problem with 206 Y s, 206
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functions f have to be estimated, meaning that we will use the same algorithms several times
with the same inputs, although the output will differ. If the error term, whose mean is zero, is
obviated, we would have

Yn ≈ fn(X) (2)

to be repeated 206 times (where n goes from 1 to 206).

The estimation of the function f is, in fact, what ML algorithms do. This function may
be estimated both for inference, which accounts for understanding how changes in the inputs
X affect the outputs Y , and for prediction, in which the purpose is to predict new outputs
accurately. The latter usually implies that the function associating X and Y is not always
well understood, causing it to be treated sometimes as a ”black box”, which can lead to
reluctance when proposing the algorithms to the scientific community or industry. However,
such algorithms can work well with a great variety of problems. In addition, the function can be
estimated by means of parametric or non­parametric approaches. The distinction here is that
parametric methods require a previous step of assuming the shape of the function (e.g., linear),
causing, in turn, to estimate a set of parameters instead of a somewhat abstract function,
whereas non­parametric approaches do not assume its functional form and, for that reason,
can be more flexible. Nonetheless, this flexibility is often a synonym for less interpretability of
the model, making the box mentioned before to be even more opaque.

To conclude this general introduction to ML and to understand our choice of algorithms
to be used, it must be clear that there are two types of problems in ML overall relating to the
properties of the output of the model. Regression problems are those in which the targets are
quantitative variables (i.e., numerical values), while classification problems involve qualitative
or categorical output variables, which happens to be the case of the project. Even though our
targets take values of 1 or 0, these are different categories accounting for yes or no when
asking if a condition has a specific MoA.

In a nutshell, the project aims to tackle a multi­output classification problem through
different types of machine learning algorithms. The data will be divided as mentioned in 2.5.
into a training and a test set. The former will estimate the functions f that associate the
features or inputs with the MoAs, and, in the end, the same functions will work with the test
inputs to predict the MoAs of these new entries.

3.2 Algorithms particularities

3.2.1 Off­The­Shelf models

3.2.1.1 Random Forest

Random Forest (RF) models combine several decision trees. These trees aim to segment
the features space into several simple regions, known as splitting, which focuses on rules this
data follows. The main idea is to divide the data recursively and binarily into different nodes
depending on the value of a specific variable to classify it. The divisions aim to finally leave
each node as pure as possible (i.e., containing predominantly observations from a single class).

To exemplify how decision trees work, imagine we only take into account the features
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of the condition type (cp_type), the dosage of the treatment (cp_dose), gene expression of
(g­1) and cell viability of (c­1) to understand the classification of a mechanism of action (the
labels will account for having that MoA or not). One of the RF individual trees could have a
similar shape as in Fig. 6. It is important to bear in mind that Fig. 6 is made­up; it does not
represent the actual pattern of our data. Given that a single RF model includes many trees,
the final prediction of the MoA would be given by the most voted class each tree predicted.

Figure 6. Made­up example of how a decision tree works for classifying the data. The tree
finally classifies the condition into having or not having a mechanism of action, based on
binary questions considering the values of its features.

Even though RF are ready for use in Python, there are some parameters that users can
control of this model. For example, we can specify the number of trees, the minimum samples
a node must have to split it into two internal nodes, among other aspects.

3.2.1.2 Support Vector Machine

Support Vector Machine (SVM) aims to represent the classification problem through an
n­dimensional feature space divided by hyperplanes, flat affine subspaces of n−1 dimensions.
In this context, if only having two X variables, the hyperplane would be a simple line dividing
the plane, and the classification would depend on the side of that plane the observation fell
in. In addition, this line (or any subspace needed to represent the feature dimensions) should
maximize the distance between the observations that belong to each Y category, creating a
gap between them. However, in SVM, there is room for a few training observations to be along
this gap and be on the wrong side of the space to make the model more robust. Fig. 7 depicts
another made­up example of how a two­dimension feature space could be modelled by the
SVM, considering two gene expression variables to classify the points (which account for the
conditions) into the category of having a given MoA or not.

Moreover, the boundary that separates the observations can take on different shapes
apart from the linear hyperplane mentioned above. This shape can be modified when working
with SVMs by means of what is known as kernels, which can be, for example, linear, radial or
polynomial.
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Figure 7. Made­up example of how a support vector machine for a two­dimensional feature
space work for data classification. Depending on the localization of a condition in this
plane, the support vector machine will classify it into having or not having a mechanism
of action. The lines account for the hyperplane and the margins that separate both
classifications.

3.2.1.3 Logistic Regression

Logistic Regression (LR) is a classification algorithm, although its name can be confusing.
It models the probability that the response belongs to a particular category in problems that
have binary responses. This probability is calculated like

p(Y = 1|X) =
eβ0+β1X

1 + eβ0+β1X
(3)

where β0 and β1 are coefficients that will be estimated from the data employing the maximum
likelihood method, which aims to find those coefficients that better reproduce the original
response for each variable of the feature space.

To illustrate the bottom line of this method, we will suppose that a gene expression
variable (e.g., g­0) can classify the conditions based on the presence or the absence of a
particular MoA. The estimated probabilities of having the MoA could be as in Fig. 8, where
low gene expression values would have a low probability of having the MoA while the opposite
case happens for high values. Again, this representation exemplifies how the model could
work using the actual terminology used with our data, although it is made­up.

3.2.1.4 Naïve Bayes

Naïve Bayes (NB) models rely on Baye’s theorem and the naïve assumption that each
pair of features is independent. The objective is to assign the probability for a condition to
have a particular MoA, considering its features. This probability can be calculated with Baye’s
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Figure 8. Made­up example of the probability of having a specific mechanism of action by the
logistic regression model when only one features variable (i.e., gene expression for g­0 is
taken into account). If the condition had a low value of gene expression, the probability
of having that mechanism would be very low, while it would happen the opposite for a
high value of gene expression.

theorem as

p(y|X) =
p(X|y) · p(y)

p(X)
, (4)

where X are the features and y one of the two options related to the MoA (y could be the
fact of either having or not having that MoA). Since X is composed of different variables
(X = x1, ..., xn), but these are independent, in the end the posterior (i.e., the probability
calculated above) is given by

p(y|X) =

∏n
i=1 p(xi|y) · p(y)∏n

i=1 p(xi)
. (5)

There are different ways to compute the likelihood term, we will use the Gaussian
approach, which allows the features to be continuous (which is the original case for gene
expression and cell viability variables) assuming they follow a normal distribution with the
respective mean (µ) and variance (σ2). Each individual likelihood will be calculated as

p(xi|y) =
1√

2πσ2
ye

(
−(xi−µy)2

2σ2
y

)
. (6)

In general, NB models are good classifiers but poor estimators, meaning that the final
classification are more reliable than the actual probabilities assigned to each class [47].

3.2.2 Stochastic Block Model

The second part of the experimental part focuses on the increasingly popular Stochastic
Block Model (SBM), which does not work like the other algorithms for which we will have to
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build several individual models concerning each MoA. This generative approach shapes the
whole data through a graph or network from which different communities can emerge. An
SBM will create a non­directed graph with nodes related to others by edges, and where the
main idea is that some nodes can be part of a group or community, which, in turn, will be
highly connected to another community of nodes.

However, instead of a basic SBM that only considers the possibility for a node to be part
of a single group, we will be using a Mixed Membership Stochastic Block Model (MMSBM).
By using so, a node does not have to belong to a specific group; instead, it can belong to a
mixture of those.

Considering this is still quite an original algorithm for ML, we will thoroughly explain it,
emphasizing the mathematical idea underneath. We have specially defined the equations for
this project (following the concepts and terminology used in [48]).

All the values that associate conditions with features and targets must be discrete.
Therefore, we will work with discrete gene expression and cell viability datasets (as described
in 2.4). It is important to note that this model will not consider the features related to
the information about the experiment (i.e., neither type of condition, treatment dose, nor
treatment time) to reduce the system’s complexity.

As in the other cases, the objective is to predict the MoA, m, associated to each one of
the C conditions the data includes, c. For each condition we have information of the expression
of G genes and the cell viability of V cells. For conditions in the training set we also have the
list of MoAs associated to them out of M possible MoAs.

We will assume that there are underlying groups of conditions and MoAs, so that
conditions in the same group are associated with the same groups of MoAs. We assume
that there are K and L underlying groups of conditions and MoAs, respectively. Since we
are using MMSBM, we then allow each condition c to belong to any condition group α with
probability θcα; we also allow each MoA m to belong to any β MoA group with probability θmβ.
θc and ηm are called membership vectors and because they represent the distribution of the
memberships over groups they must satisfy the normalization condition:

K∑
α=1

θcα = 1 ,
L∑

β=1

ηmβ = 1 . (7)

MMSBMs further assume that the probability that a condition in group α is associated
with a MoA in group β is pαβ and not associated with probability 1 − pαβ. To ease with the
notation, we define a variable rcm which is equal to 1 if condition c is associated to MoA m
and to 0 otherwise so that then we can write:

pαβ(r) =

{
pαβ r = 0

1− pαβ r = 1

∑
r

pαβ(r) = 1, (8)

which defines a probability matrix p.

Given the membership vectors and the association probability matrix, then the probability
that condition c has an association rcm with MoA m is:

p(rcm|θ,η,p) =
∑
α,β

θcαpαβ(rcm)ηmβ . (9)
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Because we assume that MoAs are related to gene expression and cell viability data, we
will assume that we can model the relationship between genes and conditions and between
cell viability data and conditions also using an MMSBM. Furthermore we will assume that the
group membership vectors for conditions (i.e., θ) are the same in the three cases.

The discretisation of gene expression and cell viability allowed us to set three different
relationship values e between genes and conditions e, ecg=0 if gene g has a normal expression
level in condition c, ecg=1 if gene g is over­expressed in condition c, and ecg=­1 if gene g is
under­expressed in condition c. From here, we assume that there are T underlying groups
of genes, and define membership vectors for genes ϕg, so that ϕgγ is the probability that
gene g belongs to gene group γ. We also define the probability matrix q so that qαγ(e) is the
probability that a condition in group α had an association of type e with a gene in group γ. As
before ϕ and q are subject to the normalization conditions:

T∑
γ=1

ϕgγ = 1 ,
∑
e

qαγ(e) = 1 . (10)

Given the membership vectors for conditions and genes and the probability matrix q the
probability that in condition c gene g has expression level e is

p(ecg|θ,ϕ,q) =
∑
α,γ

θcαqαγ(ecg)ϕgγ . (11)

We do the same for association between conditions an cell viability. In this case cell
viability of condition c and cell type v is also a binary variable tcv=0, 1. We assume that there
are F underlying groups of cells and we define a membership vectors for each cell v, ξv so
that ξvδ is the probability that cell v belongs to cell group δ. We also define an association
probability matrix s so that sαδ(t) is the probability that cell v under condition c has cell viability
type t.

Given the membership vectors and the association probability matrix, the probability that
in condition c, cell v has cell viability of type tcv is:

p(tcv|θ, ξ, s) =
∑
α,δ

θcαsαδ(tcv)ξvδ . (12)

We are interested in predicting unobserved associations between conditions and MoAs,
given the observed associations between conditions, MoAs, gene expression levels and cell
viability, D = {{rcm}, {ecg}, {tcv}}. As a reminder, we have a set of conditions Co for which
we have a complete set of training observations (including MoA annotations) and a set of test
conditions Ct of which we only know gene expression levels and cell viabilities.

In order to control for the effect of gene expression levels and cell viability, we define a
log Posterior (logP (model|D)) that gives different weights to the different terms, accounting
for MoA, gene and cell information:

logP (model|D) =
∑

c∈Co,m

log p(rcm|θ,η,p) + λg
∑

c∈Co+Ct,g

log p(ecg|θ,ϕ,q)

+ λv
∑

c∈Co+Ct,v

log p(tcv|θ, ξ, s) (13)
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where λg and λv are the weights given to gene expression and cell viability information,
respectively.

Our goal is to find the model parameters that maximize the posterior, which are {θ⋆,η⋆,
ϕ⋆,p⋆,q⋆, s⋆}. With these parameters we can compute the probability of rcm=1 for unobserved
associations between conditions and MoAs using the equation

p(rcm = 1|θ⋆,η⋆,p⋆) =
∑
αβ

θ⋆cα p
⋆
αβ(1) η

⋆
mβ . (14)

To obtain {θ⋆,η⋆,ϕ⋆,p⋆,q⋆, s⋆} we will use an Expectation Maximization algorithm with
the following iterative equations for modelling such parameters:

• Expectation step, with which we will compute these auxiliary functions

Ωαβ(c,m) =
θcαpαβ(rcm)ηmβ∑

α′β′ θcα′pα′β′(rcm)ηmβ′
(15)

ψαγ(c, g) =
θcαqαγ(ecg)ϕgγ∑

α′γ′ θcα′qα′γ′(ecg)ϕgγ′
(16)

Παδ(c, v) =
θcαsαδ(tcg)ξvδ∑

α′δ′ θcα′qα′δ′(tcg)ϕgδ′
(17)

• Maximization step, with which we will use the above auxiliary functions to obtain new
values for the parameters of the model.

θcα =

∑
m∈Mc,β

Ωαβ(c,m) + λg
∑

g∈Gc,γ
ψαγ(cg) + λv

∑
v∈Vc,δ

Παδ(cv)

|Mc|+ λg|Gc|+ λv|Vc|
(18)

ηmβ =

∑
c∈Cm,αΩαβ(c,m)

|Cm|
(19)

ϕgγ =

∑
c∈Cg ,α

ψαγ(c, g)

|Cg|
(20)

ξvδ =

∑
c∈Cv ,α

Παδ(c, v)

|Cv|
(21)

pαβ(r) =

∑
c∈Co,m/rcm=r Ωαβ(c,m)∑

c′∈Co,m′ Ωαβ(c′,m′)
(22)

qαγ(e) =

∑
c∈Co+Ct,g/ecg=e ψαγ(c, g)∑
c′∈Co+Ct,g′ ψαγ(c′, g′)

(23)

sαδ(t) =

∑
c∈Co+Ct,v/tcv=t Παδ(c, v)∑
c′∈Co+Ct,v′ Παδ(c′, v′)

(24)

where Mc is the set of MoAs with known association with condition c; Gc is the set of
genes associated with condition c; Vc is the set of cells with known viability in condition c;
Cm is the set of conditions with known association with MoAm; Cg is the set of conditions
for which we know the expression level of gene g; Cv is the set of conditions with known
cell viability of cell v; finally, |X| is the cardinality of set X.
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The iterative algorithm to obtain the model parameters that maximize the log posterior
will be as follows:

1. We will generate values at random for θ, η, ϕ, ξ, p, q and s and then apply the
normalization conditions.

2. We will compute the auxiliary functions Ωαβ(c,m), ψαγ(c, g) and Παδ(c, v) using the
Expectation Step equations.

3. We will finally obtain new values for the parameters from the equations in the
Maximization step.

4. We should repeat steps 2 and 3 until the algorithm converges (i.e. the differences in
parameter values are below some threshold or the log Posterior stabilizes).

3.3 Metric

Once having the models, these will predict the MoAs of new conditions that has not been
seen yet, which belong to the test set. These predictions will undergo a validation process
in order to check the performance of each approach. There are different metrics to do so,
accuracy and precision among them, which considers the label’s prediction (1 or 0 in this
case). Nevertheless, guided by the Kaggle competition rules [38], we will be using another
score that is also typically suggested for classification problems like this one, which is the
logistic loss score (log­loss).

Log­loss uses the probabilities of the predictions instead of the final assignation of the
classes. It indicates how close the prediction probability is to the original label of the response.
The log­loss is

score = − 1

M

M∑
m=1

1

N

N∑
i=1

[yi,mlog( ˆyi,m) + (1− yi,m)log(1− ˆyi,m)] (25)

where N and M are the number of conditions and MoAs in the test set, respectively, ˆyi,m is
the predicted probability of a positive MoA response for a condition and yi,m is the actual label.
In addition, log corresponds to the natural logarithm.

The higher the log­loss, the worse the model is in terms of performance since it means
that the probabilities diverge more from the original classification.
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4 Implementation of the algorithms and results
In this section, we will combine the implementation of the algorithms mentioned above

with the results collected along the way. We will follow the order in the previous section,
so the first part focuses on Off­The­Shelf methods and the second part on the Stochastic
Block Model. We have trained all of these algorithms with the whole training datasets and,
posteriorly, validated them using the same models with the test set. In the end, we will
combine all the results related to the performance of the models given their log­loss score to
compare their predictiveness level.

We have been working with Python to programme all these algorithms (see Appendix
1).

4.1 Off­The­Shelf models

The common steps we must follow with each one of the algorithms of this first part (RF,
SVM, LR and NB) will be:

1. Apply the algorithm with the training data to obtain the models. Since there are 206
targets columns (i.e., MoAs) to predict, there will be 206 individual models.

2. Use the obtained models with the test data to predict the probabilities of conditions
to have a positive response for each MoA (i.e., probability of having a 1 associating a
condition to an MoA).

3. Since all the control conditions should clearly have no MoA assigned, we will force such
probabilities to be 0.0, no matter how they were predicted.

4. Compute the log­loss score to obtain the result accounting for the performance of the
model.

Nonetheless, to conclude this part, we will implement two different methodologies based on
the results given by these four Off­The­Shelf ML algorithms, known as metamodels. The steps
to follow will be different, and we will specify them later.

4.1.1 Random Forest

We have implemented several RFs in different ways to analyse the effect of various
aspects related to the algorithm functioning or the data that it considers.

Firstly, we designed a simple test to detect how modifications to the algorithm’s
parameters affect the log­loss score. There are several parameters to control, and it would be
highly time­consuming to cover them all. That is why we focused on two of these parameters
that turned out to be of great importance. By default, each RF combines 100 estimators or
trees and determines that the minimum samples a node must have to continue splitting the
tree is 2. The experiment, then, consisted in comparing the log­loss given by the models with
different combinations of these two parameters. The number of estimators chosen for this
first screening was 100 and 200, combined with 2 and 4 minimum samples per leaf. Table 3
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summarizes the log­loss scored by the RF using each parameters combination. We can observe
that increasing both the number of estimators and the minimum samples per leaf causes the
model to work better.

Table 3. Summary of the log­loss values scored by the random forest with different values for
the number of estimators and the minimum samples per leaf.

Number of estimators
100 200

Minimum samples 2 0,0544 0,0364
per leaf 4 0,0376 0,0306

To conclude with this analysis of the parameter’s effects, given that the minimum samples
per leaf is a parameter that will not raise the time needed to create the model, we decided
to continue exponentially increasing its value until the log­loss stabilises. All these further
experiments worked with 200 trees for each RF. The log­loss had clearly stabilised when we
reached the 64 minimum samples, as shown in Fig. 9. Finally, the best score for an RF
employing the original datasets (with 200 trees and 64 minimum samples per leaf) is 0,0174.

Figure 9. Evolution of the log­loss score based on the changes on the minimum samples per
leaf of the random forest model.

Next, once we know the best selection of parameters (i.e., 200 trees and 64 minimum
samples per leaf), we created various RF models for each group of conditions with a given
combination of treatment dosage and time (as mentioned in 2.4), so we finally had six general
models. We created a final dataset that gathered all the probabilities given by these to calculate
the log­loss. Despite creating different models for this data partitioning, the log­loss did not
improve, obtaining a score of 0,0187.

Finally, we can retrieve deeper information that might be useful for the interpretability
of the RFs, such as feature importance. Trees of an RF are split according to such variables
that can better reduce the impurity of a node (i.e., to have more similar observations on a
single node). So, variables or features will be more critical if they can significantly reduce this
impurity and even more if they can lower it in nodes that contain many observations, which
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are the nodes that are on the top of the tree. This way of assessing feature importance is
known as Mean Decrease of Impurity (MDI), and we have measured it for all the features
considered in each submodel used to predict each MoA, for the case of 200 estimators and 64
minimum samples per leaf. We could detect that, in general, there are just a few features that
stand out, whereas the importance of the rest decreases slowly (as shown in Fig. 10 for the
case of the acetylcholine receptor antagonist MoA). Among the most important features, we
could never observe those accounting for treatment type, nor time, nor dose; most of these
important features are gene expression variables, apart from a few cell viability variables.

Figure 10. Feature importance for the prediction of the mechanism of action acetylcholine
receptor antagonist. It represents the 55 most important features and their respective
MDI (Mean Decrease of Impurity).

4.1.2 Support Vector Machine

Since SVMs are not as malleable as RFs, we performed fewer experiments with this
algorithm. Firstly, we wanted to compare how the kernel used to model the data affected its
performance. For that reason, we used a linear and a Radial Basis Function (RBF) kernel. The
results of the log­loss score were:

• Linear kernel: 0,0159.

• RBF kernel: 0,0149.

Both SVMs significantly outperformed the best RF we had previously obtained. However,
trying to model the complexity of our data with a linear kernel is not sufficient, or at least, the
log­loss score is not as low as the log­loss of the RBF model, which is more flexible in terms
of boundaries shapes that aim to divide the data.
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Finally, we also followed the process of creating models for each dosage and time
combinations, considering those six data partitions. In this case, the SVM employed an RBF
kernel since it was the best option, as mentioned above. Nevertheless, it also turned out to
have no positive effect. The log­loss score obtained in this case was 0,0166. Therefore,
dividing the data into such combinations is even more detrimental than using a simple linear
kernel.

4.1.3 Logistic Regression

LR needed fewer features to build the models properly; otherwise, Python could not
handle such an amount of data. We decided to address this problem by taking advantage of
the feature importance rankings obtained from the best RF model. The bottom line was to
select those most important features to predict each MoA. However, the number of features
to be selected became an essential aspect of assessing.

First of all, we built an LR with the data accounting only for the 15 most important
features for each MoA. Next, to pick these features more mathematically, we computed the
z­scores of the MDI values of each individual model (used to predict each MoA). From these
new values, we set a threshold to 2,5 to select only those features with a higher z­score (i.e.,
we will select all the features that are further than 2,5 standard deviations from the mean of
MDIs) (see Appendix 2). With this latter selection, the number of features to be considered
when building each submodel will differ. In Fig. 11, we can see the number of selected features
for the first 25 MoAs, employing the z­score picking, which on average selects 22 features.

Figure 11. Number of features to be considered for the first 25 models (first 25 MoAs). The
selection is based on the z­score values of the MDI (Mean Decrease of Impurity), picking
those features with a z­score higher than 2,5.
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The results obtained from implementing the LR for these new datasets were:

• 15 most important features selection: 0,0166.

• Z­score­based most important features selection: 0,0167

Hence, the LR works better when simply choosing a particular number of features instead of
the z­scored­based selection. Despite significantly reducing the number of features to train
and test the model, the LRs models are close to SVM and RF in terms of performance since
the log­loss scores are similar.

Even though data partitioning based on time and dosage combinations did not improve
the predictiveness of the previous algorithms, now that the model will not take such variables
into account by any chance since the selection of features does not include them, we will try
to do it again with the LR. However, it is still worthless since it scored a log­loss of 0,0199
(when using the top 15 features choice).

4.1.4 Naïve Bayes

For the NB algorithm, we followed the same steps as for the LR. As mentioned in 3.2.1.4.,
the approach to calculate this Bayesian model’s likelihood is the Gaussian method, which
requires continuous features. For that reason, and taking advantage of the selection of features
we had done for the LR models, which did not consider treatment features as important ones,
we will use the same methodology as above. We have implemented an NB with the 15 most
important features data, the z­score­based selection of features data and, finally, the data
partitioned into dosage and time combinations. The results are:

• 15 most important features selection: 0,200.

• Z­score­based important features selection: 0,4094.

• Dosage and time partitioned data: 0,1978.

Such results are far from the rest; the scores are not in the same magnitude order, reasserting
NB being a poor estimator. However, a surprising aspect is that it has been the only case for
which a model did improve, although slightly, the performance when dividing the data into
different combinations of dosage and time.

4.1.5 Metamodels

A metamodel is as a model of models. In other words, it is a methodology used to take
advantage of the model’s results, trained with the data of interest, to create a superior model
that could outperform the individual models (i.e., the RF, SVM, LR and NB).

We have designed two strategies to follow this concept based on the results obtained
for each algorithm implemented above. Firstly, one of such strategies, which we will refer to
as best­of­all, aims to detect the model that has worked best for a specific MoA. Next, the
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second one will build this aforementioned superior model taking all the final probabilities (i.e.,
outputs) of the previously used algorithms as its inputs. Both methodologies consider those
models that obtained the lowest log­loss when implementing each ML algorithm, which are:

• RF model with 200 estimators and 64 minimum samples per leaf without data partition.

• SVM model with RBF kernel without data partition.

• LR model with the 15 most important features without data partition.

• NB model with the 15 most important features without data partition.

On the one hand, the best­of­all strategy consisted of using the four models to predict
the probabilities for the same datasets that we used to train the algorithms, as the first step.
Then, once we have all these probabilities, we compute the log­loss scores individually for each
MoA (i.e., each column of the targets dataset) instead of the general log­loss we had analysed
before. In the end, we know the metric scores that each one of these four models obtained for
each MoA prediction. The next step is to record which algorithm works best for each MoA (i.e.,
which model obtained the lowest log­loss) and, finally, we will use those recorded algorithms
to predict the final probabilities using the test datasets. To summarise, we will predict each
MoA with one of these four models we had; so, for the first mechanism, we may use the SVM,
while for the second one, the RF could be the best option to define its predicted probabilities.

The best­of­all strategy scored 0,0154 ­ the log­loss turns out to be the second­best
score after the SVM with the RBF kernel.

On the other hand, the second strategy, rigorously a model of models, will create new
datasets with the final probabilities (for both training and test set) that each one of the models
had assigned for each MoA, although we decided to eliminate the NB probabilities due to its
poor performance. There will be as many probabilities datasets as mechanisms (i.e., 206),
and they will act as the metamodel features. The targets, in this case, will be the column
added to these datasets containing the association between the condition and the MoA (i.e.,
0 or 1). Once all these datasets are ready, we apply an RF using the probabilities and targets
for the training set. Later, the same RF will use the data from the test set to predict its final
probabilities. The log­loss obtained with this approach has been 0,0794, which is significantly
high compared with the other results.

4.1.6 Summary

To conclude this first experimental part, Table 4 summarize the log­loss that the most
representative algorithms scored, including the particularities of each implementation.

Since the SVM with the RBF kernel has scored the best log­loss, it is the model that stands
out from the Off­The­Shelf algorithms in terms of performance. Taking advantage of having
the individual log­loss for each MoA, we have analysed how the frequency of a MoA (i.e., the
number of conditions that actually have that MoA associated to) affects this score. To do so,
we have plotted the log­loss against the number of conditions associated to an MoA in Fig. 12.
We can observe that, in general, the lowest log­loss scores correspond to those MoAs that are
not frequent (i.e., MoAs that have fewer conditions associated), while higher scores correspond
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Table 4. Summary of the log­loss values obtained by the Off­The­Shelf ML algorithms.

Algorithm Particularities Log­loss
Random Forest Default parameters 0,0544

64 minimum samples per leaf
and 200 trees 0,0174

Dose­time data partition 0,0187
Support Vector Machine Linear kernel 0,0159

Radial basis function kernel 0,0149
Dose­time data partition 0,0166

Logistic Regression Top 15 features 0,0166
Top z­scored features 0,0167
Dose­time data partition 0,0199

Naïve Bayes Top 15 features 0,2000
Top z­scored features 0,4094
Dose­time data partition 0,1978

Metamodel Best­of­all strategy 0,0154
Probabilities as features 0,0794

to those MoAs that are very common among the conditions. However, some MoAs obtained a
relatively low log­loss although having many conditions associated. The most extreme case is
what happens with the MoA proteasome inhibitor, which scored an exceptionally low log­loss
although being a common MoA among the conditions.

Figure 12. Log­loss scored by each mechanism of action with the support vector machine
algorithm against the actual number of conditions each mechanism is associated with.
The model used a radial basis function. The red box highlights the case of the mechanism
proteasome inhibitor.

Additionally, given that the following algorithm we want to work with is the stochastic
block model and we determined that we would only consider discrete gene expression and cell
viability data, we wanted to assess the fact of only having this data and what would happen

Bachelor’s degree of Biomedical Engineering, Rovira i Virgili University 26



Computational prediction of the mechanisms of action of drugs using machine learning algorithms

with the discretisations that we discussed in 2.4. So, we have used the SVM for different data
combinations: only considering gene expression, only cell viability, both cell and gene data
and, finally, the latter, plus the treatment information (i.e., condition type, dose and treatment
time). Moreover, we built SVMs for each combination twice to account for continuous and
discrete genes expression and cell viability values, if considered for the model. Table 5 contains
all the log­loss results for these cases. Since, in general, the discretisation did not damage
the performance of the SVM considerably, except for some cases that we will discuss in the
discussion section, we can continue with our purpose of creating an SBM.

Table 5. Summary of the log­loss values obtained by the SVM with different features selections,
all of them assessed with both continuous and discrete values.

Particularities of the SVM Log­loss for continuous
values (for genes and cells data)

Log­loss for discrete
values (for genes and cells)

Gene expression 0,0152 0,0182
Cell viability 0,0159 0,0186
Gene expression and cell viability 0,0149 0,114
Gene expression, cell viability and
treatment information 0,0149 0,0175

4.2 Stochastic Block Model

The SBM will not work like the rest of the algorithms which have as many individual
models as MoAs. Instead, the SBM will shape the data into a general graph of associations
between each condition and their corresponding discrete values of genes, cells and MoAs (as
seen in 4.2.2), without considering those features which stand for the treatment information.
We must also forget about the idea of creating a model fitted to the training data to use it,
finally, with the test dataset because from now on, the model will use both training and test
datasets from the very first step.

We need to set several values for the SBM: the number of groups of conditions, MoAs,
genes and cells (K, L, T , F , respectively) and the weight or importance we want to give to the
gene expression and cell viability data (λg and λv, respectively) compared to the importance
of the MoA annotations, among them. Since it is an iterative algorithm, it will also be crucial to
decide when these iterations should stop. Next, we will discuss how we choose such values,
based mainly on the usage of gene expression data, instead of both gene and cell data, to
ease such picking. Once optimised, we will assess the effect of adding this cell viability data
into the model.

In general, the SBM will consist of several runs; that is, we will run the code several
times to get different results of the model’s parameters (i.e., the membership vectors and the
probability matrices) since the first assignation to the membership vectors is at random and
can produce significant changes on their final values. Then, we will average the probabilities
obtained by each run in order to get a final dataset of probabilities, from which we will calculate
the log­loss. We must consider the time to be consumed for each run as a crucial aspect,
besides the overall model’s performance, since we need several runs to create the general
SBM. Hence, we have to thoroughly analyse the number of groups and iterations, which will
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also play an essential role in this computing time.

4.2.1 Only gene expression

4.2.1.1 Number of iterations choice

First of all, we want to decide how the iterative algorithm will know when to stop. Each
iteration will involve the parameters of the models (i.e., the membership vectors and the
probability matrices) to be better defined for our data, causing the log posterior to be higher
(i.e., the probability of having that model given the data). So, the more iterations, the better
the performance of the model. However, this algorithm is highly time­consuming, meaning that
we should find a way to set the number of genuinely needed iterations for the model to work
properly. We can assess this correct behaviour by analysing the evolution of the log posterior,
which should stabilise at some point, or by checking the convergence of the parameters.
Nonetheless, checking the log posterior difference or the parameter’s convergence between
successive iterations will not be optimal in terms of time.

For that reason, we decided to set a specific number of iterations for all the models to
be created. To do so, we have examined such parameter’s convergence and log posterior
evolution for the cases of a single run with K=L=T=2, 3, 4 and 5. We have used a high
number of iterations, 1500, to ensure the model’s stabilisation. Fig. 13 depicts the evolution
of the log posterior for all four values ofK, L and T . The log posterior is constantly increasing,
and we can confirm that 1500 iterations are far too many. Since all the steeper slopes happen
before reaching the 200th iteration, we have decided that 500 iterations should be enough in
general, considering that some cases (e.g., increasing the number of groups) could require
more iterations to reach the model’s stabilisation. Despite checking the average relative error
of the parameters, see Fig. 14 for such evolution in the case of having K=L=T=3 groups,
we can observe that the convergence does not allow us to set any rule that can be helpful to
determine the number of iterations.

4.2.1.2 Weight of gene expression choice

Secondly, working with gene expression requires setting a weight (λ) to that data. The
most important part of the SBM is the interactions between the conditions and the MoAs.
However, the data standing for the gene expression (or/and cell viability) acts as the metadata
that will help to shape all these interactions. The weight to assign to the metadata should be
inversely proportional to its size compared to the primary data size (i.e., number of MoAs) so
as to equally contribute to the log posterior [49]; so, if there are approximately 200 MoAs and
800 genes, the weight of the genes should be 1/4. In order to check this value to be working
correctly with our SBM, we tested other values following the exact implementation: an SBM
was built with ten runs, 500 iterations and K=L=T=4, only changing the λg values. These
values of λg were 0,025, 0,25 and 2,5.

The log­loss obtained for each case of λg is:

• If λg is 0,025: 0,0210.
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Figure 13. Log posterior evolution of the stochastic block models when setting K=L=T=2, 3,
4 and 5, respectively. Each line represents one of these cases.

Figure 14. Convergence of the parameters evolution for the case of K = L = T = 3. The y axis
represents the average relative error between two successive iterations as a percentage.
Each line stands for a specific parameter of the model (i.e., including the membership
vectors and the probability matrices).

• If λg is 0,25: 0,0204.

• If λg is 2,5: 0,0205.

Despite the closeness of these results, we still can corroborate the usage of a gene expression
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weight of 0,25 since it scored the lowest log­loss.

4.2.1.3 Number of groups choice

Last but not least, we must set the number of groups of conditions, MoAs and genes (i.e.,
K, L and T ). To determine the number of genes groups or T , we concluded from the gene
expression heatmap (Fig. 2) that there were around ten sets of similar genes, as mentioned
in 3.3. Since the algorithm we use is a mixed membership SBM and, then, one gene will
not be associated with a single group, but it can be part of all these groups with a different
probability of involvement (described in the membership vector), the model does not require
these ten groups. Instead, we will set T=5 since we could easily separate ten items with five
dimensions, which would account for each dimension of the membership vectors of the genes.

Up to now, we had been working with K=L=T . If T=5, then the number of groups of
conditions and MoAs (i.e., K and L, respectively) should be equal to 5 as well. However, the
model’s performance would be very similar to the case in 4.2.1.2 (withK=L=T=4), which was
higher than the log­loss obtained by many Off­The­Shelf algorithms. Therefore, we decided
to raise K and L to 10 and 20 for both. Finally, we built two models with such combinations,
considering λg=0,25, with 500 iterations and 100 runs for each model. The log­loss scores
computed for both cases are the following:

• K=L=10 and T=5: 0,0198.

• K=L=20 and T=5: 0,0196.

The performance of the SBM has reached its maximum withK=L=20 and T=5. Nevertheless,
it has not exceeded many of the first part algorithms.

4.2.2 Both gene expression and cell viability

Adding cell viability data will cause a notorious increment of time used to build the SBM.
Since this section aims to analyse whether adding this data will have a positive or negative
effect, comparing the performance of the models with and without it, we can decrease the
values of K, L, T and F , which corresponds to the number of groups of cells. As long as
both models work with the same values, the values assigned do not matter. The weight of the
cell viability data (λv) should be 2 since there are 100 cells and approximately 200 MoAs. So,
we will build two SBMs with K=L=T=F=2, λg=0,25, λv=2, 800 iterations so as to give the
parameters more time to converge, and 10 runs for each model. Finally, the log­loss scores
obtained with each model are:

• Only gene expression: 0,0206.

• Both gene expression and cell viability: 0,0209.

Since adding cell viability data did not cause the log­loss to decrease, we will not build any
other SBM with both cells and genes data.
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4.2.3 Summary and interpretation of the SBM

To sum up, Table 6 gathers all the log­loss results of the SBMs implemented above for
different cases, including only gene expression data or both gene expression and cell viability
data. All the SBMs depicted in Table 6 used λg=0,25 and λv=2, in case of including the latter
data.

Table 6. Summary of the log­loss values obtained by the SBMs. In all cases, the weight of the
parameters has been fixed for λg=0,25 and λv=2 (in case of considering cell viability
data).

Particularities of the SBM Log­loss
K=L=T=4 (genes) 0,0204
K=L=10 and T=5 (genes) 0,0198
K=L=20 and T=5 (genes) 0,0196
K=L=T=2 (genes) 0,0206
K=L=T=F=2 (genes and cells) 0,0209

The best performance is for the SBM with K=L=20 and T=5, without including cell
viability data. As in 4.1.6, we want to compare the individual log­loss obtained with the SBM
for each MoA against the number of conditions that MoA is actually associated with. In Fig.
15, we can observe that the log­loss scores also follows the tendency to be higher when the
number of conditions is greater, although there are two MoAs, proteasome inhibitor among
them, that break this rule since they are frequent mechanisms and the log­loss scores are lower
than expected. Besides, we have noticed that, overall, the probabilities that the SBM assigns
are significantly low. For instance, the maximum probability for the proteasome inhibitor is
0,5.

Even though the SBM did not outperform most of the algorithms used in the first
experimental part (i.e., Off­The­Shelf algorithms, including SVM, RF and LR), SBMs are highly
interpretable, and besides the results of the log­loss, we can analyse it in other ways. The
SBM aimed to create communities that could explain the association between conditions
treated with a specific drug with the MoA they finally had. Moreover, we can depict the
model’s parameters, including membership vectors and probability matrices, to understand
how the model works. Following, we will analyse the final parameters of the SBM without cell
viability data and with K=L=10 and T=5, since its log­loss (see Table 6) was similar to the
case of K=L=20 and T=5, and the graphical representation of its parameters will be more
straightforward.

On the one hand, the MoA each combination has annotated in the original dataset could
influence how the SBM finally groups these conditions through their membership vectors (θ).
To validate this idea, we used a principal component analysis (PCA) with all these vectors to
detect clusters of conditions based on these original MoAs. The top principal components had
an explained variance of 28%, 23% and 20% (for PC1, PC2 and PC3, respectively).

The first impression is that if a MoA is easy to predict, if it scores a low log­loss,
the PCA should cluster the conditions clearly based on the mechanisms they actually have,
whereas if the MoA was difficult to predict, it should be more challenging to detect such
clusters. To verify it, Fig. 16 and 17 depicts the PCA analysis of the conditions membership
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Figure 15. Log­loss scored by each mechanism of action with the stochastic block model against
the actual number of conditions the mechanism are associated with. The model has been
created with gene expression data and the values set to K=L=20 and T=5. The red
box highlights the case of the mechanism of action proteasome inhibitor.

vectors, colouring each point according to easy MoAs (Fig. 16) and difficult MoAs (Fig. 17)
original association. The differences between both set of figures can not corroborate the
aforementioned hypothesis, since in both cases, many of the MoAs are not well defined with
an independent cluster of conditions; instead, there are a lot of conditions with different MoAs
in the same place of the planes.

On the other hand, in order to understand the interactions between groups of conditions
and MoAs and between groups of conditions and genes, we can graphically visualize the
probability matrices. Given the probability matrix p (i.e., the matrix that links groups of
conditions and MoAs), in Fig. 18, we can observe that there are just a few combinations
of conditions and MoAs groups that have a probability higher than the rest of being positively
associated, with the link 1. From these, there is a combination that stands out, which is the
one that combines the 8th conditions group with the 1st MoA group. Interestingly, we noticed
that proteasome inhibitor, which is the second most common MoA and the one that still scored
a relatively low log­loss, has a probability close to one of belonging to the 1st MoA group, which
concentrates many positive labels when linked with the 8th group of conditions.

Finally, we want to analyse the probability matrix for conditions and genes (q). Fig. 19
shows q, including the three dimensions of the matrix that correspond to the three different
discrete values for gene expression data (­1 for under­expressed, 0 for normally­expressed
and 1 for over­expressed). It demonstrates a considerable amount of gene groups that have
a high probability of being associated with conditions for being normally­expressed (i.e., high
probability of link 0). Therefore, the SBM makes it notorious that most of the conditions have
a standard gene expression signature. Nevertheless, the 8th group of conditions is actually
the group that holds high probabilities of having under­expressed and over­expressed genes
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among their signatures. Fig. 19.A shows a high probability of having a link ­1 when connected
with the 0th genes group, while Fig.19.C, a high probability of having a link 1 when associated
with the 3rd group of genes.
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(a) PC1 vs PC2

(b) PC1 vs PC3

(c) PC2 vs PC3

Figure 16. PCA analysis for the study of mechanism of action based on the membership vectors
of the conditions. The coloured points account for those mechanisms that have between
80 and 95 conditions of the whole dataset associated with, which still scored a low
log­loss (i.e., easy to predict mechanisms).
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(a) PC1 vs PC2

(b) PC1 vs PC3

(c) PC2 vs PC3

Figure 17. PCA analysis for the study of mechanisms of action based on the membership vectors
of the conditions. The coloured points account for the eight mechanisms that scored the
worst log­loss (i.e., difficult to predict).
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Figure 18. Probability matrix of conditions and mechanisms of action groups (p). The values
correspond to the probability of a condition of a group α being linked with a 1 with a
mechanism of group β.
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(a) Probability of link ­1.

(b) Probability of link 0.

(c) Probability of link 1.

Figure 19. Probability matrix of conditions and genes groups (q). The values correspond to
the probability of a condition of a group α being linked with the value specified in each
subcaption with a gene of group γ.
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5 Discussion
This section will take all the results together to discuss what we found to be more

significant along the experimental workflow and the limitations of our proposed methodology.

According to the algorithms selected Off­The­Shelf, we have compared the performance
between different algorithms and how they are affected by their respective parameters.
Overall, selecting the optimal parameters that particularise each method plays an important
role, especially in RFs and SVMs. In the case of RF, we could demonstrate the importance
of the number of trees or estimators used to build the forest and the minimum samples a
leaf must have to continue splicing the features space. The model’s performance went from a
log­loss score of 0,0544 to 0,0174, just by changing such parameters. Similarly, the SVM was
affected by the kernel parameter, which is responsible for the shape used to split the features
space as well. A linear kernel, or boundary, is not sufficient to represent the complexity of the
data. Instead, using an RBF kernel offered additional flexibility needed to shape this data.

The LR worked incredibly fine, although removing a meaningful amount of features,
from 875 to 15. Its log­loss was still comparable to the RFs’ and SVMs’ performance, making
it a potential algorithm to consider for this kind of data. Nevertheless, the NB, which also
considered this reduced representation of features, became the worst model for predicting
MoAs, scoring a log­loss that was neither in the same magnitude order as the rest. Such a
result reassures the fact of the NB being a bad estimator [47].

Creating metamodels based on the results obtained from these algorithms we have
mentioned above did not result in a better performance. The reason for the best­of­all strategy
not outperforming the SVM is that the selection of the best model to predict a particular MoA
can be different for the training and the test set. On the other hand, the relatively high value
of the log­loss scored by the metamodel that considered the probabilities resulting from the
other models (i.e., RF, SVM and LR) as its features suggests that the underlying probabilities
and, in turn, the submodels might not be the optimal ones.

To conclude with this first discussion of the models’ performance, we want to highlight
that, surprisingly, the SBM was not significantly affected by the values that characterize how
the model represents the complex data (i.e., number of groups of conditions, MoAs, genes
and cells, as well as the weight or importance assigned to gene expression and cell viability).
No matter how hard we tried to make it better by incrementing the number of groups, the
log­loss was always around 0,02, albeit we could detect slight decreases. Given the results of
the interpretation of the SBM, in 4.2.3, we could also detect that ten groups of conditions and
MoAs resulted in highly sparse probability matrices, suggesting that fewer groups are needed.
These matrices, especially Fig. 20, also insinuate that the discretisation we used for gene
expression does not work well with this model due to this results’ spareness.

Regarding the importance of the features to predict the MoAs, we can conclude that
partitioning the data based on time­dosage combinations is not worthy. Woo et al. [31] also
worked with gene expression data coming from different time points experiments and noticed
that integrating these signatures over all time points gave better results than looking at the
gene expression of the optimal time point, which strengthen our finding. Other experiments
that corroborate this fact is that (1) when assessing feature importance for the RF, these
features accounting for experiments information were not among the top features, and (2)
when we compared the SVM considering only gene and cells features with the SVM considering
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genes, cells and experimental data, the log­loss obtained by both models were alike.

Moreover, focusing on gene expression and cell viability data, we have detected other
interesting relationships concerning their importance when predicting the mechanisms. Even
though the results of assessing feature importance for the RF determined that most of the
critical variables to make the predictions are those associated with gene expression, other
results confirm that this is not always the case. When checking the effect of the features
selection in SVMs (Table 5), the log­loss scores demonstrate that having only gene expression
features is similar to having only cell viability data, no matter if they were discretised or not.
However, when only gathering discrete gene and cell data, the SVM performed notably poorly
compared to the other cases, suggesting that this melange of data can be confounding for
predicting the MoA of a drug. This last statement was also noticed by Szalai et al. [36], who
mentioned there was a risky correlation between cell death and gene signatures that could
damage these predictions, although in our case, it did not happen if the data was continuous.
In addition, this confounding factor did not highly affect the SBM since the score obtained
when adding cell viability to the model was similar to not having it.

Once we discussed the models’ performance and the importance of the features, we want
to emphasise the most significant limitation of the project: the metrics used to validate the
algorithms, the logistic loss. We have been using it because it was how the Kaggle competition
evaluated the probabilities given by the participants, and we naïvely thought it was the best
option to assess such a sparse problem. We made some submissions to Kaggle during the
competition period to check if our scores were similar to what other groups had submitted, and
we were close to the winners. So, this limitation could be a general issue for the competition
overall. We have demonstrated that the log­loss scores grew linearly with the frequency of the
MoA (i.e., number of associated conditions or number of 1s), except for some mechanisms.
To illustrate the problem this represents, we could imagine having a model which only predicts
extremely low probabilities, which slightly happens with SBM. If most of the MoAs included in
the data are uncommon, the target dataset columns would have much more zeros than ones.
When computing the log­loss, most of the times, we would be comparing a low probability
with a zero, which would be beneficial for the log­loss, and just a few times, the probability
would be compared with what should be a one. This latter case would raise the log­loss, but
it would not penalise that much due to the low number of ones in the dataset. Therefore, we
can believe that the logistic loss metric is not robust enough for this problem.

Finally, aiming to understand why some MoAs did not follow the rule we noticed between
the log­loss and the prevalence of the mechanism in the dataset, we analysed what happened
with the proteasome inhibitor, which in both SVM and SBM scored a better log­loss than
expected given the large number of conditions it had annotated. Even though the SVM is
not highly interpretable, the probabilities given by the model for those conditions that should
have the MoA differ significantly from the probabilities assigned to conditions that should not
have the MoA; the former probabilities are almost one, whereas the latter values are close
to zero, making it a well­classified mechanism. On the other hand, we can not observe such
differences with the SBM due to the low probabilities it assigns. However, we can demonstrate
that even though the SBM may not work well to predict the MoA, it can represent the data
correctly and give insight into the problem. To exemplify it with the same MoA, we noted
that the proteasome inhibitor belongs with a high probability to the 1st group of MoAs, which
is, in fact, the group of mechanisms that is densely connected to a group of conditions (Fig.
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18). This group of conditions, the 8th, happens to be the only group containing most of the
overexpressed and underexpressed genes (Fig. 19). In a nutshell, this interpretation suggests
that the proteasome inhibitor, among other mechanisms belonging to that MoA group, is
relatively easy to predict because the conditions that have that mechanism are the ones that
have a gene signature more uncommon.
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6 Conclusions
The project’s main objective was to find the best model that could predict the MoAs of

any drug, given experimental data from gene expression and cell viability after the treatment
of several cells. We have followed a workflow that has allowed us to build and compare
different ML algorithms that we thought to be potential for this purpose. We have worked with
widespread methods (including random forests, support vector machines, logistic regressions
and naïve Bayes classifiers) and a stochastic block model. We have accomplished our principal
aim; we can determine that for this project and, among the models we have used, the SVM is
the model that could better predict the MoAs.

We also wanted to assess other underlying aims involving, for example, the importance
of the features to predict these MoAs. We could determine that partitioning the data depending
on treatment time and dosage combinations is not worthy. And, most importantly, that gene
expression data is the main responsible for the MoAs the model will predict. However, cell
viability, if considered alone, also plays an important role.

We could develop the SBM with gene expression and cell viability data. However, it did
not stand out in terms of predictive ability, although we could demonstrate its potential to
interpret the data and its interactions, which is also essential for drug design.

Even though not being one of our aims, we can conclude that the log­loss metric is not
the optimal way to validate the predictions for this problem. It is not robust enough for such
sparse data, and, in turn, it became our principal limitation.

Finally, we would like to suggest future work that could follow this research. First of
all, it is vital to look for other metrics to assess the model’s performance better. This metric
could include penalties for MoAs that are not common among the conditions (i.e., columns with
many zeros) since we detected a risky correlation between the log­loss and the commonness
of the MoA. Given that there is still room for improvement with the SBM ­ the final probability
matrices were too sparse ­ we think it would be helpful to pose again two questions: (1) how
genes should be discretised and (2) how many groups should the SBM has. This discretisation
might need more than three final labels to consider more gene expression states, other than
over­, normally­ and under­expressed; and, more combinations of number of groups could be
tested to find the most optimal choice.
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Appendix 1. Programming code
All the codes we have developed for the implementation of the ML algorithms are on

the repository: https://github.com/gemmabb/TFG_MoA_MLalgorithms. Attached to the code,
there is a readme file including all the steps to follow.

Appendix 2. Additional figures

Figure A1. Z­scored feature importance for the prediction of the mechanism of action
acetylcholine receptor antagonist. It is based on the z­scores of the MDI (Mean Decrease
of Impurity) for each feature.
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