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ABSTRACT

Molecular nature of cancer is the foundation of systematic studies of cancer genomes,
providing exceptional insights and allowing treatments advancement in Mioieover,
theyaremotivatingthe clinical use of genomic information to makessthise unexpected
treatment decisions for patients with a wide range of cancer, tygredering precision

medicine possible.

Having this in mind, w combine techniques of imagarocessing,for feature
enhancemenand recommender systems for proposing a personalized ranking of cancer
drugs.Thesystemis implemented in Python artdsted usin@ database containing drug
sensitivity data for more than 310.000sdCdescribing response of more than 300
anticancer drugjacross 987 cancer cell lines

After several preprocessing tasks, regarding drug sensitivity data, two experarents
performed. First experiment wseriginal DNA microarray images and second suse
wavelet transforms to preprocefisose images. Experimda confirm that wavelet
transformed DNA microarray images enhance recommender system performance by

improving the search of cancer cell lines with similar profila targetell line.

In addition, we conclude that properly choseravelet transformed DNAnicroarray
I mages, not only wuncover —richer informati

efficiently compress these images, optimizing computational resources.

To the best of our knowledge, thigoject is innovative in its use of wavelet transfied

DNA microarray images, to profile cell lines in a cancer drug recommender system.

Keywords:recommender systemwavelet transforpcancer genomeancer diseaseell
line, DNA, Google ColaboratoryPython
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RESUMO

A natureza molecular doancroserve debaseparaestudos sisteméticos de genomas
cancerigenos, fornecendealiosos insights e permitindo o desenvolvimentode
tratamentos clinico#Acima de tudogstes estudosstdo a impulsionar o uso clinico de
informac&o gendmica nescolhade tratamentos, de outro modo ndo expectavais,

pacientexom diversos tipos de cancro, possibilitando a medicina de preciséo.

Com isso em ment@esteprojeto combinamos técnicas de processamento de imagem,
para aprimoramento dgados e sistemas de reconwacdo para propor umanking
personalizado dérogas anticancerigenas. O sistema € implementa@yone testado
usando uma base de dadpge conténregistos de sensibilidade a drogesm mais de
310.000 ICsp que por sua vez,descrevem a resposta deais de 300 drogas

anticancerigenas em 98iihas celularesancerigenas.

Apos varias tarefas de ppgocessamento, sao realizadas duas experiéncias. A primeira
experiéncia usa as imagens originaisrieroarraysde DNA e a segundssaasmesmas
imagens, mas submetidas a uma transformadeelet As experiéncias confirmam que

as imagens deicroarraysde DNA submetidas a transfordaswaveletmelhoram o
desempenho do sistema de recomendagfimizando a pesquisa di@has celulares

cancerigenasoen perfil semelhante ao da ndirgha celular

Além disso, concluimos que as imagensnieroarraysde DNA com transformadas de
waveletapropriadasndo apenaforneceminformacdes mais ricas parapasquisade
utilizadores similares, mas também comprimemssas imagens com eficiéncia,

otimizando o0s recursos computacionais.

Tanto quanto é do nosso conhecimeagieprojeto é inovador no que diz respeito ao uso
de imagens denicroarraysde DNA submetidas a transformadaavelet para perfilar

linhas celularenum sistema de recomendacao personalizado de drogas anticancerigenas.

Palavraschave:sistema d recomendacao, transformasavelef genoma cancerigeno,
cancro/inha celular ADN, Google ColaboratoryPython
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WaveletBased Cancer Drugé&tommender System

1 INTRODUCTION

1.1 Statement of the problem

Recommender systems are becoming part of our daily life. Most of their practical
applications are webentric, namely for «€ommerce where they engage users by
presenting personalized recommendations that best suit their preferences. Nevertheless,

recommeder systemsodé potenti al i's much wider.

They can be defined as fAsoftware tools and
be of us @. Rica, L.&Rokach,8rSbhapira, 2011) The t er ms risugge
recommendati ons) , iitemso and Auser o <can
underlying logic behind these systems is anchored on machine learning algorithms that

are very versatile and can be applied to many fields.

Machine learning has been increagyngsed in most diverse domains, either at public
sector, such as in fiscal ar€eica, Trigo, & Belfo, 2019)in education are@Pimenta,
Ribeiro, S4, & Belfo, 2018)in the medical field(Cios & Moore, 2002)r, at private
sector, such as in maating (Cui, Wong, & Lui, 2006) in media and entertainment
industry(Sereday & Cui, 2017)n events industr{i.oureiro, Lourengo, Costa, & Belfo,
2014) and in many other areas, contributing to create rknowledge and helping

organizations to define strategies that allow them increase their performance.

This project explores the application of recommender systems in a specific field of
medicine. The problem under analysis is related to cancer diseasy. Mdsearch
laboratories are testing numerous compounds on cancer cell lines, in order to find the
most efectivedrugs. Cancer biology is complex and, as being closely related with the
physiognomy of each patient, it means that some drugsa@meeffectivethan others in

each situatiorflorio et al., 2016)From this perspective, the problem nieysolved with

a recommender system supported by machine learning, for which the system aims, given
atargetcancer cell line (i.e., a new patient), to propose a ranking (i.e., a recommendation)

of the most efictivedrugs (i.e., items).

1.2 Purpose and importance of the study

Cancer drugecommender systesallow the researchnddevelopment ofirugs tailored
specifically to an individual based dvis/her personal genetinformation It is a step

towardsprecisionmedicing a new paradigm that benefits sthkeholders. Patients can

1
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have a personalizdéteatment, increasing the cltas ofa successful and fastercovery
Healthcareproviders (e.g. hospitals) can decrease cdédtarmaceutical industry can

offer new personalized treatments.

In order tocontribute to the research community, by stimulating new ideas and drawing
attention to the topic, this study led to the homonym pdp&Vva v -bdsexd ttancer drug
r ec o mme n d éBrandiy, Belfog &Rilva, 202@yhich gathers its main findings.

1.3 Researchquestion

Here, ausebasedcollabart i ve f il tering approach is fol
are central to the proposed framework. In the specific context, cancer cell lines are
profiled through their corresponding gene expression profile, represented by a DNA
microarray. As recagzed bySerra (2003)there are several microarray systems and
methods which differ in several details but produce the same result, an image of spots.

On the other hand, images ar®Zpatial signals.

Hence, we intent to assess if the prior-precessing of DNA microarray images, using
wavelet transforms, can improve the recommender system performance. To the best of

our knowledge, this is the first work that attempts to do it.

In practice, such preprocessing represents a shift for the data stored in the DNA
microarray image from spatial domain (pixels intensities) to wavelet domain

(frequencies).

We hypothesize that the representation ofithe eprofil@in a wavelet domainncovers

distinct and discriminating features that improve the search of similar users (a step of vital
importance in a usdryased recommender system). This is due to the fact that, as stated

by Pittner & Kamarthi (1999) wavel et t rans faoanmfsrichBral | o w

problems peci fic [ niormati ond.
1.4 Report outline

Thedocumenis organizednto six chapters.

The currentchapteri Introductioni contextualizeshe generalproblemunder analysis
andidentifiesthe specificesearch questicaddressethy the project. At the forefrontit
states thdnwypothesighat is expected to be confirmed by the experiménighermore,

thereatworld impact and contemporaneity this work are outlined.
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The seconathapteri Theoretical Framework enlightensthe maintheoricalconcepts
applied in the project. It starts by providitige genomic background of the problem
which is fundamental fora better understanding of the dataset that is explored.
Afterwards, itexposesthe main theory regardingavelet transformsfocusing on its
capacity to perform premiurieature extractioior machine learning algorithmalext,

an overviewof recommendesystemsheory isdrawn with a special attention in what
concerns collabative filtering. Related work with respect to image processing using
wavelet transformsand personalized recommender systems of cancer drugs is also

pointed out.

The third hapteri Research Methodolody starts by explaining thesorkflow of the
different CRISRDM phases of the projecAdditional detailsregarding cancer disease
worldwide and the used sampdge givenu nd e r t h etrodudiadc A &ulh A
explanation of the databasgaowed along with the preprocessing steps taken towards
the final dataseftThis chapter alsgivesa comprehensivdescription ofthe proposed
waveletbased cancer drug recommender systenfiact, cetails of its two main stages
(users similarity measurement atahcer drug recommendaticarke explaineas well as

the identification of the tools used to implement th&ire chapteclosing remarks go to

theethical and sociajuestions that might arise the problem domain.

Thefourth chapteri Findingsi andthefifth chapteri Discussion of the Resulisstate
the experimental results and provitieir critical evaluationyespectivelyln the chapter
Findings it can also be found a practical example of a cancer drug recommendation for

a target cancer cell line

Finally, the sixth dapteri Conclusionsi states our main findingsand contributions
besides the limitations amubtentialfuture improvementsf this work As it explains,
while pursuing the main research question, not only our initial hypotisesimfirmed
but other interesting outcomes emerge. Moreovahaivshow this projectontributes
to the research towardsfficient and effective realorld cance drug recommender

system.
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2 THEORETICAL FRAMEWORK

2.1 Genomicsbackground
2.1.1Introduction

According toWHO (2020),Ge nomi ¢cs can be defined as #dth
functions, a n d Con&drilg tio@edetics(whicln focusgon #hes study of

single genes)Genomicsiiaddresses all genes and their inter relationships in order to
identify their combinednfluence on the growth and development of the orgamism

(World Health Organization, 2020)

Theanal ysi s andtheiiiatér telatipreshpal®ws the identificabn ofdistinct
patterns which are centrfalr establishing similarities and differences between individual

patients.

2.1.2Cell lines

In Genomics, cell lines refer to the cells capable of renewing themselves in an artificial
culture (i.e. under certalaboratory conditions) indefinitely, which makes them ideal for

testing new drugs.

Particularly h what concerns cancer, cell lines are extracted from biopsies (tissues
removed from a living body) of patients with different types of tumors (from sevagl b

parts depending on the cancer location like lungs or breast).

2.1.3Gene expression

There are several ways to characterize cell lines, namely using: gene expression, whole
exome sequencing, copy humber variation and DNA methylation. However, as shown by

Cogello et al. (2014)gene expression provislet he best predictive p

Gene expressios the process by which the instructions in our DNA are converted into

a functional product, such as a prot&fhen genes are expressed, the genetic information
(base sequence) dDNA is first copied to a molecule of mRNA (transcription). The
MRNA molecules then leave the cell nucleus and enter the cytoplasm, where they
participate in protein synthesis by specifying the particular amino acids that make up

individual proteins (tranation).
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Genomic DNA

XX XX

Transcription

|
|
|
Primary transcript ‘

Splicing

«_—_

Mature transcript (MRNA)

Protein synthesis

«_—_

Protem 00000000000000

Figure 2.1 Gene expression

Adapted from (NCBI, 2020)

Consequentlyonewayto measure gene expressisby measuring RNA levelsecausg

as previously mentionedn iorder to activate a gene, a cell must first copy the DNA
sequence of that gene into a piece of mRNAus, by determining which mRNA
transcripts are present in a cdllis possible taletermine which genes are exmed at

different stages of development and under different environmental conditions.

The quantity of mRNA transcript for a single gene directly reflects how much
transcription of that gene has occurred. Tracking of that quantity will therefore indicate

how vigorously a gene is transcribed or expressed.
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Hence, overall, thgene expression of a cell lines a portrait of t he
contained in that cella n d t he corresponding otheen e e X |
determination of the pattern of genes expressed at the level of genetic transciiption

that specific cel(National Center for Biotechnology Information, 2020)

2.1.4DNA microarrays

The most used technique to measure mMRNA levels is thr@gA microarray

(Information Resources Management Association, 2019)

The DNA microarray slide contains up to tens of thousands of microscopic spots. Each
individual spot will be used to measure the activity sfhecific gene. This happens during

the microarray scanning when the fluorescent intensity of all individual gene spots is
stored in an image. A spot with high fluorescence intensity represents a hyperactive gene
whereas the absence of fluorescence reptesansilent one. Therefore, the DNA

mi croarray image provides a fAfingerprinto

Figure 2.2 Example of @ONA microarray image

Source(Light et al., 2001)
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2.1.5Half-maximal inhibitory concentration - ICso

In pharmacological experiments, it is usual to construct asp®nse curve to represent

a drugods effect deascrilzestheaatagopshipbetweeil increasingther v e
dose (or concentration) of the drug and the change in response thist fresn this

increase in concentration. Typically, it comprises a wide concentration r@ngane
Universty - School of Medicine, 2020)

Regarding cancer drugs, the efficacy of a compound is usually assessed by the
corresponding lés( il 0 f or i nhi biti onieathedalf-maRimal f or ¢ «
inhibitory concentrationThe IGois the concentration of the compound required to inhibit

the cell growth at 50%. Hence, the lower theypl@alue is, the more efficient the

compound is.

response

0.5

y

ICso0 dose

Figure 2.3 Doseresponse curve and $&

2.2 Image processingusing wavelet ransforms
2.2.1Introduction

I n the process of microarray scanning, an
fluorescence dye is captured by the scann
response, complex biochemical reaction, imperfections in glass slide and phatoelectr
sensor conversion distortion, etc., the signal of fluorescence probe is inevitably degraded,

which | eads to serious noi s(anietat, 20l er enc e
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Wavelet transform is a signal processing techniqus® @bplied to images since they are
2-D spatial signals) that, simultaneously, allows to filter noise and extract more
informative features that allow better discriminability of the original signal.

2.2.2\Wavelet transforms

The purpose of the wavelet transform is
another representation which presents t
(Addison, 201Y.

A wavelet is a little wavelike function. During the wavelet transform, a convolution of
the signal with a wavelet function happens. This convolution is computed at various
locations of the signal (wavelet translations) and for various scales (wdilat®ns).

The signal regions where the wavelet overlaps the signal result in large transform values

called wavelet coefficients.

v

Figure2.4 Wavelet translatios (location

Adapted fron{Addison, 2017)

v

v

v

Figure 2.5 Wavelet dilationgscale)

Adapted fron{Addison, 2017)
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Scale

Current wavelet scale

\
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v

|

Local matching of
wavelet and signal lead:
to a large transform value

Wavelet transform

" Wavelet transform plot

Current wavelet location Location

Figure 2.6 Original signaland wavelet transform

Adapted fron{Addison, 2017)
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Therefore, several clear structures relating to a specific scale in the wave are detected by
shifting the wavelet along the sign{@lddison, 2017)For this reason, wavelet transform
has been called a O6mathemati cal mi croscopec

There are several types of wavelets, such as those from Haar, Daubechies, coiflet, and
symlet, and it is important to choose the one that best suits our signal and the scope of the

analysis.

N

Figure 2.7 Some wavelet types

Soure (Addison, 2017)

Moreover, vavelet transforms come in two distributions: continuous and discrete. The
majordifference relies in the way how they discretize the scale parameter. The continuous
wavelet transform uses exponential scales with a base smaller than 2 (e.g. 2"1/5) while
the discrete wavelet transform uses exponential scales with the base equad.fdh2 (i.
scales are powers of 2). Hence, continue wavelet transform discretizes scale more finely

than the discrete wavelet transform.

However, for image processing, the discrete wavelet transform is the type of distribution
usually used, allowing a sparsepresentation of the signal. Here, coefficients whose
value is close to zero may be ignored, remaining only those that have captured important

features.

The wavelet transform can also comprise several levels of decomposition. In the first
level, the sigal is decomposed in low and high frequencies regions. The convolution of
the wavelet with the low frequency regions resttt the secalled approximation

coefficients. On the other hand, the convolution of the wavelet with the high frequency

11
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regions resus in the secalled detail coefficients. In the next level, the approximation
coefficients (of the previous level) are again divided into low and high frequency regions.
This goes on until it is reached the level of detail that it is needed or untilgimerenore

low and high frequency regions.

The wavelet packet transform is similar to the discrete wavelet transform, however, at
each decomposition level, it decomposes not only the approximation coefficients but also
the detail coefficients, yielding agher frequency resolution even in higher frequencies.

Level O

A Level 1

/\ Level 2

Figure 2.8 Wavelet decompositiasf a signalfor 3 levels

It is possible to apply wavelet transformesany signal such as time and spatial signals.

Spatial signals comprise, for exampleD2mages.

12
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Level O

original

Level 1

approximation horizontal vertical diagonal
detail detail detail

approximation horizontal vertical diagonal
detail detall detail

horizontal vertical diagonal
detall detail detail

approximation

Figure 2.9 Exampleof awavelet decompositionf an imagedor 3 levels
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2.2.3Previous work

In what concerns machine learning classification tasks using images as inputs, the use of

wavelets as a preprocessing technique is already in use.

For exampleWan & Zhou (2010made use othe Haar wavelet to extract features of
ultrasound liver imageof a support vector machine classifi€he global scopavasto
f 1 nad effactive method of feature extraction for revealing texture details and the

succeeding classificatioas.

For each sulimage of the transform, theyuantifiedmean and energyalues and stored
them in a feature vector later on used to feed the classifier. They came to the conclusion
thatwavelet packet transforallowed better feature vectoregardingvaveld transform

sincetheyhad s h o vexcellénce in differentiating normal and cirrhosis clagses

More recentlyRasheed, Younis, & Bilgl2020) working in a classification task using
deep neural networkapplied the wavelet transform as a preprocessoimtque in order
t dhel@ithe network by enhancing the features in the intagbsy reasoned thatavelet
transforms can unravel important featufegthin the image before feeding it to the

classifying networ&.

Therefore instead of the original images, they used mavelet transformed images to
train the network. Those images were obtained by convoluting the wavelet along the

vertical and horizontal directions of tbeginal image.

They found that the wavelet transform of-Ray scas improves considerably the

performance of the classification network.

We can also find research regarding the application of wavelet transforms to DNA
microarray images. For instandd, Liao, & Kwok (2006) proposed a gene selection
method using the discrete wavelet transform on microarray data for cancer classification.
As t hey e kmparaysaaetypicallyfhawe thousands of genes, and thus feature
extraction is a critical probie for accurate cancer classification

They began using th@avelet transform tdecompose¢he microarray dataAfterwards,
they appliedithe maximum modulus method to selectstigrf r equency coef fi
Those coefficients and the approxi mation

new gene subsetwih much | ower di mensionality than

14
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The experiments showed that thigveletbased feature extraction method for microarray

datawas abl e t the dtherunetipodsrinfteonms wf classification accudacy

Also, for a cancer classification tagdanni & Lumini (2011)adoptedwavelet features
extracted fronDNA microarrays According to themthe high dimensional data present
in the microarrays contains irrelevant information that jeopardizes the classifiercgccura

Therefore a fature reduction should be performed before the classificatian step

In their proposed systemthe DNA microarrays were submitted to a wavelet
decomposition and the resulting detail coefficieatdected through theeguential
forwardfloating selectionmethod. The final subset of detail coefficients was tmssd

as an input to the classifier.

S i n differert subbands of different wavelet families bring different information t h ey

studied the impact of eighteen different wavelgt differendecomposition levels.

Overall, the literature showbkat wavelet decompositions can be used to overcome the
curse of the dimensionality problem by highlighting relevant information for the machine
learning algorithm. Nevertheless, it is important to keepind that, since there is a wide
choice of wavelet families and distinct decomposition levels can be applied, each problem
will have its one optimal wavelet transformequiring knowledge and art to find it.

2.3 Recommender systems
2.3.1Introduction

The global scope of recommender systems comprises the identification of the need and
preferences of users, filtering the huge collection of data accordingly and displaying the
best fitted option by using some wekkfined mechanisnfF. Ricci, L. Rokach, B.
Shapira, 2011)Thus, they allow information filtering (in opposition to information
retrieval like the one performed by search engines), providing personalized information
that is relevant to the user.

It is important to notice that, even before the appearance of recommender systems,
humans have been making use of personalization as a way to tailor servicesdactsp

to specific individuals. However, such personalization is rooted in personal intuition and
experence whereas the personalization made by recommender systems is automated and

supported by data.

15
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There are several importahistoric milestones that one could point out regarding
recommender systemibheir early days go back to 1994 when GroupLang¢arch lab

in the Department of Computer Science and Engineering at the University of Minnesota
built a system able to produce personal predictions regarding news articles. At that time,
the internet use was rapidly spreading, and recommender systemg oelyiollaborative
filtering wereconceivedo help users handle information overload. Thus, the GroupLens
recommendatiosystem, using the reading opinions (ratings) of-fikaded users about
Usenet news articles, produlggersonalized recommendationattivere displayed in the
article header(Resnick, Bergstrom, & Riedl, 1994)

Quickly, business applications began to be explaradin 20® Netflix (a webbased
commercial company) launches the fistommender system challenge with gnand
prize of US$1,000,000

In fact, recommendation engines expanded rapidly among online retailers and online

content providersEven in nowadays, recommender systems are still veryceetsic

We canidentify at least two reasons for that. On one hand, personalized recommendations
engage people and engaged users are loyal (or profitable)iuseestly the type of

customers that companissek.

On the other hand, we must not forget thalile humans rely on inttion to make
personalization, recommender systems rely on data and it is fairly $onplevebbased
companyto collecta considerable amount défa produced by its onlingsers That data
is raw information and, therefore, the dataltthat an online userleaves behinds
processedoy the recommender engine to legreferencesand produce meaningful

recommendations.

Furthermorein an online contexit is possible to collect, not only explicit data (for
example, when a user rates an item), but amgaicit data.This is the type of data that a
user produces neimtentionally, without being directly asked to, but that still has very
rich information about him/her. Examples of implicit data include click data (e.g. page

views), purchase data, consurnoptdata (e.g. time spent in a page), and so on.

One might be led to think that explicit data is the best data to know a user. That it is not
always the case, explicit data has some pitfalls. It requires an extra effort from the user

(the direct action of rating) so, usually, this data is very sparseyeoy user is willing

16
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to rate). Also, when using it to produce recommendations, it might be necessary to

overcome some ratingubjectiveness

2.3.2 Taxonomy

There are several dimensions that can be useldai@cterize andiassify recommender

systems.

The donain regards the recommendation item itself which can range from products to
services. As previouslynentioned,(see Section 1.1)he definition of item within a

recommender system backgrowah bevery broad.

The purpose identifies the overall goal umskath the recommendation; sales,

i nformati on, educati on, é

Another important characteristic is the personalization level. In fachmmender
systems can have different levels of personalization: from universalpgrsonalized
recommender systens which everyone receives the same recommendattoriailor

made (personalized recommender systdrat match the user personal preferepdes
between, we can have different personalization degrees. For example, demographic

personalization.

Another differetiating aspect is the approach followed to solve the recommendation
problem.A possiblesolutionis, given a set of unknown items to the user, predict the
ratings each item will have and then present the most N (predicted) rated items as
recommendationsfo t hat wuser. This i s théeAggawal,edi ct i
2016)

However, it is not mandatory to predict ratings in order to make recommendations. One
can simply recommend the tdp most likely relevant items to the user. This is the

~

Arankismgnovewof the problem and #fAin many caé
design methods for solving the (Aggarwdd,i ng Vv e

2016) In fact, this is the version commonly adopted in real world problems.

Finally, recommender systems can be classified regatdenghodel technique. Section
2.4.3. provides an overview of the main techniques availahile ®hction 2.4.4 takes a

deeperdok to theoneemployed in this projedt collaborativefiltering.
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2.3.3 Techniques overview

The basidaskof a recommender system is to suggest items to useysder to perform
it, severatechniquesare availablebut most of the them fall under one of fiedowing
categoriesnonpersonalized summary statistics, cordeased filtering, collaborative
filtering (described in the next Sectigrnatrix factorizationmethodsand hybrid
approaches

Recommender systemslying on norpersonalized summary statistics use aggregated
indicatorsin order to propose itemf. B essetl | er-pop diimars o, € are ex
such indicators regardinga®mmerce recommender engines. This is one of the most

simple and easy to implaemnt techniques, although its inexistent level of personalization.

IMDb Charts

Most Popular Movies

Showing 100 Titles Sort by: | Release Date hd

Figure 2.10- Example of a nopersonalized summary statistecommendation

Adapted fron(IMDb, 2020)

Contentbased filtering recommender systems, on the other hand, belonggrmtipeof
recommender systems that enable personalization. To model theafder the engine
exploitstheitemstowards which the usérs p r e dresaiready &nevenl heseknown
preferencesalong with the content (or characteristics/propertiegheftems arethen

used to infer the preferences of the user towards a newlit@tier words, the algorithm
recommends items that are similar to the ones that received favorable preference of the

user in the past.

18
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O item A
1ike
[/\\ common
o properties
Tecomy = ~ -
m eng - _
= item B

Figure 2.11 Example of aontentbasedfiltering recommendation

Matrix factorization, another important recommender system techriigaes, items to
recommend using extracted factors fromgbealledrating matrix.Thesefactors,called
latent factorsexpress trends in the data tlexplaint he user aml altheghavi or

they make sense datase it might be hard to interpreiéir meaning

The first step is to factorize the rating matrix into smaller matrices. One of the most
commonly used methods for that is SVD that will decompose the rating matrix into three

matrices:
Weights
Rating Matrix — X Matrix %
Users Items
Feature Feature
Matrix Matrix
items

Figure 2.12 SVD applied to the rating matr

Adapted fron(Falk, 2019)

The weights matrix is diagonal matrix whose eleants are sorted from the largest to the
smallest. The values of these elements, called singular values, indicate how much
information a feature (both a column in the users feature matrix and a row in the items

feature matrix) produces for the dataset. €fme, we can selectkanumber of features
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(for example, the ones that retain 90% of the information) and set the rest of the diagonal
to zen. As a practical consequence, we will be reducing the number of columns in the
users feature matrix and the numbérows in the items feature matrix, keeping only the
most meaningful dimensionBhese reduced matrices aedled the rankk approximation

of the rating matrix. According to linear algebra, this is the best possiblekrank

approximation.

To predict aatingfor a given usemwe multiply his/herreducedactors

Reduced
X Weights

Matrix item factas (from the reducedéms feature matrix

user factes (from the reducedsers feature matrix)

Figure 2.13 Predicting ratings using the factors

Adapted from (Falk, 2019)

Since rating matdesare usuall sparse, their unknown values must be filled prior to the
SVD factorization and br that several methodsre available like imputation (for

example, replace the unknown values by a mean value)

Alternatively, there are approaches tl@sounder thematrix factorizatiormindset, use
SGD to directly search fohé best rankk approximationwithout the need to deal with
the missing valuesn fact, SGD allows efficient approximation of the SVD from known

data.

Obviously, each recommender system algorithm has its own strengths and weaknesses.
Hybrid approaches, cdoming different algorithms;an be used as a way to overcome an
algorithnd sveaknesses by another algorithratrengthsOncemorethere are several

ways to perform such an ensemble. For example, in a weighted hybrid recommender, the

predicted rating is computed from the results ofodithe available recommendation

techniques present in the system
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hybrid recommender systerr

Contentbased filtering | - _ ref

T~ r_hybrid = r_cf*0.60 +r_cb*0.40

»
>

Collaborative filtering | _---

Figure 2.14 Example of a hybrid recommender system

Adapted from (Falk, 2019)

2.3.4The collaborative filtering technique

Coll aborative filtering moAdgaiwal, 20l6)cEthet he A c
ratings provided by multiple useflhe assumption on whighey arebased is that similar
users share simildvehaviorsand similar itemgeceive similar ratingsTherefore, the
items that were relevant to existing usensl the items that are similar ttee ones that

were relevant to the target useil most likely begood recommendations.

This techniqueelies on theoncept of neighborhood to infer the relevance of an item to
the target user. Two types of neighborhood can be definsdrbased and @m-based.

In the usetbased collaborative filtering, the ratings provided by a neighborhcgichdér

users to a target user are exploit to make recommendations

existing
target users
user —

similarity L ————
B —— 4+
’ measurement ;

v

select neighborhood (similar users)

'

score items from neighborhood

Figure 2.15 User-based collaborative

filtering pipeline for creating ) 4

a recommendation list recanmendationlist
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According toFigure 2.15thef i r st sanilagtp meassirem@at whi ch requi
calculating theargetu s er 6 s simi |l ari ty r eSuehsichilantygs al | t
usually computedhrought he us er s 6. Sevaral similgrity \metacgam bes

applied such af’earsn carelation(a standard correlation metrignd the background

of the problem should guide to the final chojfoe example, some metrics arorewell

suited for certain types of dataan otherk

When the similarity measurement is complefeds t i me arteighbdi B e .tTdeo t
scope is to remove the noise introdliby users that are not alike the target u€srce
more there are several ways tietermine a neighborhood. For examglmit the

neighborhood toéhetop-k neighbors or to a similarity threshold.

The firecommendation listis thencreated using the items of the neighborhdedstly,

each itenreceivesa i s ctlee ragng given by the neighbor weighted by the similarity
between the neighbor and the target ukes.important to notice that ratingsay need

to be previously normalize&or example, when dealing with a rating scale, human users

mi ght have different perceptions of it anc
different things to different users. Normalization compensates $kishias.Secondly,

the items are sorted ligcores and the topN items are recommended to thegetuser.

Also, it might be necessary to filter some items (for example, items that for some reason

are not suitable for thargetuser).

other

target wusero6s items
rated items

—"
similarity =
—> 4—

’ measurement I

select neighborhood (similar items)

'

score items from neighborhood

Figure 2.16 Iltem-based collaborative

X

filtering pipeline for creating . .
recanmendation list

a recommendation list
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The second type of neighborhood is itbased, and ialsorelieson similarity, namely

between items according to their vector ratingéand not according toi t e ms 0
properties/characteristics as in contbased filtering)Hencethe first step is to compute

the similarity between eadf the items rated by the target uaed the other items of the
datbaseThe fiscoreo of each neighbor item is t

by the similarity between the neighboritem éinet ar get user 0s rated I

in figure 2.17.
O .
rating _
@ » itemA
target user similarity

item B _ _ o
_ mmm=)  item score = rating x similarity
neighbor

Figure 2.17 - Item scoring in iterbased collaborative filtering

In short, h userbased collaborative filteringneighborlbodsare defined by similarities
among users (rating matrixows), whereas initembased collaborative filtering

neighborhoods are defined by similarities among items (rating nzafixnng.

Usually, itembased collaborative filterings a techniquewith better performance and
stability than usebased However, under certaigircumstances is it likely to fail to
outperform usebased. For example, an application where there is a relatively small
number ofusers and many moréems sincethe benefits of iteribased collaborative

filtering depend on having more users than items.

It is also important to notickem-basedow serendipity. In order to be effective, item

item relationships need to be stable and, as consequenseyery difficult for the

algorithm to discover highly different items to recommend and, hemmes of thatems
recommended are expecte{On the other hand, usbased collaborative filtering by

default will elevate items that a close neighbor rates highlggsefic onser vat i v
recommendations can be good for shopping or consumfagks,but they might be

frustrating, for example, for browsing/entertainmanivhich users might enjolgeing

surprised with bold recommendations
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2.3.5Evaluation metrics

Like in any othemachine learning algorithm, historical data can be used to evaluate a
recommender system performante this regard three types obasicmetrics can be

distinguished: prediction accuracy metrics, decision support metrigsuiakidgmetrics.

Prediction accuracy metriagsvaluatehow good the recommender system is in what
concerns predicting wuserso r at etwegnrsthe Ther
prediction and the actual rating. Such metrics include MAE, MSE and RRIEEBE, in
particular,gives significantly greater weight to larger err¢uslike MAE) which often

reflects the fact that big errors are much worse for user experflBoeRMSE is easier

to interpret than MSE because the scale of errors is matched more closely to the scale of

ratings.

On the other hand, decision support metrics measure how well a recomragstean

helps users make good decisions., choosing relevaitems. Under such mindset, for
example, a prediction of 4 stars versus 2.5 stars (true rating) is worse than a prediction of
2.5 stars versus 1 star (although the MAR.5.7 is the same on both predictions).
Precisioni the percentage of selected iterhattare actually relevaiitandrecalli the
percentage of relevant items that are selectae perhaps the most widely used decision
supportmetrics.It is also common to restrict such measurements to the N top items. For
example, togN hit rate (or preision at N)is the fraction of relevant items that are in the
top-N recommendation ligh relation to the N recommended iteltise recommended

items that are actually relevant items are called hits).

Finaly, rankng metrics assess how good the recommandystem is asuggesting

relevant drugs on top positiana other words, these metrics trace the position within the
recommendation list in which the item appedks. stated byAggarwal (2016) At h e
disadvantage of the hiaite is that it gives equal importance to a hit, irrespective of its
position in the r ecomme rateasdikeltop\shit-ate, bulv e r a g ¢
contrarily to it, it takes into account for where in the-dbpecommendation list the hits

appear. Its scope is to reward recommended items that match top relevant items.

Other types of metrics, that relate more closely to business goals and/or user experience,
can beequally important. For example, covgeameasures the percentage of items for
which a recommender system can make a predig¢tiora commercialdomain, for

instance, it is paramount to enstinat the algorithm will recommend everything in the
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sales catalogue). Another example is serendipiticiattempts to measure unexpected

recommendationthat lead to unexpected beneficial results.

All the previous metrics are measured ireospective mindset, i.e., dealing with items
already rated. However, especially in what conceenemmender systems designed for

the web, it is very common to also perform online evaluations (live experiments), under
a prospective mindset (looking at how recommendations are actually received). One of
the most popular mechanisms to perform such &elgeriments are the salled A/B
testswhich aim to see if a system change makes a positive improvement in user activity.
For example, fiwe are trying to decidebetween auserbasedcollaborative filtering
(version A)or an itembasedalgorithm(versionB), we might give half of the users each

of those and follow them overperiod of time, tracking a selected number of KPI (e.g.

conversion rate, i.e., recommendations that result in sales).

2.3.6 Practical issues data sparsity and cold start
The wo mainproblemsof the recommender systems:atata sparsity and cold start.

Regardinghe first problemrating matrices might be sparse and, consequently, provide
little information making the recommendation task difficaftpeciallyfor collaborative
filtering algorithms\{hich, as shown in Section 2.4.4, rely on rating matrices to compute
similarities between users and itemg§)ne way to address such problenthiough the
use of graph modethatp r o v istiuetura regresentation of the relationship®am
various users and/or itemms(Aggarwal, 2016)and allow the identification of

neighborhoods usingindomwalk or shortespath methods

— IV ™ <

e e e e

L 2 2 2

— — — — users items
i I (W
SHEE @
arlee | ™ @
U4 3 5

rating matrix useritem graph

Figure 2.18 Rating matrix and corresponding usiéem graph

Adapted fron{Aggarwal, 2016)
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Another potential issue is the cold start problewhat to recommend to a new user (that
has no profile of preferences) and how to recommend new items (that have not been rated
yet)?

For a new user, some solutions might include providing useful defastrmdization
options (e.g. recommend popular items) or make use of their implicit data (e.g.
recommend items similar to the item they are lookik@y. a new item, conteiftased
approaches (including similarity to other items) might be useful to overttenpeoblem.

2.4 Personalized recommender systemd cancer drugs
2.4.1 Domain specificitiesand application fields

Although theclassice x pr essi on At he human bodyo, I ar
individuals due to genetic differences is observdds fact has éenincreasinghe rise

of precision medicindalso called personalized medicine). Precision medicine aims to
devel op tailored diagnosti c, treat ment , a

genetic modifications of these genes.

Under thismindset, prsonalized recommender systeafi€ancer drugtarget thause of
a p a tgenemid ptofleto generataailoredcancer drugsecommendations, i.e., one

to-one recommendatiorf;istead of ondo-many).

The wnderlying concepts behind such systaras be found inhe general recommender
system theorput, as expectedyith the necessary adaptms imposed by their specific

domain and problem background.

For example, the typical rating matfixspired by onlie backgroundsarglt or i ng user
preferences regarding items acancer drugs recommender systamtextgives place

to adrugresponse matxi The drugresponse matrix stores, as the name implies, the drug
responses (or reactions) of each cancer @edl (rows) with respect to each drug

(columns).

Moreover personalized recommender systems of cancer drugs with a collaborative
filtering approach (like the one we propdsse, may not rely ordrug responseectors

to compute similarities between usetastead, they may use other type of rich
information about the users such as gene expression. Among other benefits (for example,
enhancment ofthe similarity measurement), this option allows to overcome both data

sparsity and cold start problemmstheus r s @ s i de
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Also, in what regards evaluation metrics, the focuss&n the recommender system
ability to suggestthe most efficient drugs to the target patient (or cancer cell line).
Therefore, certain metrics may not make sense in such context. For example, metrics
reflecting business goals such as cover@gethe other hand, the skill to suggest the most
likely relevant drugs in the right rank is highly importamiensure that pigints receive

the top treatments as soon as possible.

Finally, it is important tonoticethat personalized recommender systems of cancer drugs
can be useful not &y in a clinical scenario (assisting docs on the search of
personalized treatments for @aadividual patient)but also in a clinical laboratorial set
up, with a drug development scgpeaiding researchers to identify newctige
pharmaceutical ingrediesntin fact, these recommendation algorithms may well represent

an outstanding opportunitpifthe pharma industry to offer precision medicine.

2.4.2 Previous work

Most of the research on cancer drug recomn
versiono of the problem, i.e., predicting
To acheve this goal, a common technique applied is matrix factorization. Matrix
factorization solves the recommendation problem by finding latent features that

determine the relationship between users and items.

For example Suphavilai, Bertrand, & Nagarajgd2018) usal this techniqueo project
both drugs and cell lines into a latent spacea med as fphar mauch genom
that Athe dot product between a cell l i ne

specific drug tressonrsed.

With that aim, they factorizkthe drug response matrix into three matricbmses, cell
lines and drugs andthen treatethe problem as a minimization problem, where they try
to find the missing valueis these matriceshatbest minimize the errors in the known

drug response.

With a similar approacgh.. Wang, Li, Zhang, & Ga@2017)also focused othe drug
response predictiorexploring similarities of drugs and cell lines simultaneously, they

proposed a similarityegularzed matrix factorization framework.

Themajor difference, regarding the previous research yimthatthe latent space is built

usingadrug similarity matrix an@ cell line similarity matrix
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Nevertheless a f ew researchers have al so f ocus

problem.

That is the case dfle, Folkman, & Borgward{2018) whose framework gaing/ere
Amaxi mized when the most effective k drug

though, withoutany drug response being predicte:l.

In order to achieve that goal, the drug recommendation was framed into a problem of
learning a weighmatrix W such that, given a new molecular profdethe predicted
ranking vectoi(containingthe predicted ranking scorés each of then distinct drug}

would bef=xW.

Then, using a loss function évaluate how well the order of the topdcommendations
in f matchedwith the order of the most effectivdrugs inthe drug response matrix,

learningW wassettledas aminimization problem.

To sum up, dspite the fact that most of the research effortismaded er a Adr ug r
predicioo mi ndset, the Aranking versiono appr.
drug response® make recommendations equally interesting. In fact, in a rdde

clinical scenario, it is moreeasonabléhat a patient receivesecommendation of a few,

most effective, drugs rather than predictihg exact response to all drugs
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3 RESEARCH METHODOLOGY
3.1 The CRISP-DM model

The CRISRDM model is a data mining methodology and process model that provides a
standard blueprint for managing a data mining project. Launched in 1998tilit ised
worldwide by major players due to its timelesl/antages such as effective and effitie

project planning and management.

Data

Figure 3.1 CRISRDM process diagram

Adapted fron{Jensen, 2012)

Despite initially created for data mining, this methodology provides powerful guidelines
for evennowadayshe most advanced data sciem@tivities and, therefore, Wwasthe
approach followed by thigroject In fact, throughout this project report, the six CRISP
DM main phases can leasilyidentified:

1. Business understanding
Focusedon identifying the project objectivesetting a clear research question,
andgatheringthe necessargenomicsbackground for a full understanding of the
necessargomain knowledgeHence we started with a gerieproblemi cancer
diseasé andgraduallynarrowedit into a specificesearclyuestionLateron, the

research questionas translatethto a data sciere problemand a framework to
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answer itusing mathematicalinstruments (wavelet transformanhd computer
science algorithm@ecommender systemaps planned.

. Data understanding

The data was collected from tEDSC databas€Yang et al., 2013[Genomics

of Drug Sensitivity in Cancer, 202@hd imported inta Python Noteboowhere
several EDA tasks were conductddhisallowed us to get familiar with the data
and discover first insights. For examplee detection o$everal cancer cdihes
without DNA microarrays available

. Data preparation

In order to get the final dataset, several preprocessing taskshe@essaryo
transform the initial raw data. These tasks ranged from missing values imputation
to features engineerin@esign ofwavelet transformed images

. Modeling

Recommender systems comprise seuverdiniques, thereforguided bythe data
available, a uselpased collaborative filtering approach was selected and applied.
To assess the performance of the mogleith and without wavelet transformed
images)wo evaluation metrics were chosen:-fdhit rate and average reciprocal

hit-rate.

. Evaluation

The resultof the first round of experimentdlowed usto fine-tunethe models,
motivating adjustments in the wavelet transformed images design.

. Deployment

This project aims to be a preliminary study, hence, no deployment of the model

into an operating systemas planned.

3.2 The dataset

3.2.1Introduction

According to WHQ cancer killed 9.6 million people in 2018, being the sedeading

cause of death globalljgbout 1 in 6 deathaeredue to cancgr Tobacco use was the

most important risk factor, causing approxiniat22% of cancer death&esides the

human dimensions, there is also a significant and increasing economic imfpattal

annual economic cost of cancer in 2010 was estimated at approximately US$ 1.16 trillion
(World Health Organization, 2018)

31



WaveletBased Cancer Drugé&tommender System

Cancer can affect any part of the boalyd, alson 2018, WHOidentified the most

common cancers:

- Lung (2.09 million cases)

- Breast (2.09 million cases)

- Colorectal (1.80 million cases)

- Prostate (1.28 million cases)

- Skin cancer (nomelanoma) (1.04 million cases)

- Stomach (1.03 million cases)
And, the most lethal cancers:

- Lung (1.76 million deaths)

- Colorectal (862 000 deaths)

- Stomach (783 000 deaths)

- Liver (782 000deaths)

- Breast (627 000 deaths)

The previous numbers help us to understand why cancer has received increasing
worldwide attentiopfrom governments to the research communitye dimension of the
problem is so significant that it has motivated severapeaation projects such as the
GDSC databas€Yang et al., 2013)Genomics of Drug Sensitivity in Cancer, 2020)

The GDSC isone of the largest public resource for information on drug sensitivity in
cancer cellslt is based on three types of datasets: (1) genomic datasets for cell lines, (2)

cell line drug sensitivity datand (3) analysis of genomic features of drug sensitivity.

In this project, we use datasets (1) to obtain the cancer cell lines profileatasdtd?2)

to obtain a drugesponse matrix. Hencég mainvariablesare cell lines, compounds and
ICs0. From arecommendesystem perspective: cell lines represent users (whose profile
is characterized by a gene expression profile), compounds represeatand G

represent ratings given lwgers to each itemn(iotherwordst he drugs Oef fi ca

Regar di ng wrhtef apalyos; ewcerall lines GDSC offers a wide

collection: 1018 cancer cell lines frds0 different bodyparts
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Figure 3.2 Bodypartsorigins (1018 cancer cell lines)

Of the total number ofancer cell lines, th project makes use of 92epresenting 45

different bodyparts as explained in the next section.
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Figure 3.3 - Bodypartsorigins (927 cancer cell lines)

3.2.2Cell lines

Datased (1) cont ain a collection of > 100 di ff
spectrum of common and rare types of adult and childhood cancers of epithelial,

mesenchymal and haematopoietic origiviang et al., 2013)

A wide genomic characterization of tleesell lines has been made available by the
Wellcome Trust Sanger Institutenutation, copy number, methylation, and expression.
Nevertheless, it is commonly recognized thahe expressiodataprovidesit he best

predi ct i(Qostellpeas al.e201d)n fact, gene expression is the comnobioice
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regarding the development @hncerdrug recommendeisystems that use GDSC1.

Therefore, we choose gene expression data to profile the cancer cell lines.

The gene expression data can be fourtdeaArrayExpress website:

@D ArrayExpress a

Examples: E-MEXP-31, cancer, p53

Browse Submit About ArrayExpress Contact Us

ARRAYEXPRESS BROWSE / EMTAB-3610 / FILES RAW DATA

E-MTAB-3610 - Transcriptional Profiling of 1,000 human cancer cell lines

. E-MTAB-3610.raw.1.zip 144.0 MB 4 June 2015, 22:29
. E-MTAB-3610.raw.2.zip 147.8 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.3.zip 146.9 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.4.zip 145.7 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.5.zip 146.2 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.6.zip 146.9 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.7 zip 146.4 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.8.zip 146.7 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.9.zip 145.6 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.10.zip 1451 MB 4 June 2015, 22:28
. E-MTAB-3610.raw.11.zip 145.6 MB 4 June 2015, 22:29
. E-MTAB-3610.raw.12.zip 1449 MB 4 June 2015, 22:29
. E-MTAB-3610.raw.13.zip 145.5MB 4 June 2015, 22:29
. E-MTAB-3610.raw.14 zip 145.5MB 4 June 2015, 22:29
. E-MTAB-3610.raw.15.zip 1446 MB 4 June 2015, 22:29
. E-MTAB-3610.raw.16.zip 144.5MB 4 June 2015, 22:29
X E-MTAB-3610.raw.17.zip 1444 MB 4 June 2015, 22:29
. E-MTAB-3610.raw.18.zip 147.4MB 4 June 2015, 22:29
. E-MTAB-3610.raw.19 zip 144.7 MB 4 June 2015, 22:29
. E-MTAB-3610.raw.20.zip 147.4MB 4 June 2015, 22:29
. E-MTAB-3610.raw.21 zip 147.8 MB 4 June 2015, 22:29
Y. E-MTAB-3610.raw.22.zip 145.0 MB 4 June 2015, 22:29
. E-MTAB-3610.raw.23 zip 146.6 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.24.zip 146.0 MB 4 June 2015, 22:30
. E-MTAB-3610.raw.25.zip 104.7 MB 4 June 2015, 22:30

A Due to the large amount of data there are multiple archive files for download.

Figure 3.4 Gene expression data

Adapted from(ArrayExpress, 2020)

It is important to notice that, althouginrayExpressvebsite providethe gene expression
profilesof > 1000cell lines, only 987 cell lines were drug screefiedhedataset GDSC1

(release 8.2). Also, exploratory data analysis unfoldthigt928 of ttose cell lines have
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their DNA microarray availablat the websitel ater, while conducting the experiments,
one of them was found to have its CEL file corrupted. Toege the final number of
cancer cell lines used in thpsoject is 927.

As shown in Figure 6.2, to the large amount of dathere are multiple archive files
for download. For exampl&-MTAB-3610.raw.1.ziparchive filecompriseghe first 41
gene expessions:

Figure 3.5 E-MTAB-3610.raw.1.zip archive filésample vievshowing8 filesof the 41 available

Each gene expression is stored ispecific format filei a CEL file (created byan
Affymetrix DNA microarray image analysis softwdré containinga 2D matrix
(744x744):

Figure 3.6 Example of a CEL file (storing the gene expression of a cancer cell line)

This matrix represents an imagea DNA microarrayimage which is, as previously
explained (see Chapter 2 Genonaxkground)the most common way to represent the

gene expression profile of a cell line.
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The microscopic DNA spotsnark the positiosof specific gengof the cell line thus
each cell line will be characterized by 74444 = 553 536 different gene3hus, @ch
number of the matrix represents the expressionifoother wordsthe intensity of the

manifestation) of the corresponding gene after the artificial stimulation of the cell line.

Consequently,a&ch cell line will have its characteristic gene expressiofil@rihat will

be likeafifingerprind of the cell line.

The DNA microarray imagestored in the previous matrix is:

C 0

0

Figure 3.7 Example of a DNA microarray image

Although it is difficult for the human eye to visualize the 553 536 gene spots, this is an
easy task for a computer.

In order to allow a cell line correspondend® CEL filenamecontaingheidentification

of the corresponding assay (used to obtain that DNA microarr@i)s identification,
matched with additional information available at the ArrayExpress website, allows us to
identify thetestedcell line.

For example, the DNA microarray stored in the 5i&0099417322120213068 AO01.cel
belongs to the cell line UAG812.

37



WaveletBased Cancer Drugé&tommender System

E-MTAB-3610 - Transcriptional Profiling of 1,000 human cancer cell lines

© Display full sample-data table

-812_breast_91 Homo sapiens  UACC-812 UACC-812 &

-120_Brea Homo sapiens  CAL-120 CAL-120 &

32_| 201T_Lung:NS Homo sapiens  201T 2017 &
32_] Homo sapiens  EVSA-T EVSAT RA

Figure 3.8 Sample data description

Source(ArrayExpress, 2020)

For future use, the previous correspondences (celi lazsay filename) are stored in a

customized file:

Cell lines & Assays

Figure 3.9 Cell lines, assays and filenames correspondéitee¢sample view)

Finally, and 6r evaluation purposes, the DNA microarray images belonging to the
selected 927 cancer cell lines are divided into 4 folders (mutually exclusive but of
different sizes): one folder with 852 cancer cell lines and three folders with 25 cancer cell
lines each

The three folders of minor size, representing setamfetusers in the context of the
proposed framework, are evaluated, one at a time. The resulting folder valuestdte hit

and average reciprocal freite, are then averaged and taken as therésalt.

3.2.3Compounds and 1Gso

Regarding dataset (2), featuring ttedl line drug sensitivity datathe stored values are
figenerated fronongoing highthroughput screening performed by @ancer Genome
Project at the Wellcome Trust Sangiestitute and th Center for MoleculaFrherapeutics
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at Massachusetts General Hospital usirgpléection of >1000 cell lings(Yang et al.,

2013)

The selected compounds ar

in the clinic, drugs undergoing cloal development and in clinical trials and tool

compounds in early phase developnadivtang et al., 2013)

e

approvedcdaugsauged

Cell lines are submitted ftuorescencéased cell viability assays following 72ursof

t her

drug treatmenta n d t he resul t s theahald maxianal | irenibitailyi n c | u c

concentration (I6s), theslope of the doseesponse curve and the area underctirge

for each experiment(Yang et al., 2013)

The cell line drug sensitivity dates divided intotwo datasets GDSC1 and GDSCP

which are periodically updatezhd freely available without restriction. For the moment,

the most recent release, and the one that we will use imprbjisct, is Retase 8.2

(Genomics of Drug Sensitivity in Cancer, 2020)

Release 8.2 (Feb. 2020)

GDSC1 GDSC2
Age
From 2010 to 2015 New
Size
987 Cell Lines 809 Cell Lines
367 Compounds 198 Compounds
310904 IGo 135242 1Go
Assay
Resazurin or Syto60 CellTitreGlo
72 hours 72 hours

Table3.1 Cell line drug sensitivity data

Source(Genomics of Drug Sensitivity in Cancer, 2020)
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Compared withGDSC2, dataset GDS(drovides access tonoredata and, hencét is
the chosen dataset to perform the experiments. The corresponding file can be found at
https://www.cancerrxgene.org/downloads/bulk_downl&sth row oft corresponds to

a specific drug tested in a specific cell line.

DATASET NLME_RESULT_ID NLME_CURVE_ID COSMIC_ID CELL_LINE_NAME SANGER_MODEL_ID TCGA_DESC DRUG_ID DRUG_NAME
0 GDSC1 289 14442001 683665 MC-CAR SIDM00636 MM 1 Erlotinib
1  GDSC1 289 14442813 684055 ES3 SIDM00265 UNCLASSIFIED 1 Erlotinib

Figure 3.10 Original GDSC1 datasgfsample view)

The file providesl9 variablesrom which we retrievéhe ones of interest faohis project,
namely,iCELL_LINE_NAMEO, ADRUG_NAMEO and AiLN_IC500 (which represents
thenatural log of the fitted 16€3).

Figure 3.11 Retrieved variables from tf@DSC1 datasgfsample view)

An exploratory data analysis shows that, although some cell lines appear 367 times
(meaningthatthey weredrug screene@67 times)only 345 different drugs were used.

This happens because some drugs were tested more than once on the same cell line.

Also, for some cell lines, not all the 345 different drugs were tested (for example, cell line

NCI-H250 has only 1 drug screening).

It is also important to notice that thesiGre not comparable between different drugs
(each drug had a different dosagdgnce, it is necessary to normalize theolkefore
further analysis.

3.2.4Preprocessing

Prior to the experimentseveral tasks of preprocessiage conductedegarding the

retrievedcell line drug sensitivity data.

First, all rows with cancer cell lineshose gene expression profiles are not available are

removed Consequently, only the kgof 927 cancer cell lines are kept.
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Also, the cancer cell lines with repeated drugs (drugs tested more than once on the same

cell line) are grouped by their meansf&alue.

The variables arthenrearranged into a new mati(827x346):

cell PHA-

. Erlotinib Rapamycin Sunitinib _ MG-132 Paclitaxel Cyclepamine AZ628 Sorafenib Tozasertib Imatinib
line 665752
0 ”\P 2.39568¢ 244 2.1610 2.613997 4757 4296779 2.055377 4402 701282 2.804463
1 ES3 528610
2 ESS 1426
3 ESY7 2.343982
EW- PR, - - e o A Amamen A asre e SR, - oo .
4 2.478678 21231 42 2775492 23202 2032 5.71629 ] 414 2344 2 0

Figure 3.12 Drug-response matrix initial version(sample view)

Next, the values areonverted from LN 16 to 1Cso (ICs0 = exp(LN ICs)).

Tonormalize the 16 values into a [0, 1] interval, we follow the methaskd byMenden,
lorio, Garnett, Mcdermott, & Ben€2013)by applying a logistidike function:

normalized (IGo) = with ICs0> 0

8

Therefore, the closerrrmalizedCsg value is tazerg the more sensitive the cancer cell
line is to the drug whereas the closernbemalizedCso value is tol, the more resistant

the cancer cell line is.

The final drugs resmse matrix has 13,3% of missings¢é®@alues which are set equal to

0.5 (the neutral point in the chosen scale, i.e., the previous intentd).[0

Finally, a column named fAarray data file

;zi: array data file Erlotinib Rapamycin Sunitinib GEZ:;Z MG-132 Paclitaxel Cyclopamine
UACC- e g . - e P e . E

0 - , 95009941 212( )68_AD1.cel 0 40 0.448 )0000 0.5 2 0.5 00000 0.6 2
1 201T 5500994158987071 209_AD1.ce 00000 0.50000 1000 1000 10000 00000 10000
2 — 5500994172383112813929_A01.ce 0.569937 0.430087 0.548258 0.570864 0.46506 0.413074 0.565090
3 " -_'\HE; 5500994158987071513202_A01.cel 0.500000 0.500000 0.500000 0.500000 0.500000 0.500000 0.500000

4 MS751 5500994158987071513207_A01.cel 0.500000 0.500000 0.500000 0.500000 0.500000 0.500000 0.500000

Figure 3.13 Drug-response matrix final version(sample view)

41

o



WaveletBased Cancer Drugé&tommender System

3.3 Proposed framework
3.3.1Introduction

The framework proposed here has two main stages: user similarity measurement and
cancer drug recommendation. Givetaggetcancer line (prisled by a DNA microarray
Image representing its gene expression profile), firstly, a search for thermmst similar
users is conducted and, secondly, using the retrieved information, a personalized cancer
drug recommendation is presented, ranking oipe\t most effective drugs for tharget

user.

3.3.2Stage 1i users similarity measurement

The goal of this stage is to find the tbpmost similar cancer cell lines regarding the
targetcancer cell line. Thiss doneunder two experiments: without and with wedet

transforms.

Figure3.16 presents the framework used at experiment 1, whidbne without wavelet
transforms.Accordingly, given atargetcancer cell line, whosd r ugs 06 r espons
unknown its DNA microarray image (individual gene expression if@pfwill be

compared against each already existing DNA microarray image belonging to cancer cell
lineswhosel r u g s 0 ,intars,greknowneT his comparison will be performed using

a similarity metric. The final results (similarity score) vallow us to sort the database

in descending order, i.e., from the most to the least similar cell line.

Target cancer o Cancer cell lines
. Similarity
cell line — — database
Measurement
DNA microarray image 1 DNA microarray images
(gene expression profile) (gene expression profiles

Top-N similar
cancer cell lines

Figure 3.14 Experiment 1: without wavelet transforms

Figure3.17 presents the framework at experiment 2, made with wavelet transforms.
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Target cancer cell line

DNA microarray image
(gene expression profile)

Transformation
from spatial domain
to wavelet domain

STEP 1

Feature extraction

Discrete wavelet transform

21d |evel detail coefficients

3 subsampled
(horizontal, vertical,
diagonal details)

imaged
and

STEP 2

Feature] engineering

3 detail channels image

1 single image
(47x47x3)

Phase 2

Figure 3.15 Experiment 2: with wavelet transform

4—1 Similarity measurement

Cancer cell lines
Database

Each cell line is representsg
by its wavelet coefficients
subset

43



WaveletBased Cancer Drugé&tommender System

The difference regarding the previous framework is that, this time, we will not use the
original DNA microarray images to compute the similarity score. ldsteach of the
original images (of bothargetand existing cell lines) will be transformed into new

images, i.e., wavelet transformed images.

Firstly, we will apply a discrete wavelet transform to the original images. Secondly, the
resulting threesubsampled images (representing the horizontal, vertical, and diagonal
wavelet detail coefficients) will be rearranged in order to form a new 3 detail channels
image. Therefore, while the original images have only one channel, the new images will
have thee channels.

Y

<
ot

o
. -\o‘b\““
o STEP 1: feature extraction (discrete wavelet transform)

.

|
I
v

STEP 2: feature engineering

Figure 3.16 Wavelet transformed images
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3.3.3Stage 2 cancer drug recommendation

The recommendation task is anchored in the assumption that similar cell lines have
similardr ugs & r e s p o n sfersfindingtoenmest gjmilar nser,lye i ra dr ugs

responses are retrieved.

Next,in order to discover which of the retrieved drugs are the best ones to recommend to
thetargetcell line,the recommendation candidates (itkee retrieved drugs) are scored.
Such score should reflect, not only how efficient a certain drug is to a cell line similar to

thetargetone, but also how similar that existing cell is regardingahgetcell.

Therefore, we establishscorethatc or r esponds to the drugods
ICs0) but weighted by the similarity score between the retrieved cell line anthet

cell line. Also, if one drug appears more than orfaecommon situation that can occur

since some drugs werested in several distinct cell linges)s scores are added in order

to strengthen that fact.

target user

<

/
/
/

recommendation sc7 75% similarity

75% x |C50 /
E / existing user
o@ ICs0 Y ——
@ - V
ECI:)

Figure 3.17 Example of a recommendation score

The final scores are sorted in ascending or(lee lower the 16 value is, the more
efficient the compound jsandthe topN drugs are then presented as the most likely

efficientones or thetargetcell line.
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Top-N similar
cancer cell lines I

Candidate generation

For each similar cance
cell line: retrieve Gy ‘

Candidate score

For each similar cancer cg |
line: I1Cso x similarity score ‘
—

Top-N recommendation list

Top-N drugs sorted
(ascending order) by scores

Figure 3.18 Cancer drug recommendation pipeline

3.4 Used tools

This project uses an environment provided by Google called Colabora{@gogle,
2020) or just Colab for short. Colab platform requires no setup to use and runs entirely
in the cloud, allowing the implementation of machine learning modadshnically
speaking, Colab is a hosted Jupyter not&smrvice available through a Google Drive.

The @de is executed in a virtual machine privatttb e u s e racoowmt. Goo gl e

This infrastructure allows to write and execute Python code in a browser with zero
configuration required and to freely access GRBI®phics Processing Unit) and TPUs
(Tensor Processing Unit), accelerating the performance of linear algebra computation,

which is used heavily in machine learning applications.
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~ 1) INTRODUCTION

~ Google Drive Access

Figure 3.19 Example of a Google Colab Notebook

The benefits of using this cloud service over using our own local machines are several,

for example:

- It comes with importanPython packages prénstalled and ready to ug®umpy,
Panda , T e n s or HAnladditiénjt allaws the installation ofurther packages or

upgradeof current ones.

- It providesinteractivebrowserbased Jupyter Notebookisat can be easilyiewed
edited, and executdaly others(including nontechnical audiere), through a shareable
link.

- Free GPUaccessThe GPU available in Colalary over time, andften include Nvidia
K80s, T4s, P4s and P100s

- FreeRAM of 12 GB with maximum extension of 25 GB
- Storageof Notebooks on Google Drive

- Document code with Markdowmakingthe Notebookayoutwell-organized andser

friendly.
- Loaddata fromthe Googlalrive.

Despite Colab being free, there areerall usage limits as well #SLE timeout periods,
maximum VM lifetime, GPU types available, and other factbatvary over timeFor
example, VMhave maximum lifetimes that can be as much as 12 hblengertheless,
users interested in having resources beyond the limits dfetheerson mayfind useful

Colab Prq(paid version)

In what concerns this project, there was no need to use(&pdcially suitable for deep

learning tasksand a 12 GB RAM waasedto perform the computational task3ue to

47



WaveletBased Cancer Drugé&tommender System

the VM maximum lifetimeconstraint, several checkpoints were scheduled to save the

resultsas they were becoming available.

Finally, regarding th€ython packagésodules the main ones used during the course of

the project were:

- Numpy, for array computing.

- Pandasfor datdramesanalysis and manipulation

- OS for interacting with the operating systédirectories and files

- Matplotlib and Seaborfor data visualizations.

- Biopython,a specialized packader computational biology and bioinformatics
- PyWaveletsfor wavelettransform calculations

- OpenCV, acomputer vision library.

- Scikit-image for computingthe SSIM Index.

3.5 Ethical considerations and sociatesponsibility

The development aflatabasedsolutions for cancer diseagees beyond thesthnical

challenge and als@ises ghical and socialssues

Machine learning systems are greatly shaped by the data they @eriedquentlythey
are prone to data bias. For examfl#he algorithm was trained and evaluateith data
overrepresenhg a certain group, thethe systenwill naturally become biased against
underrepresented groupl a clinical contexta practical consequencetbfs bias might
bethe system perforimng better for certairsocial orethnical group.

Also, the development of these algorithms implies the use of large quantities of data and,
consequently, issues like ownership and consent are rel®emidesin order to benefit

from a personalized medicirdgorithm, the patient needs to shhi®herperonaldata

If the patient refuses to give such consent, this may leaditnsion betweenonsent

and quality of car@ (Carter et al., 2020)

Another interestingssueregards responsibility. If a doctor relies oMa algorithm to
support a clinical decision, ardnegativeoutcomehappensit might not be cleawho
should take the responsibilisince, currently, there is a regulatory vacudrhis is
especially relevant forthesna |l | ed A bl ac k nbnexplairablegd r i t h ms o
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It is urgent to bring these (amdher relatedjssues to public discussion and find standard
solutions ifwe truly want to benefit and incorporate Al healthcare solutions in the real

world. Such transparency produces a vital feeling in the stakeholders (doctors, patients,

healthcare pro i d e ridrustwerthiness
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4 FINDINGS

4.1 Introduction

Experiments are performed on the benchmark dataset, call8€ Qrelease 8.2)Yang

et al.,, 2013) The scopeis to assess if the use of wavelet transforms on the DNA

mi croarray i mages contributes positively
performance. Therefore, the focus lies, not in achieving-sfatee-art results in terms

of evaluation metrics (i.ehit-rate and average reciprocal-hate), but on judging the

impact of using wavelet transformed DNA microarray images (versus original images)

on the proposed framework. To that aim, two experiments are conducted: one using the
original DNA microarray inages and another one using wavelet transforms to preprocess

the images before feeding them to the recommender system.

To measure the similarity between images (i.e., original and wavelet transformed
images) SSIM Index(Z. Wang, Bovik, Sheikh& Simoncelli, 2004)s usedThis metric
compares two imagassingtheir structural informatiomhich suitswell one of themain

tasks of the proposed framewadrkhe search asimilar userdasedn structuralpatterns
available, butoncealedon their DNA microarray images.

4.2 First experiment and its resultsi without wavelet transform

Overall, in this experiment, the similarity between imagesayzedn a spatial domain

(the original domain of the image).

In practical terms, this means that the similarity betweetatigetcancer cell line (whose
drugsdé response are considered to be unkn:q
( wh os e gpansegre kinown)ds measured by applyingsBM Index between the

original DNA microarray image of thergetcancer cell line and the DNA microarray

images of the cell lines in the database.

The similarity measurements show thatgeneralthe similar cell linesthat belong to
the same tof» have very close SSIM Indexesgarding the target oneurthermoreafter
performing a pairwise similarity measurememhongthe cells of these teps, we
conclude that they are also closely simitaeach otherTherefore, we decide to use only

the most similar cell line

The dr ugs 0 iscansepaelhiséethen retrievewf the databasdhe retrieved

normalizedICso values are then weighted by the corresponding SSIM and sorted in
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descendingrder(i.e., from the most to the least effective drug). Thea@mlrugs of the
previous ranking are taken as part of the20pecommendation list for thargetcancer

cell line.

Since the similarity measurement (stageii)this experimentis very time consuming
(using Colabdéds computational resouteses eac
anadaptedour-fold crossvalidationstrategyis usedo evaluatéhe proposed framework.

With that aim, the cancer cell lines are divided into four folders, mutually exclusive but

of different sizes.

Genomic Dataset for Cancer Cell Lines

927 cell lines

Folder A Folder B Folder C Folder D

852 cell lines 25 cell lines 25 celllines 25 cell lines

Figure 4.1 Datasetdivisionfor evaluation purposes

The framework is evaluated using foldd8, C and D, one at a time, and taking the

average result as the final result.
The final top20 hitrate is 1131 and the average reciprocal{2p hitrate is 239.
Equally remarkable is the execution time of the experiment, approximately 30 hours.

These results are set as a baseline for the next experiment.
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4.3 Secondexperiment and its resultsi with wavelet transform

Overall, in this experiment, the similarity between images is analyzed in a frequency

domain, i.e., between waveleansformed images.

For most applications, the chosen wavelet type is Haar or Daubechies. Daubechies,
although conceptually and computationally more complex than Haar, can pick up details
that are missed by Haar. Thus, we choose a Daubechies approacdbrto e wavelet

transform, as the option that may confirm the hypothesis of improving the recommender

system performandirough theransfomation ofDNA microarray images.

Also, when computing wavelet decomposition, it is possible to use differemttreas
(decomposition levels) to convolve the wavelet with the image. Classification using
Daubechies 7 with four or five levels of decomposition reported good performance
(Nanni & Lumini, 2011) Therefore, we initially decide to carry out aledel
decomposition. However, the results suggeat the wavelet transformed image at level

4 is too much compressed resulting in a loss of information. Hence, we proceed instead

with a 2level decomposition.

Figure 4.2 Daubechies 7 wavelet

Although approximation coefficients characterize the major trends contained in the gene
expression profiles (i.e., the essential information of the microarray data), we only use
the detail coefficients because, as observetMay & Zhou (2010) it hey have |
discriminating capacities and make the classification of two classes of subtle differences
possi bl eo. I n t hleu&Ba (A@9)$s it mtee of hathofutge , pur
coefficients is to detect localized feature®# o ne of the gene expres
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At the 2nd level of decomposition, and considering only the detail coefficients, thre
output images are obtained: one in horizontal, other in verticahaotther in diagonal
directions of the image. These images are then combined, formingigue 3detail
channels image (similar to ac®lor channels image, using for example, the R&#&d
GreenBlue color model, but, instead of color channels, the inhagehe detail channels
HorizontalVerticalDiagonal). The resulting image is the one used to assess the

similarity.

One important advantage of theevious approacts thatallows us to preserve spatial
patterns ( si nmogtiors hrekdgnohe imége)ci ent s o
Following the same evaluation method as in experimertelfibhal top20 hitrate is

12.21 and the average reciprocal @@ hitrate is 253.

The experiment takes, approximatelyg hours to execute.

4.4 Recommendation example cancer cé | HHM e A

Using cancer celline iHHO  thetarget cancer cell line, we wilhow provide a
recommendati on exaklHpl dasCamncseorcgliin liinné hf
a sblodd .

After running expedvMmBe nitreved as tbeamost @milaith e | | | i
a SSIM index 069.12%.L i ke t he t acelyliea beldhgsHoothe bdadypars
fibloodd.

Onits turn, experiment 2 returns cancer cell I@MR-WILO , with a SSI M i
81.41%, asthe mostsimilai, hi s cel | | ine also belongs to

time, the SSIM Index is higher regarding the\poais one

The following tablesgrovide a overview of the recommendation lists ({280 drugs)

generated by each of te&periments.
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TargetCelloHH
Drug Rank
Daporinad 1
Bortezomib 2
SN38 3
Sepantronium bromide 4
Temsirolimus 5
THZ2-102-1 6
Omipalisib 7
Vinblastine 8
Vinorelbine 9
ARRY520 10
Dacinostat 11
Rapamycin 12
Panobinostat 13
Epothilone B 14
AZDA8T77 15
Ispinesib Mesylate 16
Dactolisib 17
PLK_6522 18
NSC319726 19
Luminespib 20

Table4.1 Target cancer cell lineMH" - ground truth ranking

Experiment 1¢ Similar Celti W+*oa¢ Experiment2c{ A YA f | NJ VIt €
Drug True Drug True
Rank Rank
1sY) SN38 3 1sY) SN38 3
2nd) Vinblastine 8 2nd) NSC319726 19
39) Docetaxel 23 3) Epothilone B 14
4y AZD4877 15 4%) Rapamycin 12
5") Daporinad 1 51) Omipalisib 7
6") Temsirolimus 5 6") Bortezomib 2
7th) Sepantronium bromide 4 7h) ARRY520 10
8h) Thapsigargin 36 8h) Gemcitabine 22
9th) Methotrexate 24 gt Vinorelbine 9
10M) PLK_6522 18 10") Daporinad 1
11 THZ2-102-1 6 11) Sepantronium bromide 4
12t) Bortezomib 2 12t) Panobinostat 13
13") Panobinostat 13 13") Vinblastine 8
14t) Dactolisib 17 14) Docetaxel 23
15 PARP_9482 123 15M) Paclitaxel 25
16M) Lestaurtinib 60 16") Luminespib 20
17) Dacinostat 11 17") Dacinostat 11
18") Elesclomol 42 18h) Ispinesib Mesylate 16
19h) SNX2112 21 19h) Temsirolimus 5
20y NSC319726 19 20™ THZ2-102-1 6

Table4.2 Experiment I recommendation list

Table4.3 Experiment 2 recommendation list
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As we can obseryeexperiment loutputsa recommendation list with3 hits whereas
experiment Zecommendtion listsuccessfully identifies7Lhits Moreover,experiment
1 has an average reciprocalttate of2.79 whereas for experiment 2 its value i83

56



WaveletBased Cancer Drugé&tommender System

57



WaveletBased Cancer Drugé&tommender System

5 DISCUSSION OF THE RESULTS

In this project, a recommender system
profiles) as inputs and drug recommendation lists as outputs, was implenientasl.
expected from the algorithm the ability to identify tog-20 most relevant compounds
from 345possibledrugs In a random scenario, i.e. without any daésed approach, the
probability of being successful on findirtgose 20 drugs igss thard.00000000000%.

Therefore, although in this preliminary study our research efforts didocos on
implementing a cuttingdge recommender system in terms of evaluation metrics, we

consider very satisfyings starting pointshefinal evaluation metrics obtained

- experiment 1(with original DNA microarray imagéstop-20 hitratewas11.31 and

average reciprocal tep0 hitratewas?2.39.

- experiment Zwith wavelet transformed image$pp-20 hitratewas1221 and average

reciprocal tog20 hitrate is 253,

Overall,from a universe of 345 drugsr recommender system was ablsuggesat list
of 20in which, on averagemore than 50% wern@a factrelevant drugsOnce againin a
random scenario, th@robabilityof obtaining this result would be hight&an the previous
one,but still less tharD.000000%6.

Also, in whatconcernghe average reciprocal t® hitrate, measuring the ability of the
recommender system thisplay relevant drugs on top positiotise results are valuable,
keeping in mind that the maximuaverage reciprocal tep0 hitrate (achieved wheall

the recommeded items are relevarns) 3.60.

The next figureshow the distribution dhe results, tof20 ht-rate and average reciprocal

top-20 hitrate, across the 75 target cancer cell lines.
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HIT-RATE

AVERAGE RECIPROCAL

20

18

16

14

12

10

HIT-RATE

3,5

2,5

1,5

0,5

HIT-RATE

M experiment 1 M experiment 2

Figure 5.1 Hit-rate box plot

AVERAGE RECIPROCAL HIT-RATE

M experiment 1 M experiment 2

Figure 5.2 Average reciprocal hitate box plot
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On one handFigure 5.1allows to conclude thatit-rate results are less dispersed in
experiment 2(not only its interquartile range but also the range of scores is smaller
regarding experiment)1in addition, although both maximuhit-ratescores are on par,
the minimum score of experiment 2 is high@n the other hand, according to Figure 5.2,

average reciprocal hrates are less dispersed in experiment 1.

Taking a closer look to theecommendation example given in Section 4.4, it is also
interesting to notice that the retrieved similar cell linexperiment 2 has a higher SSIM
Index (8141%) with respect to the one retrieved in experiment11g89). In fact, the
SSIM range is higher in experiment 2. For exam@gardingolder B, experiment has

a SSIMrangeof [67.491 81.78% whereas in expement 2it is [76.467 89.57%] which

reflects the denoising power of wavelets transforms.

SIMILARITY

M experiment 1 M experiment 2
100%
95%

90% °

85%
|
80%

75% e

70%

SIMILARITY

65% ¢
60%
55%

50%

Figure 5.3 Similarity box plot

Also, although in the aforementioned example both similar cell lines (i.e. from experiment
1 and experiment 2) belong to the same bo:q

not al ways the case. For exampd$tethebodye t ar
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part Aendometriumod and, while experi ment

location, experiment 2 identifies a similar cell line from a different bodyiparmo ut h o .

Furthermore,n 52% of the instances, experiment 2 choosaffexeht similar cell line
with respect to experiment Eigure 5.4summarizes the impact of such choice on the

results

TARGET CELL LINB®DY PARTS

centrax D
cervix D
vprex D

BILIARY TRAC THEED
KIDNEY
BONE
LIVER
BrRAIN [0
THyrOID MEE)
HEAD & NECKM )
OVARY
enpoMeTRIUM T
pLeurAx I
sLADDER (NEED
SKIN
HeaD & NecK HEEEEEN

Larcr AT
esorHacusllEIINNFED
ereasT (N
BLOOD
pancrEAs NG
LUNG

NUMBER OF TARGET CELL LINES

H same similar cel\ll positive impact m neutral impact = negative impac}

when experiment 2 uses different similar cell line

Figure 5.4 Experimentsfinal results according to target body part

Whenever experiment 2 chooses a different similar cell ling766 of the times this
conducts to better results and.@®% this leads tevorseperformance with respect to
experiment 1(10.26% of the times the impact is neutral, conducting to similar results
although different cell lineareused.
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Some of tle negative results of experiment 2 may be influenced by the drug spersity
the target cell line side.e. the fact that thergetsimilar cell line desnot haveall the
IC50 values availablé&n example that illustrates thiypothesis is target cancer cell line

AnHGILS8 0. Experi ment 22aedrasvebecmbb8 | 58nmi)l

d r u gEpothijoie B ,AThapsigargio ,fiRgpamyciro, fPaclitaxeb, fBortezomil,
AGW843682X6, ifBI1-2536 andiiMitomycin-Co) of the top20 drugs have not been tested
in AH&E&, whereas experiment 1 retrieves
tested drugsfiE p ot h i | Thapsigafgin ) . iBeatpldas a to@0 hitrate of 15

and an average reciprocal-hétte of 248 while experiment 2 has a t@p hitrate of 11

and an average reciprocal-hate of 112.

Overall thefinal results confirm the initial hypothesihe prior preprocessing of DNA
microarray images, using wavelet transforms, impsotlee recommender system
performancesince the evaluation metrics of experiment 2 are, in fact, higher than those
of experiment 1More specifically,experiment zhas a tof20 hitrate and an average
reciprocal top20 hitrate, 45% and 39%, respectively, higher

FINAL RESULTS

experiment 1 66.39%
(baseline) [ 56.55%

. 70.28%
e . | 6 |05

experiment 2 +3.89%
improvement Il + 4.50%

% average % hit rate
reciprocal
hit-rate

Figure 5.5 Final results

Moreover,it is also possible to conclude from the execution times of the experiments that
this positive impact is alsmanslated into an enhanced use of computational resdurces

30 hours (experiment 1) versu® hours (experiment 2).
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EXECUTION TIME

(hours)

i

m experiment 1 = experiment 2

Figure 5.6 Experiments' execution time
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6 CONCLUSIONS

6.1 Contributions and implications

Recommender systems, comprising the identification of the need and preferences of
users, filtering the huge collection of daacordingly and displaying the best fitted
options, are becoming more embracing. This study discusses and presevsl a
framework used to implement a recommender system that proposes a personalized
ranking of cancer drugs, combining techniques of imagecessing for feature

enhancement.

The proposed framework has a first main stage that consists of measuring the user
similarity, and a second main stage, consisting of the cancer drug recommendation. Then,
two experiments are conducted. One using thgirai DNA microarray images and the

other using wavelet transforms to preprocess the images before feeding them to the

recommender system.

The central core of th@roject is the assessment of the impact of using wavelet
transformed DNA microarray imagessfo meas ur i ng ina&regorangendsri mi | a
syst emods . Torthe mestvwobaurkknowledge, it is the first time thatseaech

project addresses this problem.

The conducted experiments confirm the initial hypothesis that wavelet transformed DNA
microarray images enhance the recommender system performance by improving the

search of cancer cell lines with similar profile to the one ofdhgetcancer cell line.

Moreover, experiment 2 takes only 5 percent of the execution time of experiment 1. So,
also from a computational point of view, experiment 2 is more efficient and more suitable

for a realworld application.

Therefore, we conclude that properly chosen wavelet transformed DNA microarray
i mages, not only uncov e rsimitaiitycséaeh (with pdsitive mat i o
impact, as seen previously, in the recommendation task), but also efficiently compress

the DNA microarray images, optimizing computational resources.

Future research can benefit from these findings by incorporating wakasisformed

inputs to their recommender systems frameworks.
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6.2 Limitations

Recommender systems need a lot of data toiefitly make recommendationdot only

data quantity but also diversity is important. A limitation of the dataset used in the
experimens (besides data quantityy that some bodypartsare ovefrepresented (for
examplefibloodd with over 140 cancer cell lines) while others are umrdpresented (for
example fintesting with less than 20 cancer cell lines). This may jeopardize the search
of similar cancer cells lines if the target one belongs to an uegeesented group
(Although as previously discussed, it is not always the case that the retrieved similar cell

linesbelong to the same body part that the target pne.

On the other handmissing IC50 may also compromise the evaluation reskls
example, if a certain drug was tested in the target cell but not in the similar cell line, even
if it was found to be relent (oreffective), the recommender engine will not suggest such
drug. In this project we have decided to work under the voars scenario, accepting

the sparsity on the drugs side.

Finally, due to computational constraints, especially duthmgsimilaity measurement
of the original DNA microarray images, it was not possible to perform a-zedisktion
using the entire datasenstead, 3 subsets of distinct 25 cancer cell lines were used to

perform the evaluation.

6.3 Recommendations

Since only 29 level detail wavelet coefficients were used on this study, future research
could investigate the effect of other variants of wavelet transformed DNA microarray
images (e.g. simultaneous use of detail and approximation coefficients), with the scope
of increasing even further the already existing gap between the evaluation metrics of the
two experiments.Another interesting possibility is the replacement of the DNA
microarray images for basal expression data, under the same scewiticand without

wavdet transforms.

It might be also useful to limit the number of compounds to the most tested dyugs or
alternativelyto use only cancer cell lines that have a certain minimum number of tested
drugs As mentioned in the previous section, if a similar cane#iine lacks many 163

this may negatively impactthe evaluation results. Surely, the imposition of such
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threshold will result in the decrease of the number of cancer cell lines available to test

the framework.

At last theimplemented pipeline at Stage 2 (cancer drug recommendgion)y one
among otherghat could be implementeddence, there is space for exploring other

recomnender systems techniques and assess if they can be a hetter fit

6.4 Final considerations

Recommender systems will inevitably push their boundaries beyeswmmerce
applications. firoughouthis project weshowtheir potential in what concerns precision
medidne and, morepecifically, for personalizeg¢ancer drug recommendationghin a
clinical orlaboratorial(pharmaceutical) contexturthermore, not only the strengths but
also theimplementatiorchallengesf such systemare highlighted so that they cae
properly addressed in the future.

Domain knowledge from Genomics along witkcommender systemand signal
processing theonywerealsoprovidedto enhance thenderstandingf the implementation

details of this work.

There is still a long way to go, froshapingrobustcancer cell linelatabasgeand drug
responses matrice® gaining the stakeholders trust towards such ML personalized
systems. Nevertheless, the journey $tastedand all of us, from researchers to patients,

can take partin it.
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1 INTRODUCTION

1.1 Google Drive Access

In [0]:

1 from google.colab import drive
2 drive.mount('/content/drive')

Go to this URL in a browser: https://accounts.google.com/o/oauth2/auth?clien
t_1d=947318989803-6bn6gk8qdgf4andg3pfee6491hcObrc4i.apps.googleusercontent.co
m&redirect_uri=urn%3aietf%3awg%3aoauth%3a2.0%3aoob&response_type=code&scope=
email%2@https%3a%2f%2fwww.googleapis.com%2fauth%2fdocs.test%20https%3a%2f%2f
www . googleapis.com%2fauth%2fdrive%20https%3a%2f%2fwww.googleapis.com¥%2fauth%
2fdrive.photos.readonly%20https%3a%2f%2fwww.googleapis.com%2fauth%2fpeopleap
i.readonly (https://accounts.google.com/o/oauth2/auth?client_id=947318989803
-6bn6gk8qdgf4andg3pfee6491hcObrc4i. apps.googleusercontent.com&redirect_uri=ur
n%3aietf%3awg%3aoauth%3a2.0%3aoob&response_type=code&scope=email%20https%3a%
2f%2fwww.googleapis.com%2fauth%2fdocs.test%20https%3a%2f%2fwww.googleapis.co
m%2fauth%2fdrive%20https%3a%2f%2fwww.googleapis.com%2fauth%2fdrive.photos.re
adonly%20https%3a%2f%2fwww.googleapis.com%2fauth%2fpeopleapi.readonly)

Enter your authorization code:

Mounted at /content/drive

1.2 Packages

In [@]:
1 pip install biopython

Collecting biopython

Downloading https://files.pythonhosted.org/packages/83/3d/e@c8a993dbeall36
be90c31345aefcS5babdd5046cd52f81c18fc3fdad865/biopython-1.76-cp36-cp36m-manyl
inux1_x86_64.whl (https://files.pythonhosted.org/packages/83/3d/e0c8a993dbea
1136be90c31345aefc5babdd5046cd52f81c18fc3fdad865/biopython-1.76-cp36-cp36m-m
anylinuxl_x86_64.whl) (2.3MB)

| I, | 2.3vB 5.1MB/s

Requirement already satisfied: numpy in /usr/local/lib/python3.6/dist-packag
es (from biopython) (1.18.2)
Installing collected packages: biopython
Successfully installed biopython-1.76
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In [0]:
1 pip install scikit-image

Requirement already satisfied: scikit-image in /usr/local/lib/python3.6/dist
-packages (0.16.2)

Requirement already satisfied: scipy»>=0.19.0 in /usr/local/lib/python3.6/dis
t-packages (from scikit-image) (1.4.1)

Requirement already satisfied: pillow»>=4.3.0 in /usr/local/lib/python3.6/dis
t-packages (from scikit-image) (7.0.0)

Requirement already satisfied: PyWavelets>=0.4.0 in /usr/local/lib/python3.
6/dist-packages (from scikit-image) (1.1.1)

Requirement already satisfied: imageio>»=2.3.0 in /usr/local/lib/python3.6/di
st-packages (from scikit-image) (2.4.1)

Requirement already satisfied: matplotlib!=3.0.0,>=2.0.0 in /usr/local/lib/p
ython3.6/dist-packages (from scikit-image) (3.2.0)

Requirement already satisfied: networkx>=2.0 in /usr/local/lib/python3.6/dis
t-packages (from scikit-image) (2.4)

Requirement already satisfied: numpy>=1.13.3 in /usr/local/lib/python3.6/dis
t-packages (from scipy>=0.19.0->scikit-image) (1.18.1)
Requirement already satisfied: pyparsing!=2.0.4,!=2.1.2,!=2.1.
usr/local/lib/python3.6/dist-packages (from matplotlib!=3.0.0,
t-image) (2.4.6)

Requirement already satisfied: kiwisolver>=1.0.1 in /usr/local/lib/python3.
6/dist-packages (from matplotlib!=3.0.0,>=2.0.0->scikit-image) (1.1.0)
Requirement already satisfied: cycler>=0.10 in /usr/local/lib/python3.6/dist
-packages (from matplotlib!=3.0.0,>=2.0.0->scikit-image) (0.10.0)
Requirement already satisfied: python-dateutil>=2.1 in /usr/local/lib/python
3.6/dist-packages (from matplotlib!=3.0.0,>=2.0.0->scikit-image) (2.8.1)
Requirement already satisfied: decorator>=4.3.0 in /usr/local/lib/python3.6/
dist-packages (from networkx>=2.0->scikit-image) (4.4.2)

Requirement already satisfied: setuptools in /usr/local/lib/python3.6/dist-p
ackages (from kiwisolver»>=1.0.1->matplotlib!=3.0.0,>=2.0.0->scikit-image) (4
5.2.0)

Requirement already satisfied: six in /usr/local/lib/python3.6/dist-packages
(from cycler>=0.10->matplotlib!=3.0.0,>=2.0.0->scikit-image) (1.12.0)

1in/

6,>=2.0.
>=2.0.0->sciki

In [0]:
1 from Bio.Affy import CelFile #package biopython (.cel files)
2 from skimage.metrics import structural_similarity as ssim #structural similarity index
3 import cv2 #handle images (read, save)
4 import pandas as pd
5 import numpy as np
6 import matplotlib.pyplot as plt
7 %matplotlib inline
8 import os
9 from os import listdir #handle path to directories/files

=
[

2 USERS SIMILARITY MEASUREMENT

Customized function that a) computes the SSIM between a given image and the other ones in the database and
b) outputs a top-6 rank (from most similar to dissimilar)
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In [0]:

1 #import .csv file that contains: (928) cell Lines names | assays names | assays filenal
2 assaysDescript_celllLinesDrugScreen_pd = pd.read_csv('/content/drive/My Drive/RecSys_Co

>

In [@]:

1 assaysDescript_celllLinesDrugScreen_pd.head()

Oout[6]:

Characteristics[cell line] Assay Name Array Data File
0 UACC-812 5500994173212120213068_A01 5500994173212120213068_A01.cel
1 201T 5500994158987071513209_A01 5500994158987071513209_A01.cel
2 EVSA-T 5500994172383112813929_A01 5500994172383112813929_A01.cel
3 KYSE-520 5500994158987071513202_A01 5500994158987071513202_A01.cel
4 MS751 5500994158987071513207_A01 5500994158987071513207_A01.cel
In [@]:

1 #remove corrupted .CEL file - 5500994157493061613625_A01.cel
2 corrupted_file = assaysDescript_celllLinesDrugScreen_pd[assaysDescript_celllLinesDrugScr
3 corrupted_file

Oout[7]:

Characteristics[cell line] Assay Name Array Data File
927 CAL-120 5500994157493061613625_A01 5500994157493061613625_A01.cel
In [@]:

1 assaysDescript_celllLinesDrugScreen_pd = assaysDescript_celllLinesDrugScreen_pd.drop(ind
2 assaysDescript_celllLinesDrugScreen_pd.shape

Out[8]:

(927, 3)

In [0]:

#store the filenames in a list

filenames_927 = assaysDescript_celllLinesDrugScreen_pd['Array Data File'].to_list()
print(len(filenames_927))

print(filenames_927[0]) #1st element of the list

print(filenames_927[926]) #last element of the List

uh wN R

927
5500994173212120213068_A01.cel
5500994175999120813240_E04.cel
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In [0]:
1 #find the folder where a .CEL file is located and add that info into the corresponding
2 #1)add column "folder" (its values will be temporarily filled with random numbers)
3 slLength = len(assaysDescript_celllLinesDrugScreen_pd['Array Data File'])
4 assaysDescript_celllLinesDrugScreen_pd = assaysDescript_celllLinesDrugScreen_pd.assign(f
5 assaysDescript_celllLinesDrugScreen_pd.head(2)
< >
out[1@]:
Characteristicsl[iz(j; Assay Name Array Data File folder
0 UACC-812 5500994173212120213068_A01 5500994173212120213068_A01.cel -0.637904
1 201T 5500994158987071513209_A01 5500994158987071513209_A01.cel  1.293723

4 14

In [0]:

#2)find the folder and add that info into the column 'folder’
raw_folders = ['rawl','raw2', ‘raw3’', 'raw4', ‘raw5', 'raw6', ‘raw7', 'raw8', 'raw9’,

for raw in raw_folders:
raw_path = os.path.join('/content/drive/My Drive/RecSys_Code/dataset/CellLines/Gen

1

2

3

4

5 for file in filenames_927:

6

7

8

9 raw_filenames = os.listdir(raw_path) #list all files in the folder

10
11
12 file_intersection_folder = list(set([file]) & set(raw_filenames)) #check if file 1ii
13
14
15 if len(file_intersection_folder) != 0: #if the file is stored in the folder
16 file_row = assaysDescript_celllLinesDrugScreen_pd[assaysDescript_celllLinesDrugScri
17 row_index = file_row.index.values.astype(int)[@] #index of the row where the fil
18 assaysDescript_celllLinesDrugScreen_pd.loc[row_index, 'folder'] = raw
19

4 »
In [0]:

1 assaysDescript_celllLinesDrugScreen_pd.iloc[777]

Out[12]:

Characteristics[cell line] JHOS-2
Assay Name 5500994172948120113978_HO7
Array Data File 5500994172948120113978_H0O7.cel
folder raw21l

Name: 777, dtype: object
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In [0]:

1 assaysDescript_celllLinesDrugScreen_pd['folder'].value_counts()

Out[13]:

rawlé 41
rawle 40
rawl2 40
rawl3 40
raw8 39
raw23 39
raw3 39
rawls 38
rawl?7 38
raw24 38
rawld 38
raw4 38
raw?7 37
raw2e 37
rawé 37
raw22 37
raw2 37
rawll 37
rawl9 37
raws 36
raw9 36
rawl 36
rawls8 35
raw2l 34
raw25 23

Name: folder, dtype: int64

In [@]:
1 assaysDescript_celllLinesDrugScreen_pd['folder'].value_counts().sum() #927. OK, as expe
Out[14]:

927

In [@]:

1 #export final dataframe as .csv file (to reuse it in the notebooks STAGE2_EXP1.ipynb al
2 #.csv file contains: (927) cell Llines names | assays names | assays filenames | folder
3 assaysDescript_celllLinesDrugScreen_pd.to_csv(r"/content/drive/My Drive/RecSys_Code/dat

4 >
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In [0]:

def similarity_ssim(image):

Description:

This function takes an image (.cel) and computes its similarity, using the Structura
Similarity Index, regarding the other images (.cel) from the database.

It outputs the top-6 most similar images.

Parameter:
image - image (.cel) whose similarity to the other images (.cel) will be computed

Returns:
top-6 most similar images

Example:
>>> similarity_ssim('5500994157493061613625_A10.cel')

#import .csv file that contains: (927) cell Lines names | assays names | assays file
assaysDescript_celllLinesDrugScreen_pd = pd.read_csv('/content/drive/My Drive/RecSys_

#store the assays filenames into a list

assays_filenames_927_pd = assaysDescript_celllLinesDrugScreen_pd['Array Data File']
assays_filenames_927_list = list(assays_filenames_927_pd)

assays_filenames_927_set = set(assays_filenames_927_list)

raw_folders = ['rawl','raw2', 'raw3', 'raw4', 'raw5', 'raw6', 'raw7', 'raw8', 'raw9’

#create an empty dataframe to store the results
columns_name = ["image","SSIM"]

df = pd.DataFrame(columns = columns_name)

n=0

#locate and read the given image:

#1)define the path to the directory where the image is stored

image_row = assaysDescript_celllLinesDrugScreen_pd[assaysDescript_celllLinesDrugScreen,
image_index = image_row.index.values.astype(int)[@] #index of the row where the imag
raw = assaysDescript_celllLinesDrugScreen_pd.loc[image_index].at['folder'] #folder wi
image_path = os.path.join('/content/drive/My Drive/RecSys_Code/dataset/CellLines/Gen«
images_path = '/content/drive/My Drive/RecSys_Code/dataset/CelllLines/GeneExpressionP
images_filenames = os.listdir(images_path) #lists all the files in the directory "4ti

#2)read the image
with open(image_path) as handle:
c = CelFile.read(handle) #read CEL file
img = c.intensities #read the image given as parameter

#folder by folder: locate other images, read them and compute SSIM; store the result
for raw in raw_folders:
print(“"The analysis of folder:", raw, "has started.")
images_path = os.path.join('/content/drive/My Drive/RecSys_Code/dataset/CelllLines/
all_images_filenames_list = os.listdir(images_path) #lists all the files in the fo
all_images_filenames_set = set(all_images_filenames_list)
#retrieve the filenames of "raw" that are also present in assays_filenames_927
#(remember that, although we have an Affymetrix database with 1018 DNA microarray
filtered_images_filenames = assays_filenames_927_set.intersection(all_images_filen
filtered_images_filenames = list (filtered_images_filenames)
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60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79

for image_db in filtered_images_filenames:

img_database_path = os.path.join('/content/drive/My Drive/RecSys_Code/dataset/Ce

with open(img_database_path) as handle:
¢ = CelFile.read(handle) #read CEL file
img_database = c.intensities #read the image (in the folder 'raw')

img_ssim = ssim(img, img_database, multichannel = True) #compute SSIM

df.loc[n] = [image_db] + [img_ssim] #add result to the dataframe
n+=1

df = df.sort_values(by='SSIM', axis=0, ascending=False).head(6)
print()

print("Top-6 most similar images:")

print()

return df
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In [@]:
1 similarity_ssim('5500994157493061613625_Al0.cel')

The analysis of folder: rawl has started.
The analysis of folder: raw2 has started.
The analysis of folder: raw3 has started.
The analysis of folder: raw4 has started.
The analysis of folder: raw5 has started.
The analysis of folder: raw6 has started.
The analysis of folder: raw7 has started.
The analysis of folder: raw8 has started.
The analysis of folder: raw9 has started.
The analysis of folder: rawl® has started.
The analysis of folder: rawll has started.
The analysis of folder: rawl2 has started.
The analysis of folder: rawl3 has started.
The analysis of folder: rawl4 has started.
The analysis of folder: rawl5 has started.
The analysis of folder: rawl6 has started.
The analysis of folder: rawl7 has started.
The analysis of folder: rawl8 has started.
The analysis of folder: rawl9 has started.
The analysis of folder: raw2@ has started.
The analysis of folder: raw2l has started.
The analysis of folder: raw22 has started.
The analysis of folder: raw23 has started.
The analysis of folder: raw24 has started.
The analysis of folder: raw25 has started.

Top-6 most similar images:

Out[24]:

image SSIM

101  5500994157493061613625_A10.cel 1.000000
246 5500994158987071513207_C06.cel 0.731897
554 5500994157493061613625_F04.cel 0.727921
359 5500994158987071513209_D06.cel 0.715566
74 5500994172383112813929_A11.cel 0.714804
697 5500994158987071513201_G10.cel 0.711776

In [@]:

1 #the execution of the function similarity_ssim() takes, aprox., 25 minutes
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In [@]:

#test

with open(imagel_path) as handle:
¢l = CelFile.read(handle)
imagel = cl.intensities

with open(image2_path) as handle:
c2 = CelFile.read(handle)
image2 = c2.intensities

WoONOOUVTDA WNR

RO R e
WN RO

ssim_test = ssim(imagel, image2, multichannel = True)
ssim_test #0.731897 Ok, as expected.

K >

Ea
IS

Out[143]:

0.7318971581690118

imagel_path = '/content/drive/My Drive/RecSys_Code/dataset/CellLines/GeneExpressionPro

image2_path = '/content/drive/My Drive/RecSys_Code/dataset/CellLines/GeneExpressionPro
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APPENDIX 2. EXPERIMENT 1 / PART 27 PYTHON CODE.
Contents
1 INTRODUCTION
1.1 Google Drive Access
1.2 Packages
1.3 Customized functiogsimilarity _ssim(image.cel)
1.4 Dataset split (for performance evaluation)
2 CANCER DRUG RECOMMENDATION
2.1 Drug response matrix

2.1.1 Download original dataset
GDSCL1 _fitted _dose_response 25Feb20.xIsx

2.1.2 (Brief) Exploratory analysis original dataset

2.1.3 Filter the original dataset (from 928 to 927 cell lines)
2.1.4 Final matrix rows/927 cell lines X columns/345 drugs
2.1.410necelllinei L-$03 40

2.1.4.2 927 cell lines

2.1.5 Export drug_response_matrix_In as .csv file

2.2 1C50

2.2.1 From LN IC50 to IC50

2.2. Normalize IC50

2.2.3 Set missing IC50 values equal to 0.5

2.2.4 :Export drug_response_matrix_norm_withoutMissingValues as .csv
file

2.3 TopN similar cell lines
2.3.1 Folder B
2.3.2 Folder C
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2.3.3 Folder D

2.4 Drug candidates generation
2.4.1 Folder B

2.4.2 Folder C

2.4.3 Folder D

2.5 Drug candidates score
2.5.1 Folder B

2.5.2 Folder C
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2.6.3 Folder D
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2.7.2.2 Average reciprocal fate
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2.7.3.2 Average reciprocal hiate
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1 INTRODUCTION

1.1 Google Drive Access

In [0]:

1 from google.colab import drive
2 drive.mount('/content/drive')

Go to this URL in a browser: https://accounts.google.com/o/oauth2/auth?clien
t_1d=947318989803-6bn6gk8qdgf4andg3pfee6491hcObrc4i.apps.googleusercontent.co
m&redirect_uri=urn%3aietf%3awg%3aoauth%3a2.0%3aoob&response_type=code&scope=
email%2@https%3a%2f%2fwww.googleapis.com%2fauth%2fdocs.test%20https%3a%2f%2f
www . googleapis.com%2fauth%2fdrive%20https%3a%2f%2fwww.googleapis.com¥%2fauth%
2fdrive.photos.readonly%20https%3a%2f%2fwww.googleapis.com%2fauth%2fpeopleap
i.readonly (https://accounts.google.com/o/oauth2/auth?client_id=947318989803
-6bn6gk8qdgf4andg3pfee6491hcObrc4i. apps.googleusercontent.com&redirect_uri=ur
n%3aietf%3awg%3aoauth%3a2.0%3aoob&response_type=code&scope=email%20https%3a%
2f%2fwww.googleapis.com%2fauth%2fdocs.test%20https%3a%2f%2fwww.googleapis.co
m%2fauth%2fdrive%20https%3a%2f%2fwww.googleapis.com%2fauth%2fdrive.photos.re
adonly%20https%3a%2f%2fwww.googleapis.com%2fauth%2fpeopleapi.readonly)

Enter your authorization code:

Mounted at /content/drive

1.2 Packages

In [@]:
1 pip install biopython

Collecting biopython

Downloading https://files.pythonhosted.org/packages/a8/66/134dbd5f885fc714
93c61b6cfO4c9ea8082da28da5edd7709b02857cbde/biopython-1.77-cp36-cp36m-manyl
inux1_x86_64.whl (https://files.pythonhosted.org/packages/a8/66/134dbd5f885F
€71493c61b6cfR4c9e208082da28da5ed0d7709b02857cbd0/biopython-1.77-cp36-cp36m-m
anylinux1_x86_64.whl) (2.3MB)

| I, | 2.3V 2.8MB/s

Requirement already satisfied: numpy in /usr/local/lib/python3.6/dist-packag
es (from biopython) (1.18.4)
Installing collected packages: biopython
Successfully installed biopython-1.77

In [0]:
1 import pandas as pd
2 import numpy as np
3 from skimage.metrics import structural_similarity as ssim #structural similarity index
4 from sklearn.utils import shuffle #shuffle (i.e., make random order)
5 from Bio.Affy import CelFile #package biopython (.cel files)
6 import os
7 from os import listdir #handle path to directories/files



WaveletBased Cancer Drugé&tommender System

1.3 Customized function similarity_ssim(image.cel)
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In [@]:

53

def similarity_ssim(image):

Description:

This function takes an image (.cel) and computes its similarity, using the Structura
Similarity Index, regarding the other images (.cel) from the database.

It outputs the top-50 most similar and the top-10 most dissimilar images.

Parameter:
image - image (.cel) whose similarity to the other images (.cel) will be computed

Returns:
top-50 most similar images
top-10 most dissimilar images

Example:
>>> similarity_ssim('5500994157493061613625_A10.cel')

#import .csv file that contains: (927) cell Llines names | assays names | assays file
assaysDescript_cellLinesDrugScreen_pd = pd.read_csv('/content/drive/My Drive/RecSys_|

#store the assays filenames into a list

assays_filenames_927_pd = assaysDescript_celllLinesDrugScreen_pd[ 'Array Data File']
assays_filenames_927_list = list(assays_filenames_927_pd)

assays_filenames_927_set = set(assays_filenames_927_list) #transform the List object

raw_folders = ['rawl’,'raw2', 'raw3', 'raw4', 'raw5', 'raw6’', 'raw7', 'raw8', 'raw9’

#create an empty dataframe to store the results
columns_name = ["image","SSIM"]

df = pd.DataFrame(columns = columns_name)

n=0

#locate and read the given image:

#1)define the path to the directory where the image is stored

image_row = assaysDescript_celllLinesDrugScreen_pd[assaysDescript_celllLinesDrugScreen,
image_index = image_row.index.values.astype(int)[@] #index of the row where the imag
raw = assaysDescript_celllLinesDrugScreen_pd.loc[image_index].at['folder'] #folder w
image_path = os.path.join('/content/drive/My Drive/RecSys_Code/dataset/CelllLines/Gen
images_path = '/content/drive/My Drive/RecSys_Code/dataset/CelllLines/GeneExpressionP
images_filenames = os.listdir(images_path) #lists all the files in the directory "Ge

#2)read the image
with open(image_path) as handle:
c = CelFile.read(handle) #read CEL file
img = c.intensities #read the image given as parameter

#folder by folder: locate other images, read them and compute SSIM; store the result
for raw in raw_folders:
if raw == 'rawl' or raw == 'raw5' or raw == 'rawl®' or raw == 'rawl5' or raw == 'r
print("Current folder under analysis:", raw)
images_path = os.path.join('/content/drive/My Drive/RecSys_Code/dataset/CellLines/
all_images_filenames_list = os.listdir(images_path) #lists all the files in the fo
all_images_filenames_set = set(all_images_filenames_list)
#retrieve the filenames of "raw" that are also present at assays_filenames_927
#(remember that, although we have an Affymetrix database with 1018 DNA microarray
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60 filtered_images_filenames = assays_filenames_927_set.intersection(all_images_filen
61 filtered_images_filenames = list (filtered_images_filenames)

62

63 for image_db in filtered_images_filenames:

64 img_database_path = os.path.join('/content/drive/My Drive/RecSys_Code/dataset/Ce
65 with open(img_database_path) as handle:

66 ¢ = CelFile.read(handle) #read CEL file

67 img_database = c.intensities #read the image (in the folder ‘'raw')

68

69

70 img_ssim = ssim(img, img_database, multichannel = True) #compute SSIM

71

72

73 df.loc[n] = [image_db] + [img_ssim] #add result to the dataframe

74 n+=1

75

76 df_similar = df.sort_values(by='SSIM', axis=0, ascending=False).head(50)

77 df_dissimilar = df.sort_values(by='SSIM', axis=@, ascending=False).tail(10)
78 print()

79

80 return df_similar, df_dissimilar

1.4 Dataset split (for performance evaluation)

Function similarity_ssim(image.cel) takes aprox. 25 minutes to run (with Google Colab computational
resources). Thus, to compute a user-user similarity matrix (which is symmetric along its diagonal) would take
aprox. 827x827/2x25 minutes.

Hence, due to the previous constraint, we use an adaptation of a four-fold cross-validation to evaluate the
proposed RecSys.

The 927 cell lines are split into 4 folders (mutually exclusive but of different sizes):

« Folder A with 852 cells
« Folder B with 25 cells
« Folder C with 25 cells
« Folder D with 25 cells

Using folders B, C and D, we perform 3 distinct validations and take their average as the final result.

In [0]:

1 #import .csv file that contains: (927) cell Lines names | assays names | assays filenar
2 cells927_pd = pd.read_csv('/content/drive/My Drive/RecSys_Code/dataset/CelllLines/927Ce
3 cells927_pd.head(2)

Out[5]:
Charade"s"cslli‘::]l Assay Name Array Data File folder
0 UACC-812 5500994173212120213068_A01 5500994173212120213068_A01.cel  raw1
1 201T 5500994158987071513209_A01 5500994158987071513209_A01.cel  raw1
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In [@]:
1 cells927_pd[cells927_pd['Array Data File'] == '5500994172383112813928 (C04.cel']
out[6]:

Characteristics[cell line] Assay Name Array Data File folder

In [0]:

1 cells927 = cells927_pd['Array Data File'].values #store the filenames into an array
2 cells927[0:10]

Oout[7]:

array ([ '5500994173212120213068_A01.cel', '5500994158987071513209_A0l.cel’,
'5500994172383112813929_A01.cel', '5500994158987071513202_A01.cel’,
'5500994158987071513207_A01.cel', '5500994172383112813928_A01.cel’,
'5500994172383112813930_A01.cel', '5500994172948120113978_A01.cel’,
'5500994173212120213068_A02.cel', '5500994157493061613625_A02.cel'],
dtype=object)

In [0]:
1 #split
2 cells927 = shuffle (cells927, random_state = 101) #shuffle the order of the cell Llines
3 folderA = cells927[0:752] #752 cells
4 folderB = cells927[752:777] #25 cells
5 folderC = cells927[777:802] #25 cells
6 folderD = cells927[802:827] #25 cells
7 #missing 100 _cells = [827:927] #100 cells (without impact in the notebooks or results,
8
9 #752 + 25 + 25 + 25 + 100 = 927 cells

In jel:
1 #store the folders in dataframes and export them as .csv files (to reuse them in the n¢
2 folderA_pd = pd.DataFrame(folderA)
3 folderA_pd.to_csv(r"/content/drive/My Drive/RecSys_Code/dataset/CellLines/folderA/fold¢
4
5 folderB_pd = pd.DataFrame(folderB)
6 folderB_pd.to_csv(r"/content/drive/My Drive/RecSys_Code/dataset/CellLines/folderB/fold
7
8 folderC_pd = pd.DataFrame(foldercC)
9 folderC_pd.to_csv(r"/content/drive/My Drive/RecSys_Code/dataset/CellLines/folderC/fold
10
11 folderD_pd = pd.DataFrame(folderD)

=y
N

2 CANCER DRUG RECOMMENDATION

2.1 Drug response matrix

Description

folderD_pd.to_csv(r"/content/drive/My Drive/RecSys_Code/dataset/CelllLines/folderD/foldl

>

90



WaveletBased Cancer Drugé&tommender System

« rows: cancer cell lines
« columns: drugs
« values: IC50s

2.1.1 Download original dataset
GDSC1_fitted_dose_response_25Feb20.xIsx

In [0]:
1 cell_drug_fitResponse = pd.read_excel("/content/drive/My Drive/RecSys_Code/dataset/Druj
2 cell_drug_fitResponse.head(2)

out[6]:

CELL_LINE_NAME DRUG_NAME LN_IC50

0 MC-CAR Erlotinib  2.395685
1 ES3 Erlotinib  3.140923
In [8]:

1 cell_drug_fitResponse.shape
Out[7]:

(310904, 3)

2.1.2 (Brief) Exploratory analysis original dataset

In [0]:

1 #number of distinct cell Llines
2 cells = cell_drug_fitResponse[ 'CELL_LINE_NAME'].unique()
3 cells.shape

out[1@]:

(987,)
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