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“Most people in the world don’t really use their brains to think.

And people who don’t think are the ones who don’t listen to others.”

Haruki Murakami, in 1Q84
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Sob orientagdo da Dra. Ana Silva e Leite



Resumo

A Farmacia Comunitaria € uma das areas com maior nimero de farmacéuticos no ativo.
Como parte da conclusao do Mestrado Integrado em Ciéncias Farmacéuticas, os estudantes
do ultimo ano devem, no segundo semestre, frequentar o estagio curricular nesta area,
durante um periodo obrigatério.

Por forma a cumprir esta parte fulcral do curso, foi realizado o estagio na Farmacia
Coimbra, uma farmacia localizada no centro comercial Coimbra Shopping.

O presente documento pretende analisar a experiéncia vivida ao longo do estagio,
através da andlise SWOT, enaltecendo as forgas, fraquezas, oportunidades e ameagas sentidos
neste. Para além da anilise, apresenta-se também no relatério um caso clinico tratado durante

um atendimento no estagio.

Palavras-chave: Analise SWOT, Farmacia Comunitaria.

Abstract

Community Pharmacy is one of the areas with the largest number of active pharmacists.
As part of finishing the Master’s Degree in Pharmaceutical Sciences, the senior students should,
in the second semester, attend the curricular internship in Community Pharmacy, for a
mandatory period.

In order to fulfill this core part of the course, the internship was held at Farmacia
Coimbra, a pharmacy located in the Coimbra Shopping mall.

This document aims to analyze the experience lived during the internship, through
SWOT analysis, highlighting the strengths, weaknesses, opportunities and threats felt. In

addition to the analysis, this report also presents a clinical case treated during the internship.

Keywords: Community Pharmacy, SWOT analysis.
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I. Introducao

O farmacéutico € um profissional de saide com conhecimentos e formagao variados,
O que permite que exerca a sua profissio em diversas areas. Com o passar dos anos, verifica-
se que em Portugal o nimero de farmacéuticos tem aumentado, aumentando também o
nimero de servicos personalizados em que este atua'. O plano de estudos do Mestrado
Integrado em Ciéncias Farmacéuticas (MICF) é vasto e contempla diversas areas de atuagao
do farmacéutico. No segundo semestre do Ultimo ano, os alunos realizam o Estagio Curricular.
Este, tem como componente obrigatdria a de Farmacia Comunitaria, que € a area de atuagao
com maior ndmero de farmacéuticos no ativo', sendo importante experiencia-la.

A atividade do farmacéutico comunitario tem sido moldada e este tem-se adaptado
continuamente. Cada vez mais sao realizados servigos de apoio ao cidadao, tendo sempre em
vista a personalizacao do atendimento de cada utente e prestagao de cuidados de salde ao
mesmo’.

O estiagio em farmacia comunitaria permite, entao, a assimilagao e melhoria de
competéncias para interagao e aconselhamento de utentes, assim como a promogao do uso
racional do medicamento e da saude. O estagio decorreu entre os meses de janeiro e abril,
na Farmacia Coimbra, no Coimbra Shopping, sob orientagio da Dra. Ana Leite, enquanto
Diretora Técnica. A sua localizagao permite que a mesma seja frequentada por um grupo
heterogéneo de pessoas, desde idosos a estudantes, uns fidelizados e outros nao. Por se
localizar num centro comercial no centro da cidade, possui um elevado nimero de pessoas, o
que se tornaria uma vantagem a nivel de experiéncia para o estagio, por forma a ser possivel
aplicar, a partida, um maior numero de conhecimentos, para além de ter como fator a pressao
do numero de utentes a atender, assim como o volume de encomendas existente. Sendo assim,
tornou-se aliciante experimentar um ritmo e ambiente de maior pressao e atividade.

O presente relatorio diz respeito ao estagio realizado, onde foram executadas fungoes
com base nos conhecimentos apreendidos durante o MICF, por forma a aplica-los na realidade

profissional.



2. Analise do Estagio

O presente relatério de estagio encontra-se sob a forma de analise SWOT. Esta analise
esta dividida em quatro vertentes, sendo estas as Forgas (Strenghts) e Fraquezas (Weaknesses),
ambas mais direcionadas para o que se esta a analisar e as suas caracteristicas inerentes, e as
Oportunidades (Opportunities) e Ameagas (Threats), vertentes estas focadas numa analise em

relacio ao meio onde estao inseridas.

2.1. Forcgas
2.1.1. Aprendizagem Por Fases

Em Farmacia Comunitaria, o trabalho de um farmacéutico nao é apenas o atendimento
ao publico. E sim um trabalho complexo, nas mais variadas areas. De forma a ser possivel
aprender e passar por todas as areas, o estagio foi segmentado, de forma a que se fosse
ganhando bases para poder realizar as atividades seguintes.

Como tal, no inicio do estagio, foi realizado trabalho de back-office, onde ocorriam os
procedimentos de entrada de mercadorias (desde a sua chegada até a arrumagao), disposicao
da farmacia e dos seus produtos, arrumagao e modo de funcionamento do sistema utilizado,
o SIFARMA 2000, e da prépria gestio e funcionamento da farmécia. Desta forma, foi possivel
conhecer a farmacia e o modus operandi da mesma.

Numa segunda fase, foi introduzida a parte de atendimento ao publico. Como ja se
possuia conhecimento sobre o espago e o funcionamento, houve uma maior facilidade na
realizacao das tarefas.

Este método de aprendizagem demonstrou ser eficiente e bastante util, uma vez que
permite uma melhor aquisicio de conhecimentos e uma maior organizagao, de forma a

possibilitar uma boa experiéncia em Farmacia Comunitaria.

2.1.2. Equipa Jovem

A equipa que constitui a Farmacia Coimbra é bastante jovem, estando mais recetiva e
compreensiva as dificuldades iniciais de um estagiario, havendo mais sensibilidade na hora de
ajudar o estagiario, tirar duvidas e explicar as falhas cometidas. Além disso, muitos dos
farmacéuticos da farmacia realizaram a sua formacao na Faculdade de Farmacia da
Universidade de Coimbra (FFUC), tendo noc¢ao do seu plano de estudos a nivel do MICEF,

sabendo, assim, como apoiar os estudantes de forma a complementar o mesmo.



2.1.3. Fidelizacao

Apesar da localizagao da farmacia, num centro comercial, ha um elevado niimero de
utentes fidelizados. Para tal fidelizacio, faz-se uso das fichas de cliente do SIFARMA 2000°,
com acréscimo do uso do YClient®, de forma a ocorrer acumulagio de pontos nas fichas dos
utentes. Dessa forma, aumenta-se o interesse na criagao da ficha, permitindo aos
farmacéuticos fazer um acompanhamento local dos utentes, com a manutencao do seu
historico de medicacao, essencial em especial nos clientes mais idosos, que nao se recordam
facilmente dos medicamentos. Esta € uma pratica regular na farmacia, sendo essencial para a

qualidade prestada no atendimento dos utentes.

2.1.4. Formacao Continua

Ao longo do estagio, foi de notar a frequente presenga de Delegados de Informacao
Médica (DIM) na Farmacia, quer por forma a expor e explicar os produtos das suas marcas,
quer para dar formagao os profissionais. Estes momentos formativos devem ser vistos como
uma mais-valia, pois permitem uma constante atualizacdo dos profissionais e estagiarios, de
forma a que o atendimento dos mesmos seja mais completo, consciente e personalizado,
sempre que necessario, em especial no caso de estagiarios, pois permite conhecer produtos,
complementando a formagao teodrica. As areas abrangidas pelas formagoes foram diversas,
desde a Dermofarmacia e Cosmética (em marcas como VICHY®, RENE FURTERER® e ISDIN®,
por exemplo), a suplementos alimentares (como das marcas DEPURALINA® e BIOACTIVO®),

a produtos para as alergias, congestao nasal, tosse, obstipagcao e doengas croénicas.

2.1.5. Grande Afluéncia

Tendo em conta a localizagao da Farmacia Coimbra, no Coimbra Shopping, observou-
se uma grande afluéncia de utentes ao longo do estagio, algo diferenciador em relagao a uma
maioria de outros locais de estagio disponiveis. Apesar do grande numero de trabalhadores
na farmdcia, devido a esta caracteristica, foi possivel experimentar as mais diversas tarefas

relacionadas com o trabalho em farmacia comunitaria, incluindo o atendimento.

2.1.6. Localizacdo e Funcionamento

A Farmacia Coimbra insere-se numa zona comercial de Coimbra, nomeadamente no
Coimbra Shopping, tendo também em volta o Instituto Superior de Engenharia de Coimbra
(ISEC), zonas de residéncia, escolas e centro de saude. Tal permite que haja uma panoéplia de
diferentes pessoas a dirigirem-se 2 mesma, garantindo assim uma experiéncia heterogénea no
que toca a atendimento de utentes. Para além disso, e aliado a localizagao, esta o horario de

funcionamento alargado que a farmacia possui.

13



2.1.7. Verificaciao de Receitas Manuais

Sendo a Farmacia Coimbra localizada numa zona com Centro de Saude e de passagem
para muitos médicos, a quantidade de receitas manuais (RM) com que se contactava
diariamente era elevada. Tendo em conta as possibilidades de erro associadas a uma receita
manual, a equipa da farmacia criou um sistema de verificagao das receitas, com realizagao de
um pequeno relatério, de forma a evitar erros futuros. Esta era executada por duas
farmacéuticas, garantindo-se que nao passava nenhuma falha. Para além disso, durante os
atendimentos, a confirmagao das mesmas ocorria com as respetivas farmacéuticas, sempre
que surgisse casos dubios. Desta forma, para além de se evitar que houvesse erros na
interpretagao da prescricao médica, limitava-se a possibilidade da RM se tornar invalida, por
incumprimento das especificidades da receita manual, que envolvem rasuras, diferentes

caligrafias, entre outras’.

2.1.8. Robot

Na Farmacia ha um robot que permite armazenar a maioria dos medicamentos
existentes (em especial os MSRMs). A introdugao do robot na farmacia permite que ocorram
menos erros de origem humana na identificagdo dos medicamentos, visto que a ferramenta
esta associada ao SIFARMA 2000°, sendo parte integrante no processo de atendimento do
utente. O uso deste utensilio tecnoldgico permite uma maior seguranga e comodidade do
atendimento, sendo que o tempo despendido na procura dos medicamentos pode ser

relocado para um aconselhamento mais aprofundado ao doente.

2.2. Fraquezas

2.2.1. Falta de Critério em Medicamentos Nao Sujeitos a Receita
Médica de Venda Exclusiva em Farmacia

Em certos casos e situagoes que chegam ao farmacéutico, este tem a sua disposigao
medicamentos exclusivos da farmacia, de venda sem receita médica, mas que exigem analise
da situagao do doente, os Medicamentos Nao Sujeitos a Receita Médica de Venda Exclusiva
em Farmacia (MNSRM-EF). Durante o estdgio, houve ocasides em que se recorria aos
farmacéuticos durante o atendimento, para esclarecer e saber se a andlise da situagao do
doente correspondia com a possibilidade de dispensa de um MNSRM-EF. No entanto,
dependendo do farmacéutico, havia diferentes decisoes, sendo ambas aceitaveis. Contudo,
para um estagiario, tornava-se complicado a criagdo de um critério de andlise e tomada de

decisio, havendo sempre duvida e receio nestas situagoes™.



2.2.2. Preparacao de Manipulados

A pratica da preparagao de manipulados é algo comum e deveras importante na
Farmacia Comunitaria. No entanto, a Farmacia Coimbra (FC), como parte integrante de um
grupo de farmacias distribuidas pelo pais, nao possuia um laboratério de manipulados com
muita atividade, pois os pedidos para tais preparagoes eram enviados para a Farmacia Porto.
Assim, a Unica preparagao realizada na Farmacia era a de solugdes orais de antibidtico, sendo
o resto enviado para o Porto. Como tal, nao foi possivel obter uma experiéncia e pratica
essencial a um nivel mais avangado. Contudo, nos manipulados realizados ao longo do estagio,
estes foram explicados pelos farmacéuticos, tendo também sido possivel realizar o

procedimento de forma independente.

2.2.3. Produtos de Uso Veterinario

Apesar da Farmacia Coimbra possuir uma vasta variedade de medicamentos, assim
como de produtos OTC, a nivel de produtos de veterinaria encontra-se aquém. Foi de notar
em situagoes em que utentes vinham da loja ZU, dentro do Coimbra Shopping, onde obtinham
prescrigao veterinaria, e nao era possivel responder a necessidade dos mesmos, tendo que se
encaminhar para outras farmacias mais especializadas (quando urgente para o utente), ou fazer
encomenda de produtos que nao existiam na farmacia. Para além disso, esta falta de variedade
em produtos de venda livre e em medicamentos veterinarios levava a um maior
desconhecimento por parte do farmacéutico, o que dificultava o seu trabalho na hora de ajudar

a esclarecer as davidas do doente.

2.2.4. Tipo de Utentes

Estando a Farmacia Coimbra inserida num centro comercial, o tipo de utentes que a
frequenta é deveras heterogéneo. Como tal, foi possivel obter um leque de experiéncia mais
abrangente. Apesar de alguns utentes serem fidelizados e virem regularmente a farmacia,
muitos dos utentes que por la passam querem ser atendidos o mais rapidamente possivel,
vendo a Farmacia Coimbra como uma farmacia de passagem. Este tipo de pessoas permitia o
rapido escoamento do elevado volume de utentes da farmacia, no entanto nao se realizava o
atendimento pretendido, com cuidado e acompanhamento da terapéutica do doente, algo
fulcral no estagio curricular. Muitas foram as situagoes em que se dirigiram ao atendimento
pessoas a utilizar o telemével, com elevada pressa e sem abertura para as questoes envolventes
o acompanhamento terapéutico e a explicacao da medicacao.

Por vezes, os utentes que se apresentam na farmacia desejam obter MSRM sem terem

presente a receita, reagindo negativamente quando lhes é negada a dispensa dos mesmos,
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alegando que noutras farmacias o conseguiriam. Este tipo de reagoes era algo comum no
ambiente da farmacia, sendo por vezes dificeis de lidar, principalmente para uma pessoa
inexperiente, a realizar estagio, uma vez que em certas ocasioes os utentes agiam de forma

mais agressiva e impaciente.

2.3. Oportunidades
2.3.1. Dermofarmacia, Cosmeética e Puericultura

Sendo a Farmacia Coimbra uma farmacia com um espago grande e com uma enorme
variedade de produtos, é de salientar estas trés areas: Dermofarmacia, Cosmética e
Puericultura.

Focando em conjunto nas areas de Dermofarmacia e Cosmética, estas foram um
grande complemento ao aprendido no MICF, uma vez que a FC possui uma vasta gama de
produtos, estando os farmacéuticos muito informados sobre os mesmos, mantendo-se sempre
atualizados. Para além disso, foram disponibilizados manuais de informacao das gamas que a
farmacia comercializava, de forma a que fosse possivel percecionar para que servia cada
produto, de forma a garantir um maior conhecimento no momento do aconselhamento. A
complementar estes manuais, havia apoio constante por parte dos farmacéuticos e técnicos,
de forma a garantir que nao existiam duvidas, e também as formagoes que ocorriam na
farmacia, aquando da visita dos DIM, para além das realizadas fora da farmacia.

Quanto a Puericultura, pode-se afirmar que a Farmacia Coimbra possuia um variado
leque de opgdes, o que a tornava muito requisitada por familias em busca de produtos
especificos, nao sé a nivel de produtos para a pele do bebé e para o seu dia-a-dia, como
também a nivel da alimentagao, com uma panoplia de papas e farinhas lateas, nao s6 para uma
alimentagao normal, como também papas especificas para bebés com problemas digestivos ou
restri¢oes alimentares, para um intervalo de varias idades e fases da crianga. Esta aposta da FC
na area permitiu que houvesse um conhecimento mais aprofundado de puericultura, a
acrescentar ao aprendido no MICF, cuja aprendizagem foi acompanhada pelos membros da
farmacia, que prestaram apoio de forma a que fosse possivel realizar um aconselhamento

correto e consciente na hora do atendimento.

2.3.2. Parafarmacias

As parafarmacias, como local de venda de Medicamentos Nao Sujeitos a Receita Médica,
sao uma alternativa as farmacias no que toca a dispensa de medicamentos de venda livre e

produtos OTC. Apesar da competicao gerada entre farmacias e parafarmacias, do ponto de
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vista positivo tem-se o facto de que, quem se dirigia a Farmacia Coimbra vinha com o intuito
de um atendimento mais personalizado e consciente, para além de possuirem um

aconselhamento terapéutico, caracteristico das farmacias.

2.3.3. Testes Rapidos

A farmacia, como local de prestagao de servigos, realiza testes rapidos, como é o caso
da medigao da glicémia, colesterol total e também tensao arterial. Muitos utentes dirigiam-se
regularmente a farmacia para realizarem estes testes de controlo da sua saiude, o que se
mostrou uma mais valia para o estagio, do ponto de vista de experiéncia obtida a nivel de
aconselhamento na drea, assim como para melhorar o acompanhamento terapéutico do utente

que, para além dos testes, optava por se fidelizar a farmacia e aviar a medicagao na mesma.

2.4. Ameacas
2.4.1. Parafarmacias

Focando novamente nas parafarmacias como locais de venda de MNSRM e outros
produtos nao exclusivos de farmacia, é inevitavel vé-las como uma ameaga, tendo em conta
Os pregos competitivos que apresentam, assim como a sua localizagao. Apesar de virem
utentes a Farmacia Coimbra por forma a obter um atendimento mais personalizado e
completo quanto aos produtos e medicamentos, muitos deles, apds servigos prestados,
dirigiam-se a parafarmacia do Coimbra Shopping, de forma a pagar menos pelos produtos. Isto
torna-se uma ameaca para as vendas assim como para os farmacéuticos, técnicos e estagiarios
da FC, uma vez que prestavam cuidadosamente os servigos para depois nao concluirem os

mesmos.

2.4.2. Informacao do Preco nas Receitas Sem Papel

As prescrigoes por DCI nas Receitas Sem Papel (RSP), permitem que o utente consiga
escolher o seu medicamento de preferéncia, sendo este medicamento genérico (MG) ou de
referéncia. No entanto, a cada linha de prescrigao, vem indicagao relativa ao prego maximo
que o utente devera pagar pelo medicamento genérico mais barato no mercado. Contudo,
esta informagao na prescrigao esta muitas vezes desatualizada, podendo o valor do encargo
financeiro real nao corresponder ao referido na prescricao. Em certas situagoes durante o
atendimento, era ainda acrescida a confusao do porqué do medicamento que o utente levava

normalmente nao ser o do precgo indicado na prescricao, gerando por vezes atrito.



2.4.3. Recusa de Utentes a Serem Atendidos Por Estagiarios

Durante o estagio, foi possivel encontrar circunstancias que se tornaram uma ameaga
para a aprendizagem. Isto deveu-se ao facto de certos utentes preferirem ser atendidos por
pessoas especificas da farmacia, mas também por verem que eram estagiarios a fazer o
atendimento, desvalorizando os conhecimentos e capacidades dos mesmos. Por vezes, ja
durante o atendimento, ocorria a percecao de que estavam a lidar com estagiarios, tentando
procurar a opiniao de um farmacéutico. O mesmo, no entanto, nao se verificava na altura dos
testes rapidos, o que permitia ao estagiario explicar e agir como promotor de saude e, quando
0 mesmo utente aparecia para ser atendido nao so para os testes, ficava mais predisposto a
ser atendido por estagiarios. De certo modo, apesar de ser uma ameaga para o
desenvolvimento de conhecimentos e ganho de experiéncia na maioria das vezes, quando era
possivel mudar a opiniao dos utentes quanto a serem atendidos por estagiarios, tornava-se

uma mais-valia a situacao.

3. Caso Pratico

Jovem na casa dos 25-30 anos aparece na farmacia, queixando-se de pele seca na zona
do cotovelo e na planta do pé. Para além da pele seca, sente prurido em ambos os locais do
corpo. Ao analisar as areas afetadas, notou-se que existiam manchas vermelhas, com
descamagao e cujo contorno era bem definido na planta do pé. Com base na analise, concluiu-
se que poderia ser uma micose’. No cotovelo existia apenas prurido e eritema. Como tal, por
forma a iniciar o tratamento da micose, foi aconselhado o uso de Micolysin®® um creme com
antifungico (clotrimazol), aplicando-o duas a trés vezes ao dia, com uma duragao de trés a
quatro semanas. Quanto a situagdo no cotovelo, foi aconselhado usar Bepanthene® Eczema’,
pois diminui o prurido e eritema, melhorando também a situagao de pele seca, e regenerando
a mesma. No final, foi aconselhado se, ao fim de 3 semanas a situagao persistisse, o utente se

dirigisse ao médico.



4. Conclusdo

Findo o periodo de estagio, percebeu-se a importancia que o estagio curricular em
Farmacia Comunitaria tem no final do curso. Foi possivel colocar em pratica os conhecimentos
adquiridos ao longo dos cinco anos de curso, aliando-os a novos que s6 com o estagio seria
possivel obter.

E facil entender o porqué do termo farmécia de oficina ter evoluido para farmacia
comunitaria ao longo dos anos. O farmacéutico comunitario tem de estar em constante
atualizagao e melhoria, aumentando sempre a sua formagao, a fim de prestar o melhor cuidado
a populagao, pois a sua profissao nao ¢ apenas dispensar a medicagao aos utentes; € ser uma
ponte entre a saude e a comunidade, sendo a area mais préxima dos utentes, podendo prestar
cuidados de salide e promover a saude e bem estar de todos. O papel do farmacéutico deve,
entao, ser cada vez mais reconhecido nao sé pela comunidade, como pelas restantes areas de
saude, pois este € um importante agente de Saude Publica.

A experiéncia obtida na Farmacia Coimbra contribuiu para uma importante parte na
formacao profissional, pois foi necessario estar em constante atualizacao e melhoria dos
conhecimentos até entao obtidos, tendo de os intercalar com novas informagoes adquiridas
durante o estagio.

Para I3 de uma obrigacao, no estagio em Farmacia Comunitaria foi possivel melhorar a

nivel profissional e pessoal, com valéncias que certamente ajudarao no futuro.
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Parte Il
Relatorio de Estagio em Farmacia Hospitalar

Sob orientacdo da Dra. Ana Placido



Resumo

A dltima parte do percurso de um estudante do Mestrado Integrado em Ciéncias
Farmacéuticas reside na realizagao do Estagio Curricular. Como tal, para além da obrigatéria
Farmacia Comunitaria, foi realizado o estagio na area de Farmacia Hospitalar.

O estagio realizou-se no Hospital CUF Porto, com o objetivo de realizar tarefas de
farmacéutico hospitalar, nas diversas areas abrangidas por esta categoria.

No documento é apresentada uma analise SWOT referente a experiéncia obtida.

Neste estagio foi possivel obter experiéncias enriquecedoras, nao soé a nivel profissional,

como também a nivel pessoal, tornando-se uma mais-valia para o futuro.

Palavras-chave: Anilise SWOT, Farmacia Hospitalar, Servigos Farmacéuticos.

Abstract

The last part of the course of a student of the Master’s Degree in Pharmaceutical
Sciences lies in the fulfillment of the internship. Therefore, besides the mandatory one in
Community Pharmacy, an internship in Hospital Pharmacy was undertaken.

This internship took place at the Hospital CUF Porto, with the purpose of performing
tasks of the hospital pharmacist, in the many areas covered by this category.

In this document it is presented the SWOT analysis about this experience.

During this internship it was possible to obtain enriching experiences, both

professionally and personally, becoming an asset fir the future.

Keywords: Hospital Pharmacy, Pharmaceutical Services, SWOT Analysis.
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Acronimos e Siglas

HCP - Hospital CUF Porto

HPV — Virus do Papiloma Humano

LASA — Look Alike, Sound Alike

MICF — Mestrado Integrado em Ciéncias Farmacéuticas

SF — Servicos Farmacéuticos
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l. Introducao

No plano de estudos do Mestrado Integrado em Ciéncias Farmacéuticas (MICF) esta
incluido no 2° semestre do 5° ano um estagio cujo intuito é familiarizar o estudante com o
mundo profissional que o aguarda. Para além da obrigatoriedade de Farmacia Comunitaria, o
estudante pode optar por outra area a sua escolha, podendo esta se debrugar em Farmacia
Hospitalar, Assuntos Regulamentares, Industria, entre outras.

A cada cem farmacéuticos no ativo, nove encontram-se a trabalhar na area de Farmacia
Hospitalar, sendo esta a segunda area com mais farmacéuticos, perdendo apenas para a
Farmécia Comunitaria'.

Com base no facto da Farmacia Hospitalar possuir uma vertente clinica e pratica que
nao é possivel experienciar ao longo do curso, apesar da Unidade Curricular de farmacia
hospitalar, o estagio nesta area revelou-se de especial interesse.

O estagio descrito no presente relatério realizou-se no Hospital CUF Porto (HCP),
no Porto. Decorreu de maio a julho de 2019, variando o horario consoante o servigo a que
estava dirigido o trabalho.

Os Servicos Farmacéuticos (SF) do HCP asseguram o acesso a terapéutica
medicamentosa dos doentes (no internamento, ambulatério e hospital de dia), garantindo
também, que aos medicamentos estio sempre associadas a seguranga e, no caso dos
manipulados, a qualidade dos mesmos®.

Apesar do plano de estagio referir a passagem pelas areas de Distribuicao, Ambulatoério
e Oncologia, foram executados trabalhos no ambito de outras areas, por forma a expandir e
desenvolver o maximo de conhecimento possivel. Como tal, realizou-se um trabalho que
envolveu um estudo comparativo entre trés solugoes cardioplégicas, de forma a perceber qual
a solugao melhor para uso no HCP, com justificagao cientifica valida (ver Anexo 1), de forma
a dar apoio a decisio da Comissao de Farmacia e Terapéutica do Hospital. Para além disso,
foi realizada uma pesquisa e apresentagao sobre o tema “Insuficiéncia Cardiaca”, tendo-se
abordado de forma a explanar a doenga, causas, as terapéuticas atuais e os seus planos, assim

como a evolugao da terapéutica nas ultimas décadas e o futuro da mesma (ver Anexo 2).
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2. Analise do Estagio

O presente relatério de estagio encontra-se sob a forma de analise SWOT. Esta analise
esta dividida em quatro vertentes, sendo estas as Forgas (Strenghts) e Fraquezas (Weaknesses),
ambas mais direcionadas para o que se esta a analisar e as suas caracteristicas inerentes, e as
Oportunidades (Opportunities) e Ameagas (Threats), vertentes estas focadas numa analise em

relacio ao meio onde estao inseridas.

2.1. Forcgas
2.1.1. Acompanhamento Continuo e Faseado

Aquando da chegada aos Servigcos Farmacéuticos do Hospital CUF Porto, foi explicada
e exposta a organizagao do plano de estagio. Os estagiarios sao divididos pelas areas dos SF,
de forma a rentabilizar e poder oferecer o melhor acompanhamento por parte dos
farmacéuticos, nas diversas vertentes disponiveis. Para tal, o estagio teve inicio na area da
Distribuicio e os farmacéuticos responsaveis mostraram o acompanhamento cuidado e
disponivel. Desta forma, foi possivel fazer rotagao de um més na Distribui¢ao, podendo retirar
o maior numero de mais-valias possivel. A mesma rotagao foi aplicada na area de Oncologia.

Este tipo de acompanhamento permite ao estagiario sentir-se a vontade e seguro
durante a sua passagem pelos Servigos Farmacéuticos, o que melhora também a qualidade do
trabalho desempenhado, sendo nao s6 uma mais-valia para uma experiéncia em Farmacia
Hospitalar, como também para os SF, por possuirem mais uma pessoa capaz de auxiliar no

trabalho do dia-a-dia do hospital.

2.1.2. Funcionamento dos Servicos Farmacéuticos

Apesar da divisao mais geral em Distribuicao e Oncologia, é de salientar que todos os
Servicos Farmacéuticos trabalham em sintonia, sendo que os farmacéuticos de cada uma das
areas tém conhecimentos em ambas e podem intercalar-se, de forma a garantir o pleno
funcionamento da farmacia, sem a sua atividade ficar em causa.

Para além disso, o trabalho realizado ao longo do estiagio também nao se dividiu na
totalidade nas duas areas, uma vez que tal também nao ocorre no dia-a-dia nos SF, no entanto,
realizava-se uma delas em maior foco, dependendo da fase do estigio em que se estava

enquadrado.
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2.1.2.1. Distribuicao

Na area da Distribuicao, é de referir a Distribuicaio de Ambulatério, Distribuicao em
Unidose, Distribuicao de Estupefacientes e Distribuicio de Hemoderivados.

Apesar da Farmacia de Ambulatério nao estar muito explorada (servir apenas para
situagoes de protocolo), a sua organizagao permitiu que fosse possivel aprender facilmente
como executar o atendimento. Apesar de haver independéncia cedida aos estagiarios no
atendimento, era imperativa a verificagao pelos farmacéuticos dos medicamentos cedidos em
ambulatério, de forma a garantir a seguranga e que todas as informagoes seriam passadas
corretamente ao doente.

No inicio da tarde, diariamente, era realizada a preparagao da Dose Unitaria, para as
24 horas seguintes. Para uma maior organizagao, rentabilidade e diminui¢ao de possiveis erros,
nao existem duas pessoas a tratar simultaneamente da unidose do mesmo servigo do hospital.
Para além disso, na bancada principal e central, estao localizados os medicamentos com maior
rotagao na unidose, de forma a que seja mais facil e rapido encontrar. Depois dessa zona, os
medicamentos restantes estao também organizados por rotatividade e uso, para além de
outras subcategorias envolventes, como a via de administracdo, forma farmacéutica e
respeitando sempre a questio dos medicamentos LASA (Look Alike, Sound Alike). Apos a
preparagao de todas as gavetas de medicagao dos doentes, € feita a verificagao e validagao por
parte do farmacéutico, de forma a garantir que esta tudo correto e, assim, podendo ser
entregue aos servigos correspondentes’.

No entanto, e de forma a garantir que o doente recebe o tratamento mais atualizado
face as suas necessidades, a Distribuigao realiza também uma segunda e terceira entregas das
alteragoes a dose unitaria, uma no inicio do dia e outra no final.

No inicio do dia, faz-se a reposi¢ao dos Estupefacientes e Hemoderivados dos servigos
do HCP, sendo estes medicamentos sujeitos a legislagao prescrita. Para tal, existem guias de
como realizar o preenchimento e reposicao dos mesmos, de forma a que nao haja equivoco
nem ocorram falhas. Novamente, foi possivel obter e trabalhar de forma independente, todavia,
havendo sempre a confirmagao por parte de um farmacéutico responsavel, uma vez que nestas

duas categorias (Estupefacientes e Hemoderivados) é necessario um cuidado redobrado’.

2.1.2.2. Oncologia
A segunda parte do estagio debrugou-se na area de Oncologia dos Servigos
Farmacéuticos. Inicialmente, foi realizada uma apresentagao e explicagao da organizagao do
local e do plano de estagio. O espago desta parte dos SF, assim como todas, esta organizado

de forma a rentabilizar o mesmo o melhor possivel. Uma das divisdes de notar é que, na zona
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de preparagao exterior, os medicamentos de pré-medicagao encontram-se numa gaveta de
rapido acesso. Na retaguarda da bancada de preparagao, existem prateleiras organizadas

|H

verticalmente como “Pré-Medicagao”, “Medicagao Oral” e “Injetaveis”, estando cada uma
delas organizadas alfabeticamente, com respeito a questao dos medicamentos LASA.

Numa primeira fase, o estagio realiza-se na zona de armazenamento da medicagao oral,
pré-medicacao e da medicagao que ira ser manipulada posteriormente em camara asséptica.
Ai, com o acompanhamento do farmacéutico (o qual verifica a pré-medicagao, a preparagao
dos tabuleiros, os passos da manipulagao por parte do farmacéutico técnico e as preparagoes
finais), é possivel perceber e realizar com seguranca as tarefas do farmacéutico, experienciando
o trabalho que possui na area de Oncologia, como a verificagdo dos dados bioquimicos dos
doentes, anadlise das doses dos tratamentos (devido a possibilidade da mudanga de peso ou de
superficie corporal levar a uma alteragao de doses ou impossibilitar o proprio uso do
citotoxico).

J& numa segunda fase, foi possivel, respeitando os procedimentos de higiene e
seguranca estabelecidos, entrar nas salas limpas e locais de preparagao dos tratamentos de
forma a acompanhar o processo e técnicas realizadas pelo farmacéutico (tanto no isolador de
manipulagao de Oncologia como no de preparagoes parentéricas). Durante esta fase, foi
explicada também a mais-valia do isolador existente. Este, devido a ser um sistema fechado, é
mais seguro para o operador, assim como acresce na qualidade do manipulado realizado.

Complementarmente, foi realizada uma simulagao de preparagao de tratamento,
utilizando apenas solventes, de forma a que o estagiario pudesse contactar com as técnicas

utilizadas no processo de preparagao de estéreis.

2.1.3. Organizacao

Para o bom funcionamento dos Servigos Farmacéuticos, é necessario que a Farmacia
se encontre o melhor organizada possivel. Neste caso, a arrumagao dos medicamentos,
produtos farmacéuticos (como desinfetantes e nutrigoes) e dispositivos médicos é crucial para
tal. Toda a area estd devidamente identificada, de forma a que nao ocorram lapsos na
arrumacio’.

E de extrema importincia que haja uma boa gestio de stocks nos SF, por forma a
garantir que os doentes tém acesso aos medicamentos prescritos, permitindo que os seus
tratamentos nao sejam colocados em causa’. Esta gestdo é assegurada, também, pelo uso de
Kanban. Os cartoes Kanban dos SF estao divididos por cores, para que seja possivel distinguir

a area e o tipo de encomenda que sera, para além de neles vir escrito qual o ponto de

encomenda (a quantidade existente na qual se torna necessario fazer nova encomenda,
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garantindo que nao ha rutura de stock), a quantidade a encomendar e o cédigo interno do
produto, para que nao ocorra nenhum erro de pedido.

Os Servigos Farmacéuticos do Hospital CUF Porto estao responsaveis pelo controle
dos prazos de validade dos medicamentos, seguindo a sua arrumacgao o principio de “First
Expired, First Out”. Para tal, sao revistos periodicamente os carros de emergéncia médica de
cada servigo, para além dos armarios de medicagao dos mesmos. Sempre que é constatada
uma validade inferior a seis meses, o medicamento é rotulado com uma etiqueta identificativa,

para que este seja utilizado o mais atempadamente possivel (ou que seja inutilizado em breve).

2.1.4. Preparacoes Nao Estéreis

Uma das componentes também muito abordadas nos Servigos Farmacéuticos do HCP
€ a de preparagoes nao estéreis. Entre as varias existentes, as mais comuns de preparar e que
foi possivel experienciar a sua manufatura sao alcool a 50 % (utilizado como antiséptico), acido
tricloroacético a 70 % (atua como queratolitico ao nivel de verrugas, condiloses e
hiperpigmentagoes), acido acético a 3 % (a aplicar no colo do utero, para coloragao no exames
de HPV) e bochechos de nistatina (para tratamento de mucosites associadas a quimioterapia
e radioterapia).

Como existem muitos tratamentos de oncologia no HCP, os bochechos de nistatina
estao muitas vezes associados como medicagao complementar, sendo das preparagoes nao
estéreis mais executadas nos SF.

Para além das preparagoes executadas para o proprio HCP (que é uma unidade
centralizada de preparacao), realizam-se também para os Hospitais CUF Viseu e CUF Coimbra,
havendo, entao, um elevado nimero de prepara¢oes a serem manipuladas semanalmente.

De forma a garantir que todos os processos sao executados corretamente, € exigida
sempre a assinatura do farmacéutico operador em cada passo do protocolo e,
consequentemente, todo o protocolo é também validado e assinado pelo farmacéutico, que

verifica a conformidade e do produto final.

2.2. Fraquezas
2.2.1. Curta Duracao do Estagio

De forma a poder cumprir-se o tempo estipulado para a duragao do Estagio Curricular,
na parte correspondente a Farmacia Hospitalar esta possui aproximadamente dois meses

duragao. Isto faz com que, apesar de se aprender as bases e se obter experiéncia da drea, nao
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é possivel garantir um aprofundamento do conhecimento, da atividade e das areas do saber

dos Servicos Farmacéuticos.

2.2.2. Distribuiciao em Ambulatério

Apesar da organizagao e preparagao da zona da Farmacia de Ambulatério, esta drea
encontra-se pouco desenvolvida a nivel do atendimento e da diversidade de medicamentos,
uma vez que so6 se atendem doentes vindos das consultas de Acidentes de Trabalho. Como

tal, a Farmacia de Ambulatorio acaba por despender de muito tempo.

2.3. Oportunidades
2.3.1. Ensaios Clinicos

Os Servigos Farmacéuticos do Hospital CUF Porto tém, acrescido as ja varias fungoes
e atividades, a de seguranga e controlo dos medicamentos para ensaios clinicos. Ha um
farmacéutico nos SF responsavel pela rece¢io dos medicamentos, verificagao das condigoes
dos mesmos e registo de lote e validade. Deve, também, garantir que estao armazenados em
local cujo acesso nao seja confundido com os outros medicamentos. Desta forma, o
farmacéutico é essencial para a validagdo da seguranca e controlo das condi¢coes de

armazenamento dos medicamentos, para que estes possam ser utilizados nos ensaios®.

2.3.2. Preparacoes Parentéricas

As preparagoes parentéricas sao realizadas na farmacia do HCP as segundas, quartas e
sextas-feiras. Para tal, € usado um isolador para preparagoes estéreis, que € simétrico ao da
preparagao dos tratamentos de Oncologia, variando apenas as pressoes existentes nas salas e
dentro dos isoladores.

Desta forma, é possivel, atualmente, ter simultaneamente as duas camaras em
funcionamento, nao havendo atrasos em nenhuma das atividades. Futuramente, ha intengao
de treinar mais farmacéuticos dos SF de forma a garantir que todos os presentes tém a

capacidade e independéncia de realizar as preparagoes, agilizando, assim, os tratamentos.

2.3.3. Reconciliagao Terapéutica

No plano dos Servicos Farmacéuticos do HCP existe Reconciliagao Terapéutica, que
consiste na comparagao da medicagao que o doente traz de casa com a que é prescrita no
hospital, permitindo assegurar a sua compatibilidade e evitar erros como duplicagao e a
omissao da terapéutica, interagoes e reagoes adversas. Idealmente, esta reconciliagao seria

aplicada. No entanto, por de momento nao existir na farmacia um numero suficiente de
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farmacéuticos, ainda nao esta a ser executado de forma regular. Contudo, os SF ja tém um

modelo implementado para ser possivel executar esta tarefa’.

2.3.4. Reunides Clinicas

Todos os dias sao realizadas reunides clinicas, que contam com a presenca do
farmacéutico responsavel, médicos e enfermeiros. Para que seja possivel ir o melhor
preparado, é estudada a histéria clinica dos doentes da unidade e respetivas evolugoes clinicas.
Para além disso, o farmacéutico analisa se existem interagdes graves e, em reuniao, propoe-
se alteragoes possiveis. Este tipo de reunidao torna-se uma mais-valia para o doente, assim
como demonstra a necessidade e a importancia de uma equipa multidisciplinar para seguir os

doentes.

2.4. Ameacas

2.4.1. Incumprimento de Horario Por Parte dos Servicos do
Hospital

Sendo o horario de funcionamento da Unidade de Produgao de Citotoxicos das nove
as dezassete horas e o Hospital de Dia funcionar até mais tarde, por vezes ha situages de
requisicoes de medicagao e de tratamentos perto das dezassete horas, fazendo com que a
diferencga entre o horario e o verdadeiro encerramento ultrapasse mais de uma hora. Como
o doente é sempre o mais importante, os tratamentos e sao na mesma realizados, apesar de
fora de horas, no entanto, torna-se uma ameaga para o bom funcionamento dos Servigos

Farmacéuticos.

2.4.2. Sistema Informatico

Durante o estagio nos Servigos Farmacéuticos do HCP, foi possivel constatar alguns
problemas informaticos que implicavam erros na interface dos programas usados,
nomeadamente no servigo dos Cuidados Intensivos. Isto obrigava a que, ao passar as
informagoes entre programas e estas sendo perdidas, os farmacéuticos tinham de realizar e
confirmar manualmente cada um dos doentes, nao sé a quantidade como também a dose de
cada farmaco, apos ja terem executado a validagao anteriormente. Isto deve-se, também, ao
facto de os médicos e enfermeiros trabalharem num programa informatico diferente dos
farmacéuticos. Este tipo de situagao demonstrava-se incomoda e de dificil corregao por parte
dos servigos informaticos, tendo-se arrastado e, durante esse tempo, a distribuicao e entrega

da Dose Unitaria em horario era por vezes dificultada.
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3. Conclusdo

A formagao de um farmacéutico permite-o ser um profissional que abrange um elevado
numero de areas de atuagao. O farmacéutico hospitalar estda em constante evolugao, nao sé
para se adaptar a novas terapias e novos conhecimentos clinicos, como também quanto ao
seu papel no meio hospitalar. A sua presenga nas comissoes hospitalares e nas reunidoes com
os servigcos € uma valorizagao da profissao, que deve continuar a aumentar, pois quanto mais
multidisciplinar for uma equipa de saude, melhor sera o tratamento e acompanhamento do
doente, sendo um beneficio para o mesmo.

Durante os dois meses de estagio curricular no Hospital CUF Porto foi possivel seguir
de perto o trabalho de um farmacéutico hospitalar, executando algumas das tarefas associadas
ao mesmo. Foi possivel, também, aplicar e associar conhecimentos de diversas unidades
curriculares existentes no Mestrado Integrado em Ciéncias Farmacéuticas, devido a
multidisciplinariedade exigida para um bom trabalho executado pelos Servicos Farmacéuticos.
Foram adquiridas novas competéncias técnicas e cientificas, que sao mais-valias quer no mundo
do trabalho quer a nivel pessoal.

Sendo a area de Farmacia Hospitalar de elevado interesse, a experiéncia vivenciada
durante o estagio foi deveras positiva, nao sé pelo trabalho exigido e realizado ao longo do
mesmo, como também pela equipa que constituia os Servigos Farmacéuticos do Hospital CUF
Porto, pela sua integracao e disponibilidade de ensinar e esclarecer o estagiario durante a sua

passagem por eles.
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Anexos

1) Comparacdo entre trés solucées cardioplégicas.

I

[ ]

Solugdo C Solugdo Cal
Hiperténica Gl d i itica Hipertdnica
Valores
Cloreto de Célcio Di 2,646g/L  Cloreto de Sédio
Glucose mono-hidratada 224,38g/L Cloreto de Potassio
Calcio 36mEq/L Cloretode ésio H idratad
Cloro 36mEq/L Bi de sédio
Osmolalidade 1186 mOsm/I  Manitol
Sédio
Potéssio
Cloro
Bicarbonato
o

[ ]

CUSTODIOL

Valores Valores
6,3g/L Cloreto de Sédio 15,0 mmol/L (0,6710 g)
0,94g/L Cloreto de Potdssio 9 mmol/L (0,1842 g)
0,315g/L  Potassio Hi io 2- 1,0 mmol/L (0,8132 g)
3,39g/L Cloreto de Magnésio 4,0mmol/L (3,773 g)
13,125g/L Histidina HCL-hidratada 18,0 mmol/L (27,929 g)
148,2mEq/L  Histidina 180,0 mmol/L (0,4085 g)
12,6 mEq/L  Tri| 2,0 mmol/L (5,4651g)
3,1mEq/L  Manitol 30,0 mmol/L
123,5mEqg/L Cloreto de Calcio -
40,4 mEq/L| O i 300 mOsm/L

398,2 mOsm/L

apl

A solugdo é hiperténica devido
¢ca de Glucosa
De notar que a é deveras

Como possui varios eletrdlitos, torna-se
hiperténica devido as concentragdes dos
mesmos. O mais baixa que a

elevada, poderia gerar
nivel dos vasos

glucosada, sendo hiperténica na mesma.

E na mesma uma solugdo hipertonica.

Possui el como a histidina
inoacit ial, que funciona
como inibidor de i e
permite ai bilidade celular),
i (aminodcido, atua na
dai da

celular) e o potassio hidrog

(melhora a pressdo
maxima gerada). Este sistema HTK é um

agente que por ndo possuir

célcio evita o influxo de célcio, i

0s

2) Trabalho de pesquisa sobre “Insuficiéncia Cardiaca”.
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Resumo

A inteligéncia artificial € um ramo em crescente desenvolvimento. Divide-se em varias
categorias e estara cada vez mais presente nas diversas areas existentes, como € o caso da
tecnologia, investigacao e saude.

Com o desenvolvimento de medicamentos a atingir um nivel de eficacia reduzido, com
grandes custos de tempo e recursos, com métodos envolvendo tentativa-erro, a abordagem
com inteligéncia artificial abre um novo leque de possibilidades.

Para o desenvolvimento seguro e consciente da inteligéncia artificial € necessario que
sejam implementadas regulamentagoes para o bom uso da informagao e que sejam analisadas
as questoes éticas relacionadas, especialmente no que toca as informagoes sobre a saude dos

cidadaos.

Palavras-chave: Inteligéncia artificial, Machine learning, Deep learning, Ciéncias Farmacéuticas,

Desenvolvimento de medicamentos, Etica.

Abstract

Artificial intelligence is a growing sector. It is divided into several categories and will
be increasingly present in various areas, such as technology, research and health.

With drug development achieving reduced effectiveness, being time and cost-
consuming, using mainly trial-and-error methods, an artificial intelligence approach might open
a new range of possibilities.

For the safe and conscious development of artificial intelligence, it is necessary to
implement regulations for the good use of information and analyze the ethical issues, especially

regarding to the citizen’s health.

Keywords: Artificial intelligence, Deep learning, Drug development, Ethics, Machine learning,

Pharmaceutical Sciences.
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Abbreviations and Acronyms

ADME — Absorption, Distribution, Metabolism and Excretion
Al — Artificial Intelligence

AMPs — Antimicrobial Peptides

AS — Alternative Splicing

ANN - Artificial Neural Network

BATTLE - Biomarker-integrated Approaches of Targeted Therapy for Lung cancer
Elimination

CNN - Convolutional Neural Network

DL — Deep Learning

DNN - Deep Neural Network

EU — European Union

FDA - Foods and Drug Administration

FFNN — Feed-forward Neural Network

GDPR - General Data Protection Regulation

HD - Huntington’s Disease

M-CNN - Multi-layer Convolutional Neural Network
MDR - Medical Devices Regulation

MELLODDY - Machine Learning Ledger Orchestration for Drug Discovery
ML — Machine Learning

MLP — Multi-layer Perceptron

OSAI — Observatory on Society and Artificial Intelligence
PPI — Protein-Protein Interaction

QSAR — Quantitative Structure Activity Relationship

RF — Random Forest

RL - Reinforcement Learning

RNN - Recurrent Neural Network

SMILES - Simplified Molecular-Input Line-Entry System
SRIA - Strategic Research and Innovation Agenda

SVM - Support Vector Machine

TF — Target Fishing

TTP — Technology Transfer Program

VS — Virtual Screening
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I. Introduction

Artificial intelligence has been around since long ago. However, even after many
decades, there is no universal definition. This field is dynamic and has been evolving at a large
pace in the last few years'. Still, what Hofstadter said, in 1979, can still be applied to today’s
meaning of artificial intelligence, since it “is whatever hasn’t been done yet” 2 This is the kind
of hype that still exists around the area.

Understanding this field when it comes to its activity in research and innovation is
important, since with each innovation and new ambition, researchers, companies and other
involved in artificial intelligence (like politics), are asked to mind human safety and privacy.
Being able to answer these questions is necessary to overcome the potential problems raised
in community'.

Through the last decade many breakthroughs and policies appeared. Europe has, since
2006, launched Research and Innovation programs (in 2006 was FP7, in 2014 was Horizon
2020). With Europe, the United States and Chine have done the same when it comes to
scientific development. Showing support for innovation makes possible to create new things,
as seen by the booming of development that has happened since then'. It might not have been
in the Health area, but in technology in general. Health is a more sensitive field, where the
public has more trust issues to when it comes to autonomous machines. However, each
development and discovery in this area makes us a step closer to achieve high quality
personalized medicine’. Nonetheless, scientific research in drug development has shown
advancements in the last five years, with new approaches and discoveries, not only for new
drugs, but also in a way that can turn the process a simpler, cost and time-effective one.

All these innovations can become powerful tools to change how certain products and
services are made and displayed, and also questioning what will happen to employment, people
and data.

In this review, it will be made a general exposition about artificial intelligence, machine
learning and other subfields covered by it. Then, we will overview some aspects about how
machine learning can change specific subjects in the drug development pipeline. We will also
discuss the new data regulation, how it works and what is being done, the ethical challenges

and the limitations artificial intelligence faces nowadays.
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2. Artificial Intelligence

Although there is no global definition of artificial intelligence (Al), it is possible to say
Al simulates human intelligence, through analytical and technological processes, without
human intervention**. With the optimization of computers within recent years, it was possible
to evolve Al, especially in the healthcare industry*. With the use of algorithms to process data,
Al machines can mimic human cognitive functions, allowing them to perform tasks associated
with the environments they are inserted, analyzing and identifying patterns. Hence, it can be
said that artificial intelligence is the capability a computer or machine have in performing tasks
normally done by humans, using data-based programs®.

Artificial intelligence is a large group of programs and algorithms with a main field called
machine learning (ML), which is divided in many areas and that also has a main subfield, that
intertwines with its areas, the deep learning (DL) (Figure I). Below, it shall be explained each

of these categories.

2.1. Machine Learning

When Al uses algorithms and methods that allow the programs to learn and improve
without being specifically programmed for it, it enters the subcategory of machine learning.
Here, ML is divided in many different areas, such as supervised learning, unsupervised learning,
semisupervised learning, active learning, reinforcement learning, transfer learning and multitask
learning’. In health sciences, the main three used are: the supervised learning, unsupervised

learning and reinforcement learning®.

2.1.1. Supervised Learning

Supervised learning uses methods that involve input and output data. Here, with the
input data and its responses (output data), it is required, by the algorithm, to predict and
develop information from these two data. In order to simplify the understanding, it is possible
to see this supervised learning as a formula y= f(x), making “y” the output data, “x” the input
data and “f(x)” the predictive model ’. Another way to understand this model is by dividing it
in classification and regression methods, where the prediction is based in data from input and
output sources . As an example of this predictive model, Gunéar et al. used a Random Forest
(RF) method to study possible haematological diagnosis and its capability to surpass the
performance of haematological and internal medicine specialists. Therefore, the study used
two predictive models (both with RF method), changing only the blood test results (and with

different numbers of parameters, one with 181 and the other with 61), that were considered

input data. To test the predictive models, the output data was 8 233 cases and 20 extra cases,
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randomly selected. Upon testing them, the results were compared with the analysis of
specialists (six haematology specialists and eight non-haematology internal medicine
specialists), and they were presented with 20 cases. Comparing the models versus the
specialists, the first ones achieved an accuracy of 0.60 (for the model with 181 parameters,
the one with 61 obtained 0.55) while the haematology specialists performed a score of 0.62,
whereas the non-haematology specialists only obtained an accurate diagnosis of 0.26. However,
when the five most likely diseases are the only ones used in the prediction, the accuracy of
the random forest methods increases to 0.90 in the RF with 181 parameters and 0.85 to the
RF with 61, standing both above the score of the haematology specialists and the non-
haematology specialists (the scores were 0.77 for the first ones, and the later ones only
predicted correctly one case). This example allowed a way to understand how the supervised
learning works and how one of the most common and useful methods is capable of great
accuracy, especially when having small amounts of data, in some cases even surpassing the

human intelligence (the specialists) .

2.1.2. Unsupervised Learning

Another main area of machine learning is the unsupervised learning. These algorithms
are used when the only data available is the input one, without corresponding to any output.
It can be said that unsupervised learning works with unlabeled data’””. It uses clustering and
feature-finding methods, so it can group and interpret the input data, making it possible to find
common and different data points that, besides making it easier to organize data, it can be
used as a preprocessor of supervised learning and discovering new patterns that might not
have been considered before®’. As an example of the unsupervised learning method, the study
of Le et al. is quite understandable. In the study, the team tried to understand if it was possible
to learn face detection using only unlabeled images, randomly selected. Clustering the data of
0 million YouTube videos, without duplicates, in multiple layers and sublayers to filter and
pool the information, the unsupervised algorithm was able to achieve an accuracy of 81.7 %
detecting faces. This study shows how big of an improvement unsupervised learning is, since
it can learn to detect faces even with scale variations and different perspectives, using only
unlabeled data’. Transporting those algorithms to other cases makes it possible to understand
new patterns and possibilities that are lost in unlabeled data, that is a big amount of information

that is not treated yet but with this method it can be used for greater meanings and studies.
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2.1.3. Reinforcement Learning

The last main area of machine learning is the reinforcement learning (RL). It’s a method
that works under a reward-driven learning. In a simple explanation, is learning what to do to
obtain the maximal reward possible. This accomplishment is made combining environment
analysis, taking actions to alter that environment and obtaining the outcome of those actions.
Although reinforcement learning does not rely on organized data/correct examples, just like
unsupervised learning, the two are very different, since reinforcement learning is trying to
maximize a signal that exists already rather than finding hidden information or patterns.
Another difference from the other two algorithms is that RL has a temporal dimension, which
mean that whatever decision is made on the current input, it will affect and determine the

next input”'®

. One application of the reinforcement learning is shown in the study of
Olivecrona et al., where RL is used to test molecular de-novo design (de-novo design is used in
drug discovery, to find a molecule that overcomes the many existent criteria, being a fastidious
process). The RL algorithm used was inverse Quantitative Structure Activity Relationship
(inverse QSAR), that looks for the most promising region of possible activity to the
corresponding molecular structures. Upon testing the model, by making it generate sulphur
free molecules, against the traditional methods, it was possible to see improvements, making

this method a possible way to overcome the problems of de-novo design and experimental

design''.
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Figure |. Applications of artificial intelligence and its categories. Adapted from Mak et al. (2018) 4.
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2.2. Deep Learning

Even though machine learning has many areas, there is a subfield that has emerged
much alike an evolution of ML — deep learning. As computer power and digital data increase,
so does the use of DL'".

Deep learning uses representation learning (a set of methods that give the computer
raw that that allows it to automatically discover representations needed for detection or
classification) methods that convey multiple levels of representation'®. In this machine learning
subgroup, the algorithms use artificial neural networks (ANNs), with several layers of
nonlinear processing units to learn data representations. Modern ANNs in DL use as
inspiration to its base structure the human brain and can also be called deep neural networks
(DNNs), since the later has more hidden layers than ANNs. This structure has three basic
layers: the input layer, the hidden layer and the output layer. Since computers now have big
capacity, it can be used a large number of hidden layers, to optimize the algorithm. There are
many types of DNNs (Table 1), and depending on that, the neurons (or nodes) in the
neighboring layers can be completely connected or only partially. In this process, the input
data (or variables) is taken by input neurons, these variables are transformed in the hidden
neurons and then when they become output values, these values are calculated by the output

neurons'’.

Table I. The different types of neural networks. Adapted from Ching et al. (2018) 4.

FFNN MLP CNN Autoencoder RNN
Feed-forward Multi-layer Convolutional Recurrent
neural network perceptron neural network neural network

N/

Inputs are A feed-forward A feed-foward A type of MLPin Itis used to allow
connected via neural network neural network which the neural the neural network
some function to in which there in which the inputs network is trained to retain memory
an output node is at least one are grouped spatially to produce an over time or
and the model hidden layer into hidden nodes. output that matches sequential inputs
is trained to between the In the case of this the input to the
produce some input and example, each input node network
output for a set output nodes is only connected to
of inputs hidden nodes alongside

their neighbouring input node

input node ‘ hidden node output node output node (match input)

edges connecting nodes in different layers or creating cycles within layers, correspond to inputs to mathematical functions
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As an example of the application of deep learning, in particularly with deep
convolutional neural networks (CNNs), Esteva et al. studied its potential to classify types of
skin lesions, in order to detect skin cancer, one of the most common human malignancies. For
that, this deep learning algorithm was tested against a board of 2| certified dermatologists.
Since deep learning allows a large set of data, in this test it was used 129 450 clinical images (I
942 of them were biopsy-labelled as test images), consisting of 2 032 different diseases. By
using only one CNN that was trained on general skin lesion classification, the group was able
to perform at the same level as 2| dermatologists, across three diagnostic problems:
keratinocyte carcinoma, melanoma and melanoma diagnosis under dermoscopy. Since the
study showed accuracy on specialist level, the group considered that as an evolution towards
the access to low-cost diagnostic care, whereas a simple algorithm could be used on mobile

devices to help dermatologists outside clinics and hospitals".

3. Drug Development

In the last few decades, drug discovery and development has showed low rate of
success. Even though the probability of success is critical for investors to make decisions about
research, the data available (or lack of it) makes it difficult to understand if it is worth taking
risks or not, when it comes to certain study areas. This can cause a loss not only for the
investors and industries, since they lose a possible compound for new treatments, but also for
the patients, that cannot receive a brand-new treatment. After a recent study, that analyzed
406 038 entries of trials, involving 21 143 compounds, from January Ist of 2000 to October
3Ist of 2015, the group reported that 13.8 % of all the drug programs eventually lead to
approval. Howsoever, it doesn’t mean that it is every year with that percentage of approval,
since from 2005 to 2013 the results were lower, but with the evolution and approval of new
oncology treatments in recent years (such as Nivolumab), these numbers have increased.
Albeit, it might be possible to say that with the new ways to work data in this last decade may
have been a way to facilitate some of these processes'®.

With the evolution of computer hardware, artificial intelligence and machine learning
have gained ground to grow, since now there are powerful tools available to process more
data, looking for deeper information and, since drug development is time consuming, in a faster
way. In recent years, the many stages of the drug discovery pipeline have had successful

applications of machine learning techniques'’.
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3.1. Applications in drug discovery and development

As stated before, machine learning uses its capability to adapt and improve the
algorithms applied, always trying to augment the performance. Notwithstanding, there are
many characteristics necessary to know so it’s feasible to apply successfully ML. As appertained
in 2.1, there are many techniques within ML, with several methods, for different data
treatments. It’s important to choose wisely and correctly which algorithm shall be used, to
suit the data available and it’s crucial to assure the success of the studies.

Since the growth in machine learning and its algorithms, several applications have been

accounted throughout the drug development pipeline.

3.1.1. Target identification and validation

Drug discovery’s main objective is to develop drugs (such as small molecules,
antibodies, peptides and so on) that can change a disease condition, when it modulates its
target. To start developing a neu drug, it is needed a target with a possible therapeutic
hypothesis — changing the target can change the disease state. To choose a target, researchers
use evidence available, following the hypothesis. This type of choosing is called target
identification and prioritization. Although the target has been decided, it is necessary to
validate it. This validation means to understand how the target will act in modulating the
disease. In these two initial steps of the pipeline, machine learning has had successful
applications, acting in three important topics: target identification and prioritization based on
gene-disease associations, target druggability predictions, and identification of alternative

targets (as splice variants) .

Target identification and prioritization based on gene-disease associations

This topic is relevant to drug discovery, not only since it might prevent development
failure due to efficacy reasons (poor association between target and disease), but also because
it’s a possible way to reduce the initial research time spent. This means it can decrease the
space in the first step of the pipeline. As Ferrero et al. study shows, using machine learning
methods can reduce both costs and time in development. The study tested the hypothesis of
ML techniques, using a data platform, being enough to predict therapeutic targets (in this case,
the targets were already in the market or being pursued by industries). With that purpose,
four different classes of machine learning algorithms were used (random forest, support vector
machine, deep neural network and a gradient boosting machine) on partially labelled data,
testing their performance. Using a semi-supervised learning (a mix of supervised and
unsupervised learning, where less expensive but more abundant unlabeled data is used to train
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the algorithm’), the deep neural network classifier obtained a precision over 71 %, when
predicting therapeutic targets, based on gene-disease association data. An important
characteristic of this study is how the predictions are for individual targets, which means it
predicts potential targets, not regarding its intended indication. This proves that targets can
be predicted merely using disease association data, showing the possibility of “establishing
unambiguous causative links between putative targets and diseases of paramount importance
to maximize the chances of success of drug discovery programs” '°.

Another example of successful involves Huntington’s disease (HD). HD is a fatal
neurodegenerative disease, where transcriptional regulatory changes occur. These changes
can be detected early and they might be related directly to functions of huntingtin protein.
With that in mind, and using machine learning, Ament et al. reconstructed a model to target
transcription factors gene interactions in mouse striatum (where they are more prominent),
by integrating data about the binding sites of transcription factors with information from gene
co-expression in the striatum. This study showed thirteen transcription factors that could
become possible target genes, since they were the most enriched among the differently
expressed genes. That means there are new possible experiments that could become validated
targets with new functions, that might help understanding more of HD, and attain new

approaches to retard this disease’s progression'’.

Target druggability predictions

The prediction of druggable genes (genes that code proteins that can trigger phenotypic
effects on a disease) is a time consuming and fastidious process, making it impossible to have
fast information about causal gene-diseases relationships and the druggability of the target.
Therefore, with machine learning approaches, it should be possible to predict the target’s
druggability and the causal relationships between genes and diseases, in a shorter period, with
accuracy. For that, Costa et al. trained a ML decision tree-based metaclassifier with datasets
learning attributes containing network topological features, tissue expression profile and
subcellular localization data, not only for each druggable gene, but also for morbid genes
(mutated genes that cause hereditary human diseases), on a genome-wide scale. The
metaclassifier was able to correctly recover 78 % of known druggable genes, having a precision
of 75 % and for morbid genes, the values were 65 % and 66 %, respectively. After testing it for
known genes, it was then used for unknown genes (druggable and morbid) to score
druggability and morbidity scores and had a good match between those scores and data from

literature. To assess what cellular rules for druggability and morbidity were crucial, another
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two decision trees were generated. After analyzing, it was possible for the team to evaluate
and conclude which rules were more important for druggability and morbidity, those being
plasma membrane localization and number of regulating transcription factors, respectively.
Through the years, many different predictive methods regarding druggable genes have been
developed, howsoever, only a few used a genome-wide scale (the majority used smaller scales).
The methodology with support vector machine by Sugaya and lkeda was used to select
correctly a protein-protein interactions (PPls) drug target, by assessing the druggability of
those interactions. They used data from PPIs’ structure (drug and chemical) and functions and
used them as parameters for the support vector machine (SVM) — SVM is a supervised learning
classifier method'’. After testing the method, with thirty PPls known as druggable used as
positive samples and | 295 human PPIs as testing, the SVM model was able to obtain an
accuracy of 81 %. Both methods Costa et al. and Sugaya and lkeda) used wide scale testing,
but even though there was a grand amount of data available, it is still necessary to treat and

organize it, since it is still quite heterogenous®*?'.

Identification of alternative targets (splice variants)

The great majority of genes with multiple exons suffers an alternative splicing. This
mechanism plays an important role in gene regulation. A few numbers of genes are estimated
to synthetize 250 000 to | million proteins, thanks to different splices variants. Besides the
diversity of proteins this generates, it also means that different variants generate different
proteins and, while they can have positive roles in our system, some can do the opposite effect.
Aberrant splice can generate multiple human diseases™.

As technology advances, so does the motivation to explore alternative splicing (AS).
With machine learning and its methods, computational research about AS has emerged. This
method involves splicing codes, which have a role in regulatory mechanisms, also predicting
the outcome directly from the genomic sequence. Jha et al. studied two questions related to
AS: if it was possible to improve previous models for the outcome of alternative splicing
prediction and if there was a possibility to integrate more sources of data to improve the
predictions for AS factors. For these two challenges, it was used two different machine learning
approaches, both being supervised learning techniques, but one a regression analysis method
and the other a classifier one (deep neural networks and Bayesian classifier, respectively). With
these two techniques, the group was able to develop a new target function for prediction of
alternative splicing in exon skipping events, showing an improvement in accuracy. Accessing

multiple datasets with information on key splice factors in mouse brain, muscle and heart, they
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were able to demonstrate the improvements in prediction models. With these techniques and
developments, targeting splice variants might be a way to discover new therapeutic alternatives.
While computational power increases, so does the accuracy of these techniques. Many studies
compare Bayesian classifier and deep neural networks methods, and even though both have
great accuracy, DNNs have surpassed Bayesian, since its characteristics allows the deep neural

networks algorithms to exploit more possibilities with less datasets™™.

Required data characteristics

For these artificial intelligence applications to succeed on the first phase of the drug
discovery pipeline, it is necessary that a few requirements are met. As it was mentioned along
the text, even thought it was possible to apply different methods of artificial intelligence, the
data currently available is very heterogeneous, and that means it is needed standardized high-
dimensional target-disease-drug association information. Besides the need to compensate the
heterogeneous data, it is also important to obtain information of comprehensive omics, to
have a deeper knowledge about disease and normal states. Although there are databases with
information from literature about gene-disease associations, those need to have a high-
confidence level so they can be used. Last but not least, to be sure the algorithms can be
properly trained, information from positive and negative examples is needed i.e. metadata from

clinical trials with positive and negative outcomes'”.

3.1.2. Compound screening and lead discovery

After finding targets and validate them, it’s still necessary to refine and modify the drug
candidates for them to become more specific and selective, always taking into account the
pharmacodynamic, pharmacokinetic and toxicological properties associated'’. High-
throughput screening aims to find suitable drug candidates, and it has been evolving, but even
with its advancements, there are still problems related to its expensiveness, how it is time-
consuming and, with all these in consideration, how it still has a high level of failure rates.
Nonetheless, in recent years, a new computational field, called virtual screening (VS) has
emerged in order to help in drug discovery, with its capability of estimating unknown biological
interactions between compounds and targets. This is already a predictive model, however,
machine learning techniques have been applied to it, so its accuracy and predictive power

increase®.
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Compound design with desirable properties

Compound design is a crucial phase in drug discovery. Sometimes, design hypotheses
are often biased (for preferred chemistry or interpretations), which makes computational and
automated approaches attractive options, since it is possible to design compounds with desired
properties. A way of improving de novo drug design is with machine learning methods. While
trying to develop and implement a novel computational strategy for de novo design with
desired properties, Popova et al. created RelLeaSe (Reinforcement Learning for Structural
Evolution), that integrates two deep neural networks, generative and predictive, trained
separately but with the aim to generate together novel targeted chemical libraries. For this to
be possible, ReLeaSe used a system for simple molecule representation, SMILES (simplified
molecular-input line-entry system). To assure a good training of each technique, initially, the
predictive and generative DNNs were trained separately with supervised learning algorithm.
The generative networks are trained with “a stack-augmented memory network to produce
chemically feasible SMILES strings”, while the predictive methods are derived so they can
foresee the wanted properties of the de novo generated compounds. On a second approach,
the two deep neural networks are trained together using reinforcement learning (Figure 2),
so it can purposely bias the generation of new structures, with the desired characteristics.
With this new method, RelLeaSe, it is possible to have designing compounds libraries with the

desired properties, while using machine learning®.

Parameter optimization
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Generated
SMILES

N0

Figure 2. General pipeline of reinforcement learning system for novel compound generation. Adapted
from Popova et al. (2018)2s.
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Compound synthesis reaction plans

Many machine learning techniques can now be used to plan efficient routes of
compound synthesis. To make it possible to plan the synthesis of a target molecule, it’s
necessary to decompose the compound, using retrosynthesis. Researchers can do this reverse
and forward reactions in a laboratory, making it of simple execution to synthetize a target'’.
In a way to understand if it is possible to have a faster way to search and plan retrosynthesis
routes, Segler et al. tested a method combining Monte Carlo tree search with deep neural
networks. Monte Carlo tree search is a “general search technique for sequential decision
problems with large branching factors”. Together with three different neural networks the
group tested this possibility, extracting transformation rules from 12.4 million single-step
reactions and around 30| thousand expansion rules from a chemistry database (Reaxys). After
testing this new method, the results showed how it can be used effectively to generate
compound synthesis reaction plans, and in a faster way (it only needs a few days, without the
necessity of an expert encoding that can be tedious and biased), since it outperformed the
established search methods. To test what professionals would prefer, the group did double-
blind AB tests, where the professionals considered the quality of retrosynthetic routes

generated by ML to be as good as the one’s literature-based”.

Ligand-based compound screening

Besides the already spoken virtual screening, machine learning methods have been used
in screening and classification of drugs and predicting their toxicity”®. A ligand-based approach
trains on chemical features without modelling target features (as protein structures). An
example of how it’s possible to find ligand-based compound screening is the research done by
Pande et al., where machine learning methods together with Markov state models (models
random systems) the group traced the pathway of opiates in binding to the orthosteric site,
meaning they were able to find an unknown mechanism involving the binding of the p-opioid
receptor, which lead to the revelation of an allosteric site, involved in its activation'’’. While
machine learning methods were being included in predicting ligand-based targets, target fishing
(TF) emerged. This new approach is a prediction method (predicts targets, mechanisms of
action and side effects, as examples) that combines machine learning algorithms and
cheminformatics, allowing to obtain deeper information about structures of complex
compounds, facilitating the design and screening of more complex drug candidates that can
face the also complex diseases. In general, these TF methods are based on screening

procedures, intertwined with machine learning algorithms, reference ligands, determining if
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the targets are appropriated. This use of Al and target fishing might be a way to facilitate one

of the fastidious, time-consuming and highly-cost parts of drug development®,

Computer-guided antibiotic design

As computer-guided drug design evolves and the world faces a rise on multidrug-
resistant organisms, artificial intelligence appears as a new and inventive strategy. Using
computational approaches, it may be possible to create new and sturdier antibiotics. Recently,
using Al, around 32 new antimicrobial agents have been reported, where 16 of those showed
antibacterial activity, with higher activity than some commercial drugs (as fosfomycin,
ciprofloxacin), with its bactericidal effect affecting bacterial cell membrane and DNA gyrase.
Being machine learning a broad field for research, that can be used with other methods, many
see it as a possibility to generate new antimicrobial peptides (AMPs) that can disrupt bacterial
membranes. While combining ML algorithms with genetic and in vitro evaluation, some studies
showed improvements in AMPs efficacy, being able to make them much more active than the
wild types®. Support vector machine can also be used to design new AMPs, as Lee et al. tested
while investigating the activity of a-helical AMPs with activity on the bacteria’s membrane®'.

Deep learning methods are seen as one of the most promising techniques for drug
design and development. Using DL to generate new AMPs design, it’s possible to predict its
activity. However, there are not many studies using deep leaning on antibacterial drugs
development®. Nonetheless, Veltry el al. used deep learning to understand if it was possible
to recognize antimicrobial activity and with how much accuracy. With deep neural networks,
it is possible to obtain a high level of accuracy in AMP recognition, surpassing the state-of-the-
art methods currently being used®.

With the current need for new antibiotics, these methods bring new possibilities allied

with cost and time-effective advantages™.

Required data characteristics

As it was mentioned in the previous pipeline topic, to have a successful application of
machine learning methods in drug discovery, it's mandatory to fulfill data requirements.
Therefore, the requirements for compound screening and lead discovery involve having good
models for compound reaction and space rules, and also a numerous amount of protein
structures available. Moreover, since dealing with Al involves data, it is crucial to have a large
number of training data, so the algorithms are able to perform with major accuracy.

Furthermore, the available data should also include a gold standard quality for information on
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ADME (absorption, distribution, metabolism and excretion), assuring the developed drug,

besides having the desired properties, can act without ADME changing them'”.

3.1.3. Preclinical development

In drug discovery, it’s critical to be able to develop responsive drug biomarkers, using
the available preclinical data, since that is what dictates the type of patients who will undergo
the clinical trials™.

Predictive models might be a way to reduce the time and money spent on clinical trials,
since using machine learning to discover biomarkers has demonstrated to be effective in
helping improve clinical success rates, and also in understanding how the drug’s mechanism of
action works. It is important to know “the right drug for the right patients”, since a clinical

trial might fail for this reason'’.

Biomarker identification and prediction of biomarkers
Using machine learning, it’s possible to predict biomarkers on preclinical phases, making
it possible to obtain easier patients’ stratification, to understand and suggest the mechanisms

of action of the drug, and to identify potential drug indications (Figure 3)".

Drug Discovery (preclinical) Drug Development (clinical trials)
Molecular profiling Disease category Patient stratification, mechanism
Imaging Drug response of action and disease
etc. etc. indication selection
Machine learning to build Apply the model to patients
drug sensitivity predictive and globally normalized
models and identify biomarkers internal or external data

l |

Figure 3. The use of predictive biomarkers to support drug discovery and development. Adapted
from Vamathevan et al. (2019) '7.
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Biomarker identification and prediction can lead to better outcomes for patients. With
that in mind and thinking of personalized medicine, Kim et al. developed the novel I
Biomarker-integrated Approaches of Targeted Therapy for Lung cancer Elimination (BATTLE)
program, since this type of cancer is one of the cancers that has major mortality rates, with a
majority of clinical trials failing in improving the clinical outcomes of patients. The study was
developed with an initial equal randomization time and then, with machine learning algorithms
(Bayesian classifier) used together with BATTLE, the method adaptively randomized the
patients for the different treatments (erlotinib, vandetanib, erlotinib with bexarotene, or
sorafenib), with the data gathered from molecular biomarkers of the non-small-cell lung cancer
pathogenesis, collected from biopsy. This adaptative method allowed more patients to be
assigned for a more effective treatment, since of the 255 patients assign for the respective
treatments, 244 were eligible for the disease control rate (the primary end point), after 8
weeks. Besides this major improvement in patients stratification, the group showed how
important personalized trials can be, since in this case of the non-small-cell lung cancer, the
previous established predictive biomarker is epidermal growth factor receptor mutations, but
only 10 % to 15 % of the lung cancer population has this type of mutation, making the majority

of population not being treated with a correct biomarker®.

Classification of cancer drug-response signatures

When dealing with cancer biomarkers, these have specific DNA/RNA/protein
characteristics that can be associated with prognostic (if there is a risk of cancer progression),
or with understanding if the patient is responding to therapy (prediction). With the
advancement in technology, the identification of cancer biomarkers has been evolving, changing
disease classification and therapies. Recently a major advancement has been made, when the
US. Food and Drug Administration (FDA) approved the use of pembrolizumab for cancer
treatment based not on histology but on a biomarker. As Gulley et al. stated, pembrolizumab
was the first anticancer drug to receive tissue-agnostic approval (from FDA). A major reason
why that happened has to do with the way the trials were conducted — during that time, tissue
collection was a priority, acquiring a high amount of data, allowing the investigators to
retrospectively test the hypothesis. This states how biomarker- based disease classification is
important for the future, since it can create different treatment options, and how precision

medicine can help to get a better treatment, being more specialized and individualized™.
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Required data characteristics

As stated before, in 3.1.1.and 3.1.2,, for every phase of drug development using artificial
intelligence, there are data requirements. When dealing with biomarkers, it means gene
expression data is required. But only having gene expression data would not suffice since it is
necessary that this information can be used to create models that are possible to reproduce,
or it would not be an important set for preclinical trials and patient care. However, not only
gene expression is an important dataset. Omics data are also needed, with a demand for a high
number of proteomic and transcriptomic data, accompanied with their high quality.
Nevertheless, another major characteristic is necessary to consider: to be able to identify a
biomarker for a specific cell-type, the data available shall be reduced to single-cell data, which
means, it cannot be a pool of mixed information on different cells, it has to be dimensionally
reduced. Having the required data characteristics on this phase allows a major assurance on
the possibility to diminish the failure rates of clinical trials, guaranteeing the development of
critical data associated with machine learning techniques and stepping towards a future where

patients have personalized treatments'’.

3.1.4. Clinical development

When in the last phase of the drug development pipeline, it is mandatory to look at
pathologies, since from a pathology it is possible to obtain a large amount of information. Even
though a pathologist’s analysis is important and provides data, machine learning techniques
allow high-throughput generation of features involving a vast number of cells and its special
relationships, something that is too hard and time-consuming for pathologists. Now, many
tasks of computational pathology are done by machine learning methods, especially in image-
recognition'’, where deep learning appears in segmentation (as seen in tubule nuclei
quantification, where it's correlated with risk categories that appear on pathologic images
associated with breast cancer®), detection (per example, detection of mitotic activity in breast
cancers, using a deep learning classifier’’) and classification (as example, the use of

convolutional neural networks for gastric carcinoma®).

Phenotyping of cellular images

Godinez et al. studied the possibility of a multi-scale convolutional neural network (M-
CNN) be used for phenotyping cellular images. When using a conventional image analysis,
there are several limitations such as the several steps involved, with the need to have
customization of almost every parameter, requiring a priori knowledge. However, using deep

learning, it is possible to obtain a better performance with fewer hindrances. For this study,
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the group used M-CNN in order to classify raw images into phenotypes, turning it into one
unbiased and automatic step. With this method, it is possible to identify different patterns of
phenotypes, at different scales and spatial levels and, as a major difference from conventional

techniques, without requiring a priori knowledge about the expected imaging phenotypes®.

Required data characteristics

As it is recurrent in all the phases of drug development using artificial intelligence
applications, the data and samples available shall be of high number, to allow a better
performance. Nonetheless, so that the methods used are not biased, it is crucial that the
standard data is improved to guarantee the interpretability and transparency of the models.
As said initially, understanding of pathologies is important so it is possible to have as much
information as needed. With expert annotations, well screened and curated, they can be used

for many different cases, broadening the image-recognition spectrum using deep learning"’.

3.2. DREAM Challenges

DREAM Challenges is an open platform, where science is shared openly, as a non-profit
community. Many researchers and pharmaceutical companies contribute to DREAM
Challenges, and since its beginning, it has only increased. Since one of the main problems
involving artificial intelligence is how to filter the ever-increasing data available, and how
complex it can be, DREAM tries to create a community that can solve these questions,
improving computational models®.

DREAM Challenges has partnered up with Sage Bionetworks, which is also a non-profit
research organization, created from a subsidiary of a big pharma company, Merck & Co, Inc*'.
Using Sage’s Synapse platform, it is possible to support large scale research, analyzing it openly,
and having access to reproductible data, since the answers for the challenges can be viewed
by any user, so are the algorithms and methods®.

As an example of how this platform works, from July to October of 2017, a challenge
was organized, having the name of “Parkinson’s Disease Digital Biomarker DREAM Challenge”.
Since it is an open community, for this challenge, DREAM was able to have a top journal
partner, Nature Biotechnology, meaning the results from it would be published on the journal.
With the advancements in mobile health and in computational power, it might now be possible
to measure and control diseases through the life of the patients, in an easier and quicker way
than clinical exams. The problem that arises involves the conversion of the mobile sensor data
to digital biomarkers, and this is where the challenge appears. Imposing a set of rules and giving

to all participants the same initial data, the challengers asked for benchmark methods for
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processing sensor data, using standard machine learning algorithms. The Parkinson’s Disease
Digital Biomarker Challenge was divided in two parts (sub-challenge land sub-challenge 2). In
the first one, data participants could use was from accelerometers, gyroscopes and
magnetometers, while in the second part of the challenge involved gathering different data
from the disease’s symptoms. Each sub-challenge has a scoreboard and a winner, and at the
end of the challenge, many of the participants (including the winners) will work together on a
next phase, that will be published later (after testing algorithms and methods in a more

practical way)**®.

3.3. TensorFlow

With the increase in popularity and use of machine learning in the world, a platform
where beginners and professionals have an easier way to develop ML models emerged®.
Through the use of several tutorials (even introducing neural networks models) and different
algorithms (depending on the experience level of the user), anyone can use it”. TensorFlow
also created a lighter version, for mobile devices, where it’s still possible to apply machine
learning™.

With this kind of platform, it might be easier for beginners to experiment theories and
try new strategies using machine learning and deep learning, without the need of a vast amount
of time and costs. Besides, it shows how artificial intelligence may become part of our daily

lives, being of easy access to everyone.

3.4. MELLODDY

On the I* of June, the Machine Learning Ledger Orchestration for Drug Discovery
(MELLODDY) was launched. Ten companies from the European Federation of Pharmaceutical
Industries and Associations (EFPIA), like Bayer, Janssen, Merck and Novartis, participate in this
project, that aims to create a machine learning platform that would allow learning from
different datasets (of different companies), but without the fear of losing confidential
information. This platform project aims to demonstrate the practicability of using a large
amount of competitive preclinical data (over a billion drug-development relevant data and
hundreds of terabytes of image data that has information about biological effects of more than
ten million compounds) and, since this ML is not disease-specific, it should be able to be used
in any pharmacological area. During these three years, MELLODDY hopes to create a solution
that will make drug development a faster process, with less costs (the cost of the project is

approximately 19 million euros, representing less than the price of developing two new drugs,
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which is around 24 million euros), where it is possible to identify which small molecules are

the most promising ones**.

4. Regulatory Agencies and Data Protection

Artificial intelligence relies on data to create all of these new approaches. However,
some of the information could be called “sensitive personal data”, as it might contain personal
information about the ethnic origin, the genes or health of the patients (data from clinical trials,
per example). This brings to the surface questions about data protection®. To answer these
questions, the European Union (EU) updated its General Data Protection Regulation (GDPR)
in 2016, making it officially implemented by all Member States on May 25% of 2018 (article 5| of
GDPR). The new regulation has stricter obligations for data protection and more
requirements, with higher fines for infringements, having sanctions with fines up to 20 million
euros or 4 % of the full annual turnover (whichever is higher), for the most serious cases
(article 83 of GDPR)¥.

As Torne and Binns pointed, there are some important changes within the updated
GDPR, as: improved consent obligations; greater territorial scope; enhanced data subject
notification obligations; right to be forgotten; privacy by design and default; contractual
relationships between data processors and data collectors; registers of data processing
activities; and the requirement for an appointed data protection officer if the core activities of
the data controller involve regular and systematic monitoring of the data subject on a “large
scale”®. Some particular changes are stated below.

Improved consent obligations

As stated in sections 32 and 42, consent for data use can only be called so when there
is a clear positive act, showing free will, being specific, informed and unambiguous, by the
owner of the data. This act can be done with physical or verbal proofs. The consent shall
comprehend all the activities that the data will be used for, specifying each one of them, not
being a general consent®.

Greater territorial scope

To ensure all personal data, if the responsible for the data treatment is within the EU,
it shall abide by the regulation, even if the treatment doesn’t happen in the European Union.
The regulation also covers the possibility of the responsible not being from the EU, but if the
data involves any citizen from any member-state, the regulation will apply to it (article 3 of
GDPR) “. This makes it possible for companies headquartered inside and outside the EU to

be accounted responsible for the use of data, allowing the tracking of the use of data.
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Right to be forgotten

Under the regulation, the data subject has the right to ask to have their data deleted
(as in, for the subject to be forgotten), if certain circumstances apply, as per example, if the
data subject withdraws their consent to data treatment and there are no lawfully interests to
justify that processing (article 17). However, when it comes to public interest, scientific and
historical investigation and statistical means, there are assurances and derogations in the
GDPR. If the data controllers can guarantee that no data subject can be identified because of
relevant data, then it is possible to proceed with its processing®, since the GDPR cannot go
against scientific innovation (article 89 of the GDPR).

Privacy by design and default

To assure data protection, the data controllers have to guarantee it through the whole
process (and before and after it), demonstrating they have proper technical and organizational
measures, like pseudonymization and minimization (to ensure only the data needed will be
used for the processing). By default, data should be secured, and personal data cannot be

available without human intervention (article 25 of GDPR)¥.

4.1. Al4EU

Although the EU updated GDPR in 2016 (and to be fully applied in 2018), on January
2019, the EU launched its Artificial Intelligence project, AI4EU. With over 80 partners, from
21 countries, comes to facilitate Al research in Europe. This project has two main goals to
achieve during the next three years: to mobilize the European Al community to make artificial
intelligence plans come out of the paper; and create a leading community platform for Al in
the UE, to promote economic and scientific growth. Since AI4EU is still in the middle of its
first year, not much can be said about its evolution, though the EU launched a timeline for the

ambitions of the project (Figure 4)®.
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Figure 4. Timeline for the ambitions of the AI4EU project. Adapted from AI4EU (2019)0. TTP, as
Technology Transfer Program.

4.2. Medical devices regulations

With the advance of Al use in digital solutions and devices in health, there was also
needed to create a new regulation for medical devices (MDR). Community pharmacists could
aid in monitoring a patient’s health through this kind of devices. However, even though this is
an important development, it is necessary to have regulations, so it is possible to understand
what can be considered a medical device (to help a patient) or not*. The new MDR will be
fully effective on 26™ May of 2020, assuring to regulate the digital therapeutic solutions and
devices, to ensure that they have identification, the general safety and performance
requirements, conformity assessment procedures and many other regulatory and clinical

aspects’'.

5. Ethical and Social Issues

In terms of ethics, artificial intelligence is a very controversial topic. Even though this
is controversial, Tran et al. study showed that only 204 papers (0.7 %) on their dataset were
related to ethics, demonstrating how little debated this theme is*>.

There is an ethical paradigm around the Turing Test about “thinking machines”. If
during a conversation between computer, humans and examiner, the latter isn’t able to
understand without doubt if is talking with a computer or a human, the machine passes the

test. On a positive remark, it means the machine Is sophisticated; on the other side, some
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argue it could mean the Al has a consciousness. For that to happen, it would mean what is
considered to be human (the thinking and consciousness, ethical and values), might not be only
created by the brain. However, for that to happen, it would be needed an Al that was able to
act in multiple areas, which doesn’t happen right now, since each algorithm focus on a
particular area/question®’.

Artificial intelligence consciousness may still be far, but human consciousness can be
reflected in Al algorithms. Even though machine learning methods can reduce human bias and
errors, it can also be a way to enhance those, since it depends on the data it’s fed on. This
means that, unconsciously, a team of researchers could use biased data for certain populations
(per example, training the computer about a type of cancer with data mostly from Europe,
and then reflecting as a general information for the world — a disease in a part of a world
cannot represent a global information about it). While programming an algorithm, the Al
developer can embed their beliefs and prejudices in it, consciously or not. In a way to decrease
this possibility, some ask that development teams of Al algorithms should be more diverse™.

Even though Al can promise better health, it does not mean it will be well-distributed.
Countries and populations in which data is less abundant may have difficulties to collect health
information*. Another example could be if an algorithm is trained with data mostly from older
Caucasian women — it would have poor predictions on young African men®.

Other fears and disbeliefs could be referred about the use of artificial intelligence and
machine learning, such as jobs losses, malicious use of Al, undetectable fatal errors, possible
loss of human contact, loss of privacy, and so on**. With proper population education, studying
and improving ethical and regulatory issues, some of these problems and concerns might be

solved™.

5.1. Observatory on Society and Artificial Intelligence

As part of the AI4EU project (see 4.1.), the Observatory on Society and Artificial
Intelligence (OSAIl) was created to “act as a clearinghouse for information and research on
the Ethical, Legal, Social-Economic and Cultural issues” involving the development and
research of Al in Europe. OSAl’s mission is to educate the EU citizens on Al and its benefits
and effects on society and also reflect and discuss the values and questions associated with Al
development and research in Europe. The observatory is the part of AI4EU that will deal with

Ethics and Legal questions concerning the European society®’.
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6. The Limits of Artificial Intelligence

Artificial intelligence has many areas of interest and application. Within each area,
there’s a more appropriate algorithm to use and to fully benefit the study. However, no
algorithm is free of challenges and limitations.

The three main categories in machine learning are supervised learning, unsupervised
learning and reinforcement learning (deep learning has also one of these in it). In supervised
learning, some limitations involve the necessity of labeled data for training, and how this
method tends to overfit (failing to generalize accordingly in cases the algorithm wasn’t
trained'®). When it comes to unsupervised learning, this technique may not be able to generally
specify output space. Last, but not least, the reinforcement learning. RL uses reward function,
which is sometimes difficult to create (a good reward). Besides that, there can be sample
inefficiency, interfering with the process and results’.

Since artificial intelligence is a data-mining process, the quality and quantity of data
available affects the outcome performance. Even if there is a vast amount of data, sometimes
it’s not qualified for use (some data in public databases don’t meet the necessary requirements
to be used). If the data is not organized in the through the same methods/characteristics, they
cannot be compared through algorithms, besides the fact that, when using public databases,
there isn’t a filter to detect what is good data or bad data. For last, there is deep learning. An
immediate question arises when thinking about DL: is it possible to know what happens during
the processing? The answer is no. A big problem (limitation) is that even the developer of the
DL algorithm may not understand what is being inspected and processed during the
intermediate phases of deep learning and how and why does the computed gets a specific
conclusion®.

Many of these limitations can and will probably be solved during the next years, along

with the evolution of artificial intelligence.
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7. Concluding remarks

Artificial intelligence is around since a few decades ago, rapidly growing in the last years.
Al can be a key to change the health world, be it in drug development, diagnosis, treatments
and follow-ups.

For this to happen, it is necessary good quality data, in a good amount. But data alone
is not enough. It is important to have good research teams, qualified in the traditional drug
discovery but allied with professionals that are able to use machine learning algorithms. It is
also important to have diversity in these teams, so that the algorithms and data chosen are
not biased. Data can also be collected from different professionals. In community pharmacies
and health centers, it could be possible to gather information about certain disease’s in the
local community using machine learning techniques. That way, it might be possible to
overcome the problems associated with not having enough data about certain minorities in
society.

Artificial intelligence can play an important role in pharmaceutical sciences and
therefore, in drug development. Before the introduction of Al in healthcare, drug discovery
pharmacists had no other option besides the trial-and-error methods to develop new drugs.
However, the many new ways to apply machine learning in the drug discovery pipeline could
allow a more fluid process.

The innovation on medical devices could allow new ways of monitoring a patient’s
health. Community pharmacists can have a major role in helping patients with these new
devices.

Although inside the scientific community Al is a strong growing world of possibilities,
for the general public it is more as an unknown world, that books and movies depict as evil
and that would overtake humans. With this in mind, educating the population and letting them
understand the benefits, the pros and cons of artificial intelligence is a way to advance society.
Discussion of ethics and values is vital.

The European Union is ensuring the digital safety of its citizens by updating their GDPR,
but still assuring that scientific progress prevails. Despite this kind of measures, EU created a
project with 2| countries that would allow data to flow inside the community and, with data,
find new plans for Al development, not forgetting about ethical and social issues.

To think in the future of Al is important. Currently, even though artificial intelligence
is booming, it’s still far from the whole range of possibilities. With the evolution of machine
learning, it’s mandatory to create policies about the issue. To create Als more intelligent than

humans is a delicate process, since it must assure no harm is caused to humans, morally

6l



relevant being, and that this advanced technology will be used for good and nor with ill

intentions>2.
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