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RESUMO

Os lisossomos sao responsaveis pela degradagcédo de macromoléculas e participam
de diversos processos biolégicos. Os lisossomos contém hidrolases acidas dentro
deles, e defeitos nessas enzimas culminam no acumulo de metabdlitos ou
macromoléculas, levando a doengas de depdsito lisossomal (DDL). O lisossomo e
suas enzimas também participam de diversos processos oncogénicos, principalmente
em tumores neurologicos. Explorar genes lisossémicos usando dados 6micos
disponiveis em bancos de dados multi-6micos publicos pode ajudar a entender os
mecanismos comuns envolvidos na fisiopatologia de DDLs e tumores neurologicos.
O primeiro manuscrito analisa ferramentas da web e bancos de dados de dados
Omicos e fornece um repositério da web com um estudo de caso. O manuscrito 2 &
uma analise da biologia de sistemas de conjuntos de dados sobre dano neurolégico
em um grupo particular de DDLs (Mucopolissacaridoses, MPS) disponiveis em um
repositério publico de dados gendmicos. O manuscrito 3 apresenta uma analise de
expressao génica, sobrevivéncia e analise de variantes de genes lisossomais em
tumores neurologicos disponiveis no portal Genomic data commons (GDC, consércio
TCGA) e GEO. O manuscrito 4 contém dados recuperados de nossa ferramenta web
MPSBase de vias de sinalizagdo oncogénica em MPS, usando analises de
enriquecimento. Esses estudos podem ajudar a ampliar as abordagens terapéuticas
para disturbios lisossomais, apontando mecanismos comuns com doeng¢as mais

prevalentes.



ABSTRACT

The lysosomes are responsible for the degradation and participate in several biological
processes. Lysosomes contain acid hydrolases within them, and defects in these
enzymes culminate in the accumulation of metabolites or macromolecules, leading to
lysosomal storage diseases (LSD). The lysosome and its enzymes also participate in
several oncogenic processes, especially in neurological tumors. To explore lysosomal
genes using omics data available in public multi-omic databases may help to
understand the common mechanisms involved in the pathophysiology of LSDs and
neurological tumors. The first manuscript reviews web tools and databases of omics
data and provides a web repository with a case study. Manuscript 2 is a system biology
analysis of datasets about neurological impairment in a particular group of LSDs
(Mucopolysaccharidoses, MPS) available at a public functional genomics data
repository. Manuscript 3 presents a gene expression, survival, and SNV analysis of
lysosomal genes in neurological tumors available in the genomic data commons portal
(GDC, TCGA consortium) and GEO. Manuscript 4 contains data retrieved from our
web tool MPSBase of oncogenic signaling pathways in MPS, using enrichment
analysis. These studies may help amplify therapeutic approaches for lysosomal

disorders by pointing common mechanisms with more prevalent diseases.
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Nota aos leitores

O presente trabalho de tese apresenta 4 manuscritos que foram escritos como
resultado da pesquisa da autora como aluna de doutorado no programa de Pos-
Graduagdo em Genética e Biologia Molecular (PPGBM). E importante saber que a
maior parte do trabalho desta tese foi elaborado durante a pandemia da COVID-19
que nos acometeu mundialmente.

O primeiro capitulo € uma revisdo de todos os conteudos abordados na tese,
partindo do lisossomo até bancos de dados especializados em doencgas lisossomais.
O capitulo 2 apresenta os objetivos da tese, que foram respondidos através de
diferentes trabalhos, apresentados nos capitulos 3 a 6.

O primeiro manuscrito € uma revisao de ferramentas web e bancos de dados
de dados Omicos, acompanhada de um repositério web com um estudo de caso
ilustrando os resultados coletados, de forma a exemplificar algumas usabilidades dos
bancos de dados selecionados. Este manuscrito foi publicado na revista GMB -
Genetics and Molecular Biology.

O segundo manuscrito é uma analise de biologia de sistemas de conjuntos de
dados sobre comprometimento neurolégico em mucopolissacaridoses (MPS)
disponiveis em um repositorio publico de dados gendmicos funcionais. Este trabalho
foi submetido para a revista Neuroinformatics.

O manuscrito 3 apresenta dados de expressao génica e de SNV de genes
lisossomais em tumores neuroldgicos disponiveis no portal genomic data commons
(GDC, consoércio TCGA) e GEO. O manuscrito foi submetido para o Journal of Neuro-
Oncology.

O manuscrito 4 foi gerado a partir de dados recuperados de nossa ferramenta
web MPSBase, sobre de vias de sinalizagdo oncogénica em MPS, usando analises
de enriqguecimento. O manuscrito foi publicado na Lecture Notes in Bioinformatics.

Na parte final, encontram-se os trabalhos e colaboragdes realizadas durante o

periodo da tese.
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Capitulo 1

INTRODUGAO

Os Erros Inatos do Metabolismo constituem um grupo de cerca de 750 doengas
genéticas que podem afetar a sintese, degradagéo, processamento e transporte de
moléculas no organismo. Individualmente sdo doencgas raras, mas quando reunidas
apresentam uma prevaléncia estimada de 1:800 individuos. Em sua maioria, os erros
inatos do metabolismo possuem padrdo de heranca autossémico recessivo
(Saudubray & Garcia-Cazorla, 2018).

A classificagdo recente proposta por Saudubray & Garcia-Cazorla (2019)
divide essas doengas em trés grandes grupos, dentre eles destacamos o grupo 3,
onde estdo agrupadas desordens no metabolismo de moléculas complexas que
acometem organelas como os lisossomos, peroxissomos ou complexo de golgi, tais
como as esfingolipidoses, doenga de Fabry, Niemann-pick C, Lipofuscinose ceroide
neuronal, doenca de Krabbe, as gangliosidoses, mucolipidoses e as
mucopolissacaridoses (Beck, 2007; Hoffmann et al.,2017). O esquema a seguir
mostra desordens que se enquadram nessa classificacio:

[ L-H - Hurler
1I-S - Sheie

Il - Sanfilippo
VI - Maroteaux-Lamy

Doengas

lisossomais [ Doenca de Gaucher
Doenga de Tay-Sachs
Doenga de Nieman-Pick

Mucopolissacaridoses |

Alteragdes na

SNBSS Bl o Esfingolipidoses

catabolismo de Doenga de Farber
moléculas ] e
complexas ou Fucosidose
macromoléculas —[Glicoproteinoses Monosidose
Aspatrtilglicosamindria
Distarbios do Doenga do depésito do acido sidlico
I transporte d¢ —————— Doenga da salla
s membranas Cistinose
—[Muhpldoses — L L
- _Doent;a de Carnavan
Doencas
Doenc¢a de Pompe
I enolvendo e g : s
ik Deficiéncia da lipase acida
perixissomas L

[~ Adrenoleucodistrofia
—[Outras ———— Doenca de Refsum
Hiperoxaldria tipo |

Figura 1: Doengas classificadas no grupo 3 onde observa-se alteragbes na sintese ou
catabolismo de macromoléculas ou moléculas complexas. (Adaptado de Saudubray &
Garcia-Cazorla, 2018).
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No que diz respeito ao grupo 3, as doengas que acometem os lisossomos,
mais conhecidas como doencgas de depdsito lisossdmico ou depdsito lisossomal, sdo
caracterizadas por defeitos em genes que codificam enzimas envolvidas na
degradagao de substratos que culminam no seu acumulo de macromoléculas no
interior dos lisossomos e em defeitos secundarios (Donati et al., 2018).

O termo lisossomo tem origem nas palavras gregas lise (destruicdo ou
dissolugédo) e soma (corpo). A descoberta dessa organela ocorreu em 1949, pelo
citologista belga Christian de Duve, que estudava os mecanismos de agao da insulina
em células hepaticas. O grupo de de Duve tinha como foco de pesquisa a enzima
glicose 6-fosfatase, e ao isola-la pelo método de fraccionamento celular, identificaram
algumas organelas membranosas que foram denominadas de lisossomos. Nessa
época, os pesquisadores descreviam os lisossomos como “bolsas suicidas” (Ballabio,
2016).

Os lisossomos, classicamente conhecidos por sua fungdo de degradagéo,
também exercem uma gama de papéis fundamentais para a manutencdo dos

organismos, tais como listados na figura 2:

Funcdes e processos aos quais
0 lisossomo esta envolvido:

/ Degradacao \/Adeséo celular

\/ Regulacdo Génica \/ Migracdo celular :E 9

\/ Sinalizagcao metabdlica \/Transporte de colesterol S d
2%

\/ Apoptose e morte celular / Detoxificacao

\/ . , Hidrolases acidas
Invasdo tumoral e metastase

\/ Reparo da membrana plasmatica

\/ Apresentacao de antigenos
Lisossomo

Figura 2: Fun¢des do lisossomo. Defeitos em enzimas lisossémicas, tais como as hidrolases
acidas culminam em um grupo de Erros Inatos do Metabolismo denominado de Doengas de

Deposito Lisossomal (DDL). Adaptado de Meyer-Schwesinger, 2021.
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Devido a vasta gama de processos biolégicos nos quais o lisossomo participa,
diversos receptores e proteinas interagem com proteinas lisossémicas, sendo assim,
as disfungbes em lisossomos s&o descritas em cancer (Tang et al., 2020), e em
doencas neurodegenerativas, tais como Alzheimer (Wie et al., 2021) e Parkinson
(Navarro-Romero et al., 2020).

No contexto tumoral, a cascata de eventos carcinogénicos consiste em uma
série de mecanismos de controle da proliferagédo celular, onde a desregulacao deste
processo gera o crescimento demasiado e descontrolado de células, formando assim
tumores (Popolin & Cominetti, 2017; Machado et al., 2021). O microambiente tumoral
possui uma vastidao de proteinas associadas a fatores de crescimento, os quais
desempenham importante papel na sinalizacdo entre as células tumorais e as outras

células do seu microambiente (Corn et al., 2013). Um exemplo classico é a
transformagao oncogénica ocasionada por alteragdes em vias metabdlicas, como a
super ativagdo de Ras e da via fosfatidilinositol-3-cinase classe | (PI3KI) /Akt (Cairns
et al., 2011). Enquanto Akt aumenta os niveis transcricionais de enzimas como a
hexoquinase e fosfofrutoquinase, K-Ras promove a transcricdo de diversas outras
enzimas da via glicolitica (Fan et al., 2010). Os lisossomos também atuam nessas
vias de sinalizagao, e em outros processos como a autofagia (Geisslinger et al., 2020).

Dentre as principais vias de sinalizagao alteradas em tumores, uma das mais

estudadas é a via da autofagia. A autofagia € um processo evolutivamente
conservado em diversas espécies, sendo ativada em resposta a diferentes situacdes

de estresse, como por exemplo, hipdxia, deple¢ao de nutrientes e fatores de
crescimento e danos no DNA. Dentre as diferentes respostas, as que mais se
destacam sao a hipoxia e auséncia de fatores de crescimento, e estas sdo reguladas
através do complexo mTORC1, que se encontra na superficie dos lisossomos (Lum
et al., 2005; Jung et al., 2013).

A via de sinalizagdo de mTORC1, além de regular as vias lisossomais, também
regula positivamente a familia de fatores de transcricdo do tipo EB, tais como TFEB,
que conhecidamente regula a maior parte dos genes lisossomais (Puertollano, 2014).
Em situagdes celulares normais, mTORC1 sequestra TFEB no citosol, e os
lisossomos direcionam-se para a periferia das células. Em situagdes de estresse, a
inativacdo de mTORC1 promove a translocacdo de TFEB para o nucleo, a indugao
de da biogénese lisossomal e posterior ativacdo da autofagia. Essa inativacéo de

mTORC1 é necessaria para que ocorra a formag¢ao do autofagolissomo (Zhao et al.,
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2020). A interacao entre mTORC1 e os lisossomos também é essencial para regular
diversas vias oncogénicas, tais como Akt, Ras, Mek e outras vias de sinalizagéo
reguladas upstream, tais como as vias dos receptores tirosina kinases (Asrani et al.,
2019).

A inibicdo ou super ativagédo da via de autofagia sao fatores determinantes na
progressao tumoral e podem nortear o diagnostico e o tratamento de diferentes tipos
de cancer (Swartz et al., 2012). Além disso, a limitagdo nos niveis de glicose induz
aos processos autofagicos, que, nesse caso, podem servir como fonte alternativa de
produgao energética. Aléem disso, sabe-se que a autofagia exerce papel na eliminacéo
de moléculas e organelas danificadas.

A autofagia compreende o sequestro de proteinas, organelas citosdlicas e
patdgenos em estruturas chamadas de autofagossomos. Os autofagossomos, por
sua vez, sao estruturas que fundem-se aos lisossomos e degradam o material celular
através da acado das hidrolases lisossomais. O resumo da formagao do

autofagolisossomo pode ser observado na figura 3:

PI3K tipo IlI
Atg?

Fusao
lisossomal

()

AtgS
Atg7 Atgs

Atgl0
=il ...

Atg16L1

Autofagossomo Autofagolisossomo

Atg16L1

|

Figura 3: Complexos proteicos envolvidos na formagédo do Autofagolisossomo. A beclina-1,
em conjunto com outras proteinas, participa do complexo da PI3K do tipo I, responsavel por
recrutar proteinas relacionadas a autofagia (Atg), iniciando assim o processo de formagao do
autofagossomo. Os complexos ATG iniciam a formagao da membrana autofagossémica, que
leva a fusédo entre o autofagossomo e a membrana lisossdmica. (Adaptado de Netea et al.,
2015).
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O processo de degradagao resulta na liberacdo de aminoacidos livres e
macromoléculas, os quais sao transportados de volta ao citosol para serem
reutilizados (Kung et al., 2011; Seranova et al, 2017). Tendo em vista esses
processos, recentemente verificou-se 0 envolvimento dessas estruturas em
processos de proliferagao e sinalizagao celular, indugdo de angiogénese e processos
metastaticos (Pastores & Hughes, 2017; Davidson & Vander Heiden, 2017).

Estudos recentes sobre doencas de depdsito lisossomal e cancer envolvem a
doencga de Gaucher tipo 1 e Mieloma Multiplo (Pastores & Hughes, 2017), entretanto
0s mecanismos de interagcdo entre o acumulo de substratos e os processos de
tumorigénese ainda sao pouco conhecidos. Outras associagbes entre genes

lisossomais e cancer foram descritos, como compilado na figura a seguir:

Cancer de Pulmao

Carcinoma de células renais 3.7%

7.4%

Cancer de Mama
33.3%

Cancer de Ovario
11.1%

Principais processos onde existe
participacao dos lisossomos e/ou
enzimas lisossomais:
Adesdo, migracao, metastase,
angiogenese, sinalizacao e

comunicacao celular, progressao Porcentagem de artigos
e invasio tumoral relacmn.ados c.om Ilsoss-omos
ou enzimas lisossomais de
acordo com os tipos de
tumor.

Melanoma
7.4%

Carcinoma hepatocelular
11.1%

Cancer Colorretal
14.8%

Cancer Gastrico
11.1%

Figura 4: Levantamento de dados da literatura acerca de lisossomos e / ou enzimas

lisossomais em cancer. Os dados foram compilados no artigo resultante do capitulo 4 da
presente tese. A imagem é uma adaptagao da figura 1 e da tabela suplementar 4 do referido

artigo. Para mais informagoes, ler capitulo 4.

Disfuncdo ou variantes patogénicas podem impactar as hidrolases
lisossbmicas, culminando nas doengas de depdsito lisossomal (DDL). A lista oficial
de doencas lisossdbmicas pode ser encontrada através do link a seguir
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https://worldsymposia.org/official-list-of-lysosomal-diseases/. A lista de genes e

doencas lisossOmicas analisadas neste trabalho pode ser vista na Tabela 1.

Tabela 1: Lista dos genes lisoss6micos analisados neste trabalho de tese. A lista dos
genes relacionados a doengas de depodsito lisossomal foi retirada do website

Worldsymposia.

Gene Localizagao OMIM Doenca
ABHD5 3p21.33 604780 Sindrome de Chanarin-Dorfman

AGA 4q34.3 613228 Aspartilglicosaminuria

ARSA 22q13.33 607574 Leucodistrofia metacromatica

ARSB 5q14.1 611542 Mucopolissacaridose tipo VI (Maroteaux-Lamy)
ASAH1 8p22 613468 Lipogranulomatose de Farber ou Deficiéncia de ceramidase
CLCN5 Xp11.23 300008 Nefrolitiase hipercalciurica ligada ao X (Doenga de Dent)

CLN3 16p12.1 607042 Lipofuscinose Cerdéide neuronal tipo 3 (Sindrome de Batten)

CLN5 13922.3 608102 Lipofuscinose Ceréide Neuronal tipo 5

CLN6 1523 606725 Lipofuscinose Cerdide Neuronal tipo 6 Adulta (Kuffs)

CLNS 8p23.3 607837 Lipofuscinose Cerodide Nezr:gglrtt(iapo 8, variante da epilepsia
CTNS 17p13.2 606272 Cistinose

CTSA 20913.12 613111 Galactosialidose

CTSK 1921.3 601105 Picnodisostose

FIG4 6g21 609390 Doenca de Charcot-Marie-Tooth tipo 4J
FUCA1 1p36.11 612280 Fucosidose

GAA 17925.3 606800 Doenca de Pompe

GALC 14931.3 606890 Leucodistrofia de células globdides (Krabbe)
GALNS 16924.3 612222 Mucopolissacaridose tipo IVA (Morquio)

GBA 1922 606463 Doenca de Gaucher

GLA Xqg22.1 300644 Doencga de Fabry

GLB1 3p22.3 611458 Gangliosidose tipo |

GM2A 5q33.1 613109 Doenca de Tay-Sachs
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GNPTAB 12923.2 607840 Mucolipidose tipo Il

GNPTAG 16p13.3 607838 Mucolipidose tipo llI
GNS 12914.3 607664 Mucopolissacaridose tipo IlID (Sanfilippo)
GUSB 7911.21 611499 Mucopolissacaridose tipo VII (Sly)
HEXA 15923 606869 Gangliosidose tipo Il (Juvenil)
HEXB 5913.3 606873 Doencga de Sandhoff (Gangliosidose GM2)
HGSNAT 8p11 610453 Mucopolissacaridose tipo IlIC (Sanfilippo)
HYAL1 3p21.31 607071 Mucopolissacaridose tipo IX (Natowicz)
IDS Xq28 300823 Mucopolissacaridose tipo Il (Hunter)
IDUA 4q16.3 607014 Mucopolissacaridose tipo | (Hurler)
LAMP2 Xq24 309060 Doenga de Dannon
LIPA 10923.31 613497 Deficiéncia de Lipase acida lisossomal
MANZ2B1 19913.13 609458 Alfa-manosidose
MANBA 4924 609489 Beta-manosidose
MCOLN1 19p13.2 605248 Mucolipidose tipo IV
NAGA 22q13.2 609242 Doenca de Kanzaki
NAGLU 17921.2 609701 Mucopolissacaridose tipo [lIB (Sanfilippo)
NEU1 6p21.33 608272 Sialidose
NPC1 18q11.2 607623 Niemann-Pick tipo C1
NPC2 14924.3 601015 Niemann-Pick tipo C2
OCRL Xq26.1 300535 Doenca de Dent tipo 2
PNPLA2 11p15.5 609059 Doenca por armazenamento lipidico neutro
PPT1 1p34.2 600722 Lipofuscinose Ceroide neuronal tipo 1
PSAP 10922.1 176801 Deficiéncia de Prosaposina
SGSH 17925.3 605270 Mucopolissacaridose tipo IlIA (Sanfilippo)
SLC17A5 6913 604322 Doenca de armazenameig;[cg:ticl))écido sidlico livre (forma
SLC9A6 Xq26.3 300231 Sindrome de Christianson
SMPD1 11p15.4 607608 Niemann-Pick tipo A and B
SUMF1 3p26.1 607939 Deficiéncia multipla de sulfatases (Doenga de Austin)
TPP1 11p15.4 607998 Lipofuscinose Ceroide neuronal tipo 2
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Adentrando o universo das doencgas lisossomais, mais especificamente das
mucopolissacaridoses (MPS), este grupo de doengas lisossémicas de depdsito s&o
causadas pela deficiéncia de enzimas essenciais para o metabolismo de
componentes da matriz extracelular como os glicosaminoglicanos (GAG). Quando
nao degradados da maneira correta, os GAGs sdo estocados nos compartimentos
lisossomais das células, acarretando uma série de complicagbes progressivas e

multissistémicas (Harper et al., 1998; Scriver et al., 2001).

As MPS de modo geral possuem padréo de heranga autossémico recessiva,
com excegao da MPS tipo I, Sindrome de Hunter, cujo padrado de herancga é ligado
ao X. Diversos fendtipos clinicos foram descritos com o passar das décadas, mas na
maior parte dos casos pode-se constatar acometimentos neuroldgicos, os quais os
mecanismos da fisiopatologia da doenga ainda ndo foram bem elucidados (Campos
& Monaga, 2012). A figura 5 elenca alguns dos principais sintomas das MPS.

Problemas cognitivos
Ceratomalacia / turvacao da cornea

Problemas cranianos ou hidrocefalia .
Face grosseira

Rinite Cronica / otite média aguda

Doenca pulmonar obstrutiva cronica i alsrpads

Escoliose, com cifose ou gibosidades Doenca Cardiovascular

Dores nas articulacoes e contraturas. Hepatoesplenomegalia

Diarreia cronica " Hérnia inguinal ou umbilical

Sindrome do tunel do carpo
Marcha anormal devido a deformidade

do quadril Joelhos inclinados
(Genu valgum)

Flexao plantar
(Talipes equinovarus)

HTTP: . AFFAIR!

Figura 5: Esquema geral dos principais acometimentos encontrados nos pacientes com

Mucopolissacaridoses. Adaptado do site da Sanofi Rare Diseases.

A classificagado das MPS baseia-se especificamente na deficiéncia enzimatica
propriamente dita, apesar do fato que existem fendtipos distintos dentro do mesmo
defeito enzimatico, como no caso da MPS do tipo | (Hurler, Hurler-Scheie e Scheie),
bem como fendtipos semelhantes para deficiéncias enzimaticas diferentes, no caso
dos acometimentos neurologicos encontrados predominantemente nas MPS do
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tipo I, II, Ill e VII (Neufeld & Muenzer, 2001; Myerowitz et al., 2002). A figura 6 resume
os tipos de MPS, os genes que codificam as enzimas defeituosas e o tipo de

glicosaminoglicano acumulado:

|T|pode

MPS

—
| | | | |

MPs| | MRS I |MPSIIIA |MPSIIIB |MPSIIIC |MP$|IID |MPSIVA IMPSIVB | MPS VI | MPS VII | MPS X

IDUA DS | S6SH | NAGLU |HGSNAT | GNS |GALNS | 611 | ARSB | GUSB | HYALI

HS, DS |HSDS | | | HS | HS |KS,CS I £ | 0s |DS,HS,CS| HA

Figura 6: Classificagdo das Mucopolissacaridoses. Adaptado de Clarke (2008). MPS =

B )

Mucopolissacaridoses; AH = acido hialurénico; CS = condroitin sulfato; DS = dermatan

sulfato; HS = heparan sulfato; KS = keratan sulfato.

Com relagédo ao diagnostico, as MPS néo est&o incluidas na triagem neonatal
brasileira (Kubaski et al, 2020), mas diante de suspeita clinica realizam-se testes
bioquimicos quantitativos ou qualitativos, a partir da dosagem de GAGs na urina,
plasma, leucdcitos ou fibroblastos. Ja para aquelas MPS nas quais a enzima
deficiente é da categoria de sulfatase, a dosagem deve ser realizada de modo
comparativo com outra sulfatase, para excluir a possibilidade de diagndstico de uma
deficiéncia multipla de sulfatases (Donati et al., 2018). O diagndstico genético pode
contribuir para diferenciar as formas mais atenuadas dentro de uma mesma MPS,
para detecgdo de portadores e, em alguns casos, relacionar gendétipo com fenétipo
bioquimico, apesar de ndo existir uma correlagao totalmente certa entre as variantes
genéticas encontradas e a atividade enzimatica dentro das diferentes MPS (Muenzer,
2011).
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Com o avanco das tecnologias de sequenciamento de larga escala e a redugao
relativa de custo de analises de exomas e transcriptomas, a tendéncia € que tais
metodologias tornem-se recorrentes e frequentemente uteis no diagndstico e estudo
de doencgas genéticas (Cummings et al., 2017). Para isso, o desenvolvimento de
estratégias e pipelines de analises acessiveis para os profissionais da saude é
essencial para o bom planejamento e escolha das metodologias adequadas,
permitindo assim a rapida identificacdo de mutacdes novas e recorrentes, melhorando
de forma global o diagndstico, prognodstico e desenvolvimento de estratégias
terapéuticas para o tratamento de inumeras doencgas e sindromes. Além do mais, a
busca automatizada dos genes com expressdo diferencial serve para otimizar o

tempo de analise das informagdes (Pereira et al., 2015).

Estudos envolvendo RNA-seq podem ser utilizados para desvendar
mecanismos fisiopatoldgicos de acometimentos complexos, como dano neuroldgico
em modelo murino de MPS |l (Salvalaio et al., 2017); imunossupressao do sistema
nervoso central e progressdo da doenga em MPS IlIB (DiRosario et al., 2008);
mecanismos envolvidos na neurodegeneragdo em MPS IlIIA, MPS 1lIIB e MPS IlIC
(Moskot et al., 2019), e edi¢cao de transcritos mutantes em Sindrome de Hunter - MPS
Il (Lualdi et al., 2010). Também podem ser usados para avaliar niveis de citocinas,
neurotrofinas e estresse oxidativo em MPS IlIB (Villani et al., 2006); desenvolvimento
de biomarcadores de diagndstico, progndstico e descobertas de novas drogas para
MPS | (Swaroop et al., 2018), e analise e descobrimento de biomarcadores
relacionados a cardiopatias em MPS |lIB (Schiatarrela et al., 2015).

Para organizar e armazenar informagdes como os estudos supracitados, de
modo geral sdo necessarios os bancos de dados. Por definicdo, um banco de dados
biolégico € uma colecdo de dados organizados de forma sistematica, onde
informagdes bioldégicas podem ser rapidamente acessadas, organizadas e
manipuladas (Toomula et al., 2012). Os bancos de dados geralmente s&o construidos
em uma linguagem padrdo com estrutura de queries, chamada de Standard Query
Language - ou SQL (Kriegel et al., 2004).

O primeiro banco de dados bioldgicos foi desenvolvido pela “Mae” da
Bioinformatica, a Professora Margaret Dayhoff, em 1965. Esse banco foi criado na

era dos cartdes perfurados. Desse modo, Margaret criou o Atlas of Protein Sequence
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and Structure, que anos mais tarde virou o Protein Data Bank, semelhante ao
Genbank (Benson et al., 2013). Um fato curioso: ela também desenvolveu a primeira
matriz de substituicdo de mutagdes de ponto (PAM) e o cédigo de uma letra para os
aminoacidos (Strasser, 2012). Desde entdo, os bancos de dados biolégicos sao
cruciais para acelerar o progresso das descobertas nos campos da Bioinformatica e
ciéncias da saude (Imker, 2018).

O primeiro banco de dados para genes lisossdbmicos € o The Human Lysosome
Gene Database (Brozi et al.,2013, <http://lysosome.unipg.it/index.php>), porém ele
combina e analisa informag¢des de genes lisossomais de maneira geral, com dados
de miRNAs (microRNAs) e reguladores mestre da transcricdo, como o TFEB. O
mesmo contempla alguns estudos de proteoma, mas o banco nao apresenta muitos
estudos. Além disso, o banco conta com uma parte onde o usuario pode buscar
artigos relacionados com biologia de sistemas, mas a base possui poucas
informagdes. Para dados dos diferentes tipos de MPS, nosso grupo desenvolveu o
MPSBase <https://www.ufrgs.br/mpsbase/ > que engloba apenas um grupo de
doencas lisossomais, as Mucopolissacaridoses (MPS). Nesse banco de dados é
possivel consultar informagdes sobre genes diferencialmente expressos, e suas

perspectivas vias bioldgicas (Soares et al., 2021).

Para consultar informagdes clinicas acerca de erros inatos do metabolismo,

existe o IEMBase, < http://iembase.org/ >, um banco de dados que concentra diversas

fontes de pesquisa, auxiliando no diagnéstico de doengas raras. O banco retorna uma
lista classificada de possiveis disturbios que correspondem ao perfil de entrada, por
exemplo, um fendtipo ou sintoma. Além disso, o sistema pode sugerir possiveis testes
que ajudariam a estreitar o diagnéstico diferencial e fornecer acesso a informagdes
bioquimicas, moleculares e clinicas, além de evidéncias experimentais, tais como
artigos (Lee et al., 2018).

RarelLSD < htips://webs.iiitd.edu.in/raghava/rarelsd/ > &€ um banco de dados

com curadoria manual que apresenta informacbes sobre enzimas lisossomais
associadas a doencas raras (Akhter et al., 2019). O usuario pode buscar por
informagdes completas sobre o disturbio, incluindo o nome da doenga, 6rgao afetado,
idade de inicio, medicamento disponivel, padrdao de heranca, enzima defeituosa e

informagdes sobre variantes. Também disponibiliza as estruturas tridimensionais das
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enzimas lisossomais. Assim como o /IEMBase, possui informagdes sobre ensaios
bioquimicos e informagdes obtidas no PubChem. RareLSD possui integracdo com
ferramentas de pesquisa de similaridade de sequéncia (por exemplo, BLAST e
algoritmo Smith-Waterman).

Por ultimo, até o momento, especifico para descoberta de novos farmacos em
erros inatos do metabolismo, citamos o DDIEM: Drug Database for Inborn Errors of
Metabolism (Banco de dados de drogas para erros inatos do metabolismo, website:
http://ddiem.phenomebrowser.net/). Essa ferramenta utiliza uma estrutura de queries
diferentes das convencionais, o SPARQL (semelhante ao SQL, mas este utiliza grafos
e linguagem semantica para consultar o banco de dados, através de arquivos com o
RDF - Resource Description Framework). O DDIEM utiliza ontologias para categorizar
os tratamentos sugeridos para um dado erro inato do metabolismo. Para contemplar
essa busca, o banco possui informag¢des acerca de 338 erros inatos, 643 drogas
associadas, 1615 fenotipos, e 1899 artigos de referéncia (Abdelhakim et al., 2020).

Tendo em vista as amplas aplicagcbes do uso de bancos de dados para o
estudo de doengas genéticas raras, enfatizamos a importéncia de se estabelecer
pipelines e workflows de estudos in silico para automatizar e organizar essas analises.
Perante isso, o objetivo dessa tese ¢é utilizar diversos bancos de dados para aprimorar
o entendimento da fisiopatologia das doengas de depdsito lisossomal e dos seus
genes relacionados, mais especificamente do acometimento neuroldgico apresentado
nas MPS, e identificar e estabelecer relagbes entre tumores neuroldgicos e vias

oncogénicas nessas doengas.
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Capitulo 2

OBJETIVOS

Objetivo Geral

Aprimorar o entendimento da fisiopatologia das doengas de depdsito
lisossomal e dos seus genes relacionados, mais especificamente do acometimento
neurolégico apresentado nas MPS, e identificar e estabelecer relagcdes entre tumores
neurolégicos e vias oncogénicas nessas doengas através da utilizacdo de dados

depositados em bancos publicos.

Objetivos especificos:
Bancos de dados bioldgicos
e Fazer um levantamento dos bancos de dados bioldgicos existentes,
classificando-os de acordo com diferentes subareas da bioinformatica;
e Elaborar uma lista de ferramentas para que pessoas sem muito
conhecimento de linguagem de programacéo sejam capazes de conduzir
pesquisas em bioinformatica;

e Criar um estudo de caso para ilustrar a usabilidade dos bancos listados

Biologia de sistemas e dano neurologico em MPS
e Identificar possiveis genes e vias que sejam biomarcadores de dano
neurologico nas diferentes MPS que possuem dados de transcriptomas

disponiveis publicamente

Doencgas lisossomais e tumores neuroldgicos
e Investigar a expresséo genica de enzimas lisossomais em gliomas;
e Identificar variantes patogénicas em genes lisossdbmicos;

e Avaliar o impacto da expresséo dessas enzimas na sobrevida dos pacientes
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Vias de sinalizagdo oncogénica em Mucopolissacaridoses
e Identificar vias bioldgicas de sinalizagdo de cancer presentes nas diferentes
MPS
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Capitulo 3

O uso de bancos de dados biolégicos em pesquisas biomédicas - como a

bioinformatica pode nos ajudar a resolver nossos problemas?

Para tentar responder essa pergunta, realizamos um levantamento de bancos
de dados biologicos que foram compilados no seguinte manuscrito, publicado na
revista Genetics and Molecular Biology - GMB. Para a leitura eletrénica, acesse

< https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8022358/>
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Abstract

Public databases are essential to the development of multi-omics resources. The amount of data created by biological
technologies needs a systematic and organized form of storage, that can quickly be accessed, and managed. This
is the objective of a biological database. Here, we present an overview of human databases with web applications.
The databases and tools allow the search of biological sequences, genes and genomes, gene expression patterns,
epigenetic variation, protein-protein interactions, variant frequency, regulatory elements, and comparative analysis
between human and model organisms. Our goal is to provide an opportunity for exploring large datasets and
analyzing the data for users with little or no programming skills. Public user-friendly web-based databases facilitate
data mining and the search for information applicable to healthcare professionals. Besides, biological databases
are essential to improve biomedical search sensitivity and efficiency and merge multiple datasets needed to share
data and build global initiatives for the diagnosis, prognosis, and discovery of new treatments for genetic diseases.
To show the databases at work, we present a a case study using ACE2 as example of a gene to be investigated.
The analysis and the complete list of databases is available in the following website <https:/kur1sutaru.github.io/

fantastic_databases_and_where_to_find_them/>.
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Introduction

The advent of sequencing technologies has motivated the
development of public databases initiatives. Recently, there
has been an exponential growth in generation of biological
data, and these require information technology tools to store,
organize and analyze biological data that is available in the
form of raw data, annotated sequences, tables, and other archive
files generated by omics technologies (Toomula et al., 2012).

The first reported biological database was a protein
sequence database developed by Margaret Dayhoff in 1965.
She also created the first substitution matrix for point accepted
mutations (PAM) and the one-letter code for amino acids
(Strasser, 2012). In the early 1980s, the EMBL Data Library
(currently European Nucleotide Archive, <https://www.ebi.
ac.uk/ena>) created a catalog of published biological data. A
timeline with some historical facts about biological databases
are provided in Figure 1.

Abiological database is a collection of data organized in
systematic contents that can quickly be accessed, managed., and
updated (Toomula et al., 2012). Biological databases usually

Send correspondence Ursula Matte. Hospital de Clinicas de Porto
Alegre, Laboratdrio de células, tecidos e genes, Rua Ramiro Barcelos,
2350, 90035-903, Porto Alegre, RS, Brazil. Email: umatte @hcpa.
edu.br.

use relational management frameworks and the Standard Query
Language (SQL), which allows data definition as well as
data manipulation statements (Kriegel and Schonauer, 2004).

According to the level of data curation, biological
databases are divided into primary and secondary databases.
Primary databases store experimental data from nucleotide
sequence, protein sequence, or molecular structure. Secondary
databases comprise data from the results of analyzing primary
data and has become a reference library for just about any gene
or gene product that has been investigated by the research
community (Selzer et al., 2008: Zou et al., 2015).

The National Center for Biotechnology Information
(NCBI, <https://www.ncbi.nlm.nih.gov/>) classifies the
biological databases in Comprehensive and Specialized.
Comprehensive databases store data from many organisms and
many different types of sequences, for example, nucleotide,
protein, and genomes. Specialized databases contain data from
specific organisms (e.g., humans or mice), with functional
or sequence information, and data generated by specific
sequencing technologies.

Here we present an overview of human databases with
web applications. The databases and tools allow to search
biological sequences, genes and genomes, gene expression
patterns, epigenetic variation, protein-protein interactions,
variant frequency, regulatory elements, and comparative
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A brief history of biological databases

1965 1982

-® Q7

Margaret Dayhoff The EMBL Data GenBank
created the Atlas  Library created became a public

1980

of Protein a catalog of database.
Sequence and biological data
Structure

Figure 1 - A braef history of the biological databases.

analysis between human and model organisms. Our goal is
to provide an overview of available tools for exploning large
datasets and analyzing the data for users with little or no

programming skills.

Methods

We reviewed the databases from two platforms of
multi-omic data: Biotools: Bioinformatics Tools and Services
Discovery Portal (Ison ef al., 2013, <htips://bio.tools/>) and
OMICtools: an informative directory for multi-omic data
analysis (Henry et al., 2014, <htps://omictools.com/>). We
revised the tools from 15 March 2020 to 15 April 2020.

In the OMICtools portal, we used the keywords “human
resources”, in the “Databases™ tab, sorted by “A to Z" and
Taxonomy: “Homo sapiens™. Subsequently, we discarded
the results found that were of non-human species. In the
Biotools portal, we used the keywords “human” and “Web
application”, the categories were found in the description of
the filtering tools. We discarded the tools with the *Temporarily
unavailable’ flag.

Results
The Newt Scamander and its magic creatures

The Omictools portal includes more than 4400 tools,
classified by software, protocols, datasets, operation system,
distribution when web user interface was selected. When
filtered by the organisms represented in the tools, we obtained
1390 tools (Figure 2). When we chose only human results, we
obtained 762 tools, divided in to Genomic Databases (91), Gene
expression (81). miRNA (50), Protein-Protein Interaction (45),
Rare/low frequency variation (28), Variant-disease association
(28). Disease-specific variation (24), Proteome (23), LncRNA
(17), miRNA target (17), Transcription Factor (17). DNA
methylation (16), Metabolic network (15). Alternative Splicing
(14). Cis-regulatory DNA element (12). Genetic association
(12). Sequence databases (12), Comparative Genome (10).
Enzyme databases (10). Gene regulatory network (10). Some
tools were found in more than two of the classifications

2002

ArrayExpress
released

2005 PRESENT

The first high-
throughput
sequencing systems
was used to sequence  Let's explore some

Many directories for
multi-omic data were
created.

a full E. coli genome databases!

above. Besides, some of the tools were with the sites under
maintenance or unavailable. For human databases, we revised
505 tools, detailed in Tables S1-S9.

In the Biotools portal, we found a total of 17,234 tools,
divided into eight popular terms: Genetics, Proteins, Nucleic
acids, Sequence analysis. Structure analysis. Omics, Virology
and vaccine design, and Other. In order to facilitate the count
of tools, we subdivided the classification in siX terms presented
in Figure 3. Filtered by human tools, we found 838 tools, and
restricting to only “human Web Applications”, we found 235
tools. When excluded the unavailable tools, we obtained 178
ools listed in Tables S1-S9.

There are only 23 tools present in the two portals:
Clinvar, COSMIC, dbGAP, dbMAE, dbSNP, DisGeNET, DO,
GENCODE, GeneCards, GIANT, GTEx, Gencode, GeneCards,
GTEX, HumanMine, HuPho, InvFEST, LOVD, OMIM,
Pickle. ProteomicsDB. Pseudomap, Varsome (Figure 4).
In the next topic, we provide a brief description of the
functionality and types of analysis that we can perform with
the tools presented in this work. To facilitate. we grouped the
tools into twelve general terms.

Databases and resources highlights

To illustrate the use of the databases reviewed here,
we provided a Case Study with omic analysis using the
ACE2 gene, the receptor of coronavirus SARS-Cov-2. The
Case Study is available on <https:/Kurlsutaru.github.io/
fantastic_databases and where to_find them/>.

Alternative splicing

In summary, we found 24 tools for splice site analysis, to
analyze the effect of alternative splicing on protein interaction
and network through alteration of protein structure, and to
predict a splicing consequence of an SNV at intron positions
in the human genome (Table S1). Other databases search for
constitutively and alternatively spliced introns and exons in
humans and compare with other species. They also predict
occurrences of alternative-splicing (AS) modes in the human
genome, including exon sKipping, 5-alternative splicing,
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Web applications tools

Figure 2 - Omictools databases and tools ordered by species. In this work, we used only the tools and databases for bumans.
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Figure 3 - Bio.tools databases ordered by type.
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Figure 4 - Venn diagram of the resources used for the review of databases.

3-alternative splicing and intron retention. Some databases
provide a curated catalog of Alternative Splicing sites and
gene transcripts, and to assign the function to the human
protein-coding splice variants (PCSVs). Most of the results are
obtained in molecular studies and based on Machine Learning
predictions. Usually. the input is the Gene ID or Symbol. or a
Fasta file containing the interest sequence. Some tools present
the results in the browser with graphical reports and results
are available for download.

Cancer databases

We found 56 tools (Table S2) and databases which
provide genomic, transcriptomic, epigenomic profiles of
a large group of tumor types with available tumor and
normal tissue samples for comparisons, tools to predict the
recognition of cancer epitopes by human T cell receptors
(TCRs). literature mining of cancer-related genes in human,
resources for exploring the impact of somatic mutations in
human cancer, tools for infernng human and mouse gene
expression patterns in various normal and cancerous tissues,
and information about isoform-level expression analysis.
Also, there are systematic analysis of mutations affecting
cancer drug sensitivity based on individual genomic profiles
from large-scale chemical screening using human cancer
cell lines. Human cancer-specific microRNA- (miRNA)
target interactions, protein-protein interactions (PPI), and
functionally synergistic miRNA pairs are also available.

Biotools

aCGH data is analyzed to yield gene-specific copy numbers
in different types of tumors.

Beyond this, many databases provide a compilation of
cancer cell lines, driver genes, cancer metastasis, metastasis
suppressor and histological characteristics, and complex
queries built on the Boolean logic rules. Many tools are
disease-specific, such as Human Gastric Cancer or Pediatric
Cancer. for example. The user can provide Gene ID, miRNA,
type of tumor, tissue, or cell line to search in the databases. The
results allow us to explore, compare, and analyze all available
cancer data (Clinical data, Gene Mutation, Gene Methylation,
Gene Expression, Protein Phosphorylation, Copy Number
Alteration, and so on). Outputs include barplots, heatmaps,
principal component analysis plots, volcano plot, and survival
analysis possible to view in the browser or to download.

Comparative databases

We found 31 tools and databases on this topic (Table S3).
These tools give a comparative phenome-genome cross-species
identification of genes associated with orthologous phenotypes,
evolutionary analysis of genes, and comparative genomic
analysis. Also comparisons between human and animal
models’ genomes are available to investigate links between
discase genes, experimental data dealing with antibody and
T-cell epitopes studied in various animal species encompassing
humans and non-human primates. Data about interacting
regions (IRs) in human and mouse proteins, miRNA target sites
across species, non-human primate reference transcriptomes,
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Web applications tools

allow to analyze and compare human nonsynonymous SNPs
(nsSNP) in protein structures, protein complexes, protein-
protein interfaces, and metabolic networks. Users can browse
a genome, gene or region, phenotype term, disease name, or
tissue for comparison. The output may present alignment across
the genomes of different animal models and gene information
(species. chromosome, gene name. accession number). Other
output options are alternative transcripts, phylogeny plots,
and gene regulatory networks.

Disease-specific and variant-disease association

We found 84 tools and specialized databases (Table S4)
related to monogenic and complex diseases such as
Alzheimer’s, Autism, mendelian genetic diseases, and variant
databases, such as repositories of human mutations, and single
nucleotide polymorphisms (SNV). The input, in general, is
the gene ID or symbol or name of the disease. The output, in
general. 1s a list of annotated variants with the position number
(genomic or chromosomal position), and the impact of the
variation (missense. nonsense, frameshifi, among others).
Many databases provide germline and somatic variants of any
size, type or genomic location, and the possible interpretations
of the clinical significance of variants for reported conditions.
The user may also search for genes based on user-specific
discase/phenotype terms.

Gene expression

In this specific topic, we found 116 tools and databases
with data about transcript counts, gene expression in normal
and discased tissues (Table S5). The databases comprehend
data on age, apoplosis, gene expression in particular tissues or
situations (such as allergy or immune response). Also, RNA-
seq data from human and animal cells. single cell studies, and
datasets for chromatin regulators and histone modifications
are also available. The input can be a Gene ID, Pubmed ID,
tissue cell or cell line, and phenotype information. The output is
diverse across the databases, with tables, diagrams, heatmaps,
barplot. and dotplot. Some databases present information
about the gene structure, subcellular localization, primary
function, cellular processes. and pathways. Many databases
also inform the literature reference on the experimental data
about the selected gene.

Genomic and sequence databases

We found 217 tools (Table S6). related to post-
translational (PTM) modification sites and mutations (both
germline and somatic) from multiple sources, mitochondrial
sequences coming from ancient DNA samples (aDNA),
discase-specific genomic data, genomic histone marks,
chromatin states and motifs, chromosome annotation,
evolutionary relationship of human proteins and animal
models, analyses of allelic imbalance in clonal cell populations
based on sequence polymorphisms. General information on
genes, such as orthologs and paralogs. exon, intron and UTRs,
gene classification, transcript sequences, protein sequences,
mutations and SNPs. transcript cluster or selected publications

can also be found. The general input is a Gene Symbol,
Chromosomal position or region. The output is presented in
browser visualization, tables with the genomic sequence of the
interest, gene report, and heatmaps with pathogenicity of the
mutations found in a sequence of the gene or region of interest.

LncRNA and miRNA databases

We found 73 tools (Table S7) related to miRNA and
long non-conding RNAs (IncRNAs) in different organisms
and pathogenic conditions. Of special interest may be data
on putative antagomirs-miRNA heterodimers, protein-protein
interactions (PPI) and functionally synergistic miRNA pairs
(including transcription factors). The input of the search can
be a Gene symbol, miRNA or LncRNA ID or target (hsa-
let-7a, for example), Fasta file of the region of interest, or
chromosomal location (any position in hg38 version, for
example). In the case of LncRNA, the output is a table with
the basic information of sequence, strand, class (antisense, for
example). and conservation across species, with or without
prediction scores. For miRNA, the output show information
about the seed region, conservation score, accessibility.
and secondary structures, minimum free energy estimation,
correlations about expression, and start/end of the miRNA
sequences. In disease-specific databases, the table may
present the disease name. information about causality, and
related literature.

Metabolic and enzyme databases

We found 24 tools (Table 1) involving databases with
information about potential cleavage sites in datasets of all
human proteins collected in Uniprot and their orthologs,
allowing for tracing of cleavage motif conservation, bioactive
molecules, human metabolites, natural products, patented
agents and other molecules. Databases are organized as
disease-specific, tissue-specific. organelle-related or by
protein families. Epigenetic enzymes and chemical modulators
focused on epigenetic therapeutics, as well as functional
databases including information from cells and tissues at a
variety of physiological conditions, are also available. The
input of the analyses is either a GO term, gene symbol or
name, chromosomal location, metabolite or molecule name,
or enzyme family name. Compartment and subsystem 2D
maps, tables with literature related, enzyme domains, Uniprot
ID, plots of classic or multivariate ROC curves, and images
illustrating predicted small molecules are present in the output.

Methylation databases

We found 16 tools (Table 2) related to methylation
patterns in aging-related diseases, normal or tumoral
tissues. CpG islands and sites, and epigenome-wide studies.
Information about the tissue-specific variation of methylation
in the human central nervous system and matched blood
samples collected from multiple donors are also available.
Human cancer-specific DNA methylation. imprinting and
gametogenesis-related methylation changes., and associations
between RNAs and methylation databases are also available.
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The input generally is an Entrez ID or Gene Symbol, SNPID
(e.g.. rs1001098), Chromosome Location, CpG 1sland ID or
the DNA sequence in Fasta file. Also, a target tissue can be
informed. The output shows tables with gene and methylated
positions, CpG location, and in some cases, the literature
related to the study. Some tools show the CpG islands in the
genome browser, ina graph with the content of the CpG island
region, CpG sites, and the DNA sequence.

Proteome and protein-protein interaction

In this topic, we found 97 databases (Table S8) that
investigate the behavior of protein subunits in known
complexes by comparing their abundance profiles across cell
types. also tools for the identification of protein hydroxylation
sites, to classify and score human coding vaniants based on the
probability to damage their protein-related function. Databases
of molecular-level putative protein-drug interactions,
explorable and interactive human proteome database including
MS/MS data, databases of protein interaction information
pre-computed from existing structural and experimental data
were also found. Fasta protein sequences, or Uniprot and
Gene ID, are the input for these tools. Interactions between
metabolites and molecules, small compounds, and enzyme’s
families and charactenzation are the output.

Regulatory elements

The 29 databases (Table 3) allow to visualize modified
nbosomal nucleotides of human and several major model
organisms, present resources to the identification of
transcription factors, functional elements, cis-regulatory
elements, interferon regulated genes, large intergenic non-
coding RNAs (lincRNAs) and miRNA regulatory cascades in
human diseases, Triplex Target DNA Site (TSS) with genomic
regulatory sequences and signals, and RNA binding elements.
The data 1s either from text-mining-assisted workflow,
chromatin immunoprecipitation (ChIP). high-throughput
datasets, Genome-Wide Association Studies (GWAS),
next-generation sequencing techniques and/or predicted by
computational models with annotations obtained by expert
review of the scientific hiterature. Gene names, accession
numbers, Fasta sequences, ligand ID (e.g.. G4L0021), ligand
name (e.g.. TMPyP4), ligand activity or binding properties
(e.g.. Cytotoxicity). author name of ligand related literature,
Ensembl ID List, tissue or cell type are examples of the possible
inputs. Databases for Triplex target DNA sites provide specific
search criteria, such as percent guanine content and pyrimidine
interruption. The result shows a list of genes, tables, venn
diagrams, scatter plot. position weight matrix for a selected
motif, navigation across the motifs, and heatmaps with the
target elements and biosamples.

Other specialized databases

We found 64 databases (Table S9) related to
immunogenetics and antigen tumor receptors, genome-wide
studies, rare discases, cell culture, experimental design,
genetic traits, and human copy number vanations. The

Villalba and Matte

immunogenetic databases focus in cytokine receptors, their
ligands, their involvement in diseases and their use in clinical
treatments, human Major Histocompatibility Complex (MHC)
genes, peptides, predictions, and proteins about human
leukocyte antigen (HLA) I and HLA Il-restricted peptides,
in silico prediction of epitopes, tumor T cell antigens and
literature about immunoproteins. Genome-wide databases
compiled various public resources dealing with summary-
level genome-wide association studies (GWAS) results.
Rare disease databases comprehend specialized databases in
rare diseases. such as the DECHIPER database, LungMap,
and MARRVEL. Cell line databases integrated molecular
authentication and identification tools for human and animal
cell lines available from some of the main European cell
banks, with curated literature. Experimental design databases
contain experimental data and results from studies that have
investigated the interaction of genotype and phenotype in
humans, and CRISPR knockout libraries to target custom
subsets of genes in the human or mouse genome. Genetic traits
databases contain information about the global distribution
of genetic traits. Copy number variations databases provide
curated reference databases and bioinformatics resources
targeting copy number profiling data in human diseases,
especially in cancer. In general, the input 1s the Gene ID,
DNA sequence in a Fasta format, organism, antigen name,
haplotype, disease name, or ontology. For immunogenetic
databases. the output is epitope sequences with scores, a
list of antigens, assays, and receptors with the respective
literature reference. Genome-wide databases present tables
with the GWAS summarization of the study. SNP id, hits,
allelic p-value, genotypic p-value, and Manhattan plot with
the significant SNPs. Experimental design databases contain
lists and tables with information about disease profiles and
conditions with curated literature reviews. Genetic traits
databases provide lists with SNP-trait associations in different
human populations, and functional regions overlapping with
SNPs in high linkage disequilibrium. Also, demographic
information such as Country and Ethnicity is displayed
within other GWAS information according to GWAS catalog
guidelines.

Future and Perspectives

Biological databases are essential to provide information
on normal and disease conditions, to search for information
about DNA sequences, RNA, protein, and all possible data
from different species and animal models. Public user-friendly
web-based databases facilitate data mining and the search for
information applicable to healthcare professionals. Besides,
biological databases are essential to improve biomedical search
sensitivity and efficiency and merge multiple datasets needed
to share data and build global initiatives for the diagnosis,
prognosis, and discovery of new treatments for genetic
diseases. Gathering information about primary and secondary
biological databases in a single review centralizes the search
for recent and easy-to-use bioinformatics tools that can help to
address some of the challenges in (Big) Data-driven research.
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Exemplo do site construido para a apresentagcao do estudo de caso:
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@ kurlsutaru.github.io/fantastic_databases_and_where_to_find_them/

fantastic_databases_and where to find them

Repository of databases for omic data

View on GitHub

Case study: Exploratory ACEZ2 analysis using multi-
omic web tools

Table of contents

* Step 1 Searching basic information on ACE2

Step 2 Genomic and sequence databases

Step 3 Searching of ACE2 Gene expression

Step 4 Searching in Cancer databases

Step 5 Comparative databases

Step 6 Alternative splicing databases

Step 7 Methylation databases

Step 8 Regulatory Databases

Step 9 miRNA, IncRNA and circRNA Databases

Step 10 Metabolic databases
o Step 11 Disease-specific and variant-disease association

* Step 12 Proteome databases

Step 13 Other databases

Complete list of databases

Introduction
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introduction

This website is connected to the article "Fantastic databases and where to find them” (Genetics and
Molecular Biology) and shows how the tools covered in the above mentioned manuscript work, using
ACE2 as a case study. ACEZ, the Angiotensin | Converting Enzyme 2 has been shown to modulate
SARS-Cov2 infection. In this example, we show how to use the top tools provided in our study to
explore ACEZ information. Cite us: https://doi.org/10.1590/1678-4685-gmb-2020-0203

Databases used in this Case Study
Alternative splicing:

o ASPicDB - httpi//srv00.recas.ba.infn.it/ASPicDB/
o TassDB2 - http://tassdb2.leibniz-fli.de/

(Cancer databases:

o (CCLE - https://portals.broadinstitute.orgf/ccle
» TCGA data Portal - https://portal.gdc.cancer.gov/

Comparative databases:

o TISSUES - htips://tissues.jensenlab.org/Search
s ToppCluster - https://toppcluster.cchmc.org/

Disease-specific and variant-disease association:

e MARRVEL - http:/fmarrvel.org/
* Varsome - hups://varsome.com/

Methylation databases:

e BECon - https://redgar598.shinyapps.io/BECon/
¢ DiseaseMeth - http://bio-bigdata.hrbmu.edu.cn/diseasemeth/

Gene expression databases:

* ESCAPE - hupy//www.maayaniab.net/ESCAPE/
o (TEX - https://grexportal.orgfhome/

Genomic and sequence databases

e DisGeNET - https://www.disgenet.org/home/
* Harmonizome - http://amp.pharm.mssm.edu/Harmonizome/

LncRNA and miRNA databases

* exoRBase - hup://www.exoRBase.org
e miRDB - http://mirdb.org/index.html
¢ BONUS: Viral miRNA - htep://alk.ibms.sinica.edu.tw/cgi-bin/miRNA/mMIRNA cgi

Metabolic databases:

o (IDeR - http://mips.helmholtz-muenchen.de/cider/
» Human Metabolome Database - https:/fhmdb.ca/

Proteome and protein-protein interaction databases:

¢ PDID: Protein-Drug Interaction Database - http://biomine.cs.vcu.edu/servers/PDID/index.php
* The Proteome Browser - http://proteomebrowser.org/tpb/home.jspx

Regulatory Databases:
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Capitulo 4

O uso de biologia de sistemas para entender o dano neuroldgico em diferentes tipos

de Mucopolissacaridoses

(Manuscrito submetido para a Neuroscience Informatics)

Neuroscience Informatics

Neuronetworks: analysis of Brain Pathology in Mucopolysaccharidoses - A systems
biology approach
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Neuronetworks: analysis of Brain Pathology in Mucopolysaccharidoses -
A systems biology approach
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Highlights

. Mucopolysaccharidoses (MPS) presents a wide range of deranged
signaling pathways

. Systems biology may help us understand the mechanisms of
neurological impairment in MPS

. Processes related to Calcium signaling, GPCR and immune pathways
are present in all the analyzed datasets

. Due to our results, we hypothesize that the primary accumulation of

GAGs leads to perturbation of several biological processes and pathways, and are
related to the neurological manifestations presents in the MPS disease
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Abstract

Mucopolysaccharidoses (MPS) are rare lysosomal storage diseases
characterized by defects in the activity of lysosomal hydrolases that degrade
glycosaminoglycan, with progressive multisystemic involvement. Neurological
damage is present in several MPS types. The relationship between the accumulation
of glycosaminoglycans and the neurological disorder presented in these diseases
remains unknown. For this purpose, we analyzed distinct types of MPS using publicly
available transcriptomic data with a systems biology approach to search for clues
about the pathophysiological mechanisms involved in the brain pathology of MPS. The
most relevant proteins in the networks and ontology terms related to neurological
damage in MPS were identified and compared among diseases. We performed the
clustering analysis for GSE111906 (MPSI), GSE95224 (MPSIl), GSE23075
(MPSIIIB), GSE15758 (MPSIIIB), and GSE76283 (MPSVII). Regarding biomarker
discovery analysis, the top 10 genes were ranked according to the maximal clique
centrality. Different ontologies were present in the different types of MPS. Ontologies
were also present in all the MPS types, like axon guidance, Calcium signaling, PI3K-
Akt signaling pathway, and Wnt signaling pathway. We hypothesize that these
pathways are deranged because glycosaminoglycans play an essential role in the
extracellular matrix composition, helping to regulate several processes. Systems
biology approaches may help to understand the mechanisms of neuropathology in the
different types of Mucopolysaccharidoses.

Keywords: neurological impairment, gene expression, gene ontology,
mucopolysaccharidoses, network analysis.

1. Mucopolysaccharidoses with Neuronopathic Impairment

Mucopolysaccharidoses (MPS) are lysosomal storage diseases (LSD)
characterized by defects in the activity of glycosaminoglycan degrading enzymes
(Muenzer, 2011). Neurological damage is present in MPS | and |l (severe cases), lll
(all subtypes), and VIl (Viana et al., 2020). In all these MPS, the major brain-
accumulated glycosaminoglycan is heparan sulfate (HS), although MPS |, Il, and VII
also accumulate dermatan sulfate. HS interacts with many molecules is involved with
multiple ligands, receptor interactions and signaling (Dreyfuss et al., 2009;
O'Callaghan et al.,, 2018). For this reason, HS storage elicits a wide range of
pathogenic cascades, leading to disturbances in neurons and glial cells (Morimoto et
al., 2021). Impaired HS degradation induces the neuropathological progression, and
symptoms like optic atrophy, retinopathy, hearing impairment, seizures, cognitive and
behavioral symptoms, neurodevelopmental delays, and sleep disturbances (Sato &
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Okuyama, 2020). HS also interacts with many cytokines, such as FGF, TGF- family,
HGF, VEGF, hedgehog (Hh) and Wnt (Xie & Li, 2019), leading to neuroinflammatory
processes (Killedar et al., 2010; Vitner et al., 2010; Baldo et al., 2015).

Networks facilitate the representation and modeling of biological data
(Gaudelet, & Przulj, 2019). A network view of neurological diseases facilitates
accurate quantitative characterizations and biomarkers discovery of complex nervous
system disorders with graph theory approaches (Medaglia & Bassett, 2017), as they
help identifying genes (nodes) with functional relevance. For LSD, specifically MPS,
this approach is gaining momentum, especially with metabolomic and proteomic
studies (Salazar et al., 2016; Tebani et al., 2019; De Pasquale et al., 2020), as the
mechanisms underlying neurological impairment in MPS are not completely
understood (Kubaski et al., 2020). Here we analyzed different types of MPS using
publicly available transcriptomic data to search for clues about the pathophysiological
mechanisms involved in the brain pathology of MPS, beyond the primary storage. The
selected studies for this work include MPSI Hurler (OMIM#607014); MPS I
(OMIM#309900); MPS 1lIB (OMIM#252920), and MPS VII (OMIM#253220), which
were the ones with available data.

2. Methods
2.1 Download and Analysis of Transcriptome Data

The transcriptome datasets were retrieved from Gene Expression Omnibus
(GEO — Edgar et al.,, 2002; Barrett et al., 2013) with the accession numbers
GSE111906 (MPS type |, human neural iPS), GSE95224 (MPS II, mouse cerebral
cortex and midbrain/diencephalon/hippocampus), GSE23075 (MPS IlIB, human
neural stem cells cultivated in neutrosphere’s), GSE15758 (MPS 11IB, mouse neurons
of medial entorhinal cortex and lateral entorhinal cortex), and GSE76283 (MPS VII,
mouse hippocampus).

We performed gene expression analysis in edgeR v.3.28.1(Robinson et al.,
2010), in the case of RNA-seq datasets. We used limma package v.3.44.3 for the
microarray datasets (Ritchie et al., 2015), with the appropriate functions according to
the GeneChip requirements. More information about the datasets may be found in our
database for differential expressed genes in Mucopolysaccharidoses, MPSBase
<https://lwww.ufrgs.br/mpsbase/>. Transcriptome data was analyzed as differentially
expressed genes (DEG), compared to normal tissue in each dataset, filtered by False
Discovery Rate (FDR) adjust method, as summarized in table 1.

2.2 Network design

Gene network was primarily employed in metasearch engine STRING v.11.0
(Szklarczyk et al., 2019), using up to 2000 differentially expressed genes for each
dataset. This cut-off value was determined as this was the maximum number of DEGs
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for all datasets when using a fold-change of 2 and FDR 0.05. We used confidence
network edges with high confidence scores, aiming to obtain only experimental data.
Text mining interactions were excluded from the analysis. Only the query proteins
were considered, without first and second shell interactors. The analyses were
performed in Cytoscape v.3.8, with curated plugins (Shannon et al., 2003).

2.3 Clustering and Centrality Metrics

For clustering analysis, the Molecular Complex Detection - MCODE v.1.6.1 was
used to determine the densely connected regions in the networks (Bader & Hogue,
2003). The analysis was based on vertex weighting by the local neighborhood density
and outward traversal from a locally dense seed protein to isolate the highly clustered
regions (Bader & Hogue, 2003; Corréa et al., 2009). We chose the following
parameters: node score cutoff = 0.2; fluff = 0.5, and no haircut.

To identify candidate genes for biomarker discovery we used Cytohubba v.0.1
(Chin et al., 2014) with the local based method Maximal Clique Centrality (MCC), when

MCC (v) =3 CeS(v) (|C| - 1)! where S(v) is the collection of maximal cliques that contain

v, and (|C| - 1)! is the product of all positive integers less than |C]|.

To identify the most topologically relevant nodes in the network, we used
Centiscape v.2.2 (Scardoni et al., 2014), and we chose five parameters of centrality:
one for the network - (Diameter) and four for the nodes: Betweenness, Closeness,
Degree, and Stress. The network diameter influences how proteins communicate and
influence the function of each other.

The degree is the simplest topological index, corresponding to the number of
nodes adjacent to a given node, where "adjacent" means directly connected. The
degree allows evaluating the regulatory relevance of the node.

The closeness in a protein-protein interaction network can be interpreted as the
"probability" of a protein to be functionally relevant for many other proteins. A protein
with high closeness, when compared to the average closeness of the network, may
be essential to the regulation of other proteins (Scardoni & Laudanna, 2012).

Stress is calculated by measuring the number of shortest paths passing through
a node. It means the importance of a protein and its capability of holding together
communicating nodes. The higher the value, the relevance of the protein increases in
connecting regulatory pathways (Scardoni & Laudanna, 2012).

The betweenness is like stress but provides a more robust and informative
centrality index. This is crucial to evaluate how it maintains the functionality and
consistency of signaling mechanisms or a given biological function. Also, it may
indicate the relevance of a protein as capable of holding together communicating hubs
with a similar function (Scardoni & Laudanna, 2012; Scardoni et al., 2014). We
combined these parameters to provide biologically meaningful node identification and
functional classification.

2.4 Functional enrichment analysis
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The functional enrichment was quantitatively assessed (p-value) using a
hypergeometric distribution. Multiple test correction was also implemented by applying
the FDR algorithm (Benjamini and Hochberg 1995) at a significance level of p<0.05.
We used the Biological Network Gene Ontology (BiNGO) plugin v.3.0.4 (Maere et al.,
2005) and CluePedia: A ClueGO plugin for pathway insights using integrated
experimental and in silico data v.2.5.7 (Bindea et al., 2009; Bindea et al., 2013), with
the terms or pathways consulted in the database of GO Immune System, KEGG,
Reactome, and Wikipathways (Ashburner et al., 2000; Kanehisa et al., 2002; Kelder
etal., 2012; Jassal et al., 2020). A summary of the methodology is presented in Figure
1.

3. Results
3.1 Clustering analysis and topological findings

We performed the clustering analysis for the five datasets: GSE111906 (MPS
type 1), GSE95224 (MPS Il), GSE23075 (MPS l11IB), GSE15758 (MPS IIIB), and
GSE76283 (MPS VIlI). The number of nodes varied from 2000 (GSE111906) to 1003
nodes (GSE95224). Differences between the number of genes in the input dataset
and in the final output network are explained by the exclusion of nodes with no
interactors. The GSE111906 network shows six clusters; whereas GSE95224 is
divided into seven clusters as well as GSE23075, and GSE15758 and GSE78283 had
five clusters each (Figure 2). We summarize the centiscape topological network
indices and the five datasets' statistical results in Table 1.

According to centiscape centralities, the hub genes were ordered by degree, as
shown in Table 2. Results indicate that the GSE111906 hub genes are markedly
associated with integrin, and signaling pathways like ERK, G-protein coupled receptor
(GPCR), and RET. The top 5 genes ordered by degree for GSE95224 are related to
clathrin-mediated endocytosis, ERK, MAPK, TGF-Beta and signaling by GPCR. For
the GSE23075 the top 5 genes are related to the immune system and MAPK cascade
involved in innate immune response, and signaling pathways like ATM, FGFR, insulin,
and TLR4. The GSE15758 top hub genes were related to rRNA processing in the
nucleus and cytosol, signaling by ERK and the ribosome. The top 5 genes in
GSE76283 are related to ATM pathway, adaptive and innate immune system, antigen
processing and presentation, G-protein mediated regulation, and Calcium pathways.

Regarding the biomarker discovery analysis, the top 10 hub genes were ranked
according to the maximal clique centrality (MCC, Table 3). For the GSE111906 (MPS
), integrin, clathrin-mediated endocytosis, and signaling pathways like ERK, GPCR,
and RET were found. Other pathways are related to the immune system and cell cycle.
The GSE95224 (MPS Il) cytohubba top genes are related to ERK, cell adhesion
molecules, neuropeptide hormone activity (PENK), neuroactive ligand-receptor
interaction, and signaling by GPCR. For GSE23075 (MPS 1lIB), top genes comprises
the ontologies acetylation and gene expression, chromatin regulation, lysosome,
MRNA splicing - major pathway, and immune processes such as activated TLR4
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signaling and innate immune system. For GSE15758 (MPS IIIB), top 10 genes were
related to the activation of the mRNA upon binding the cap-binding complex and elFs,
and subsequent binding to 43S, rRNA processing in the nucleus and cytosol, RNA
binding, and viral mRNA translation. Finally, the GSE76283 (MPS VII) top 10 genes
provided by cytohubba were present in the ontologies cytochrome P450,
glycosaminoglycan degradation, innate immune system, NF-KappaB Pathway,
signaling by GPCR, and transport to the Golgi and subsequent modification. Figure 3
shows the nodes with the best ranks, according to Maximal Clique Centrality and its
first neighbors.

Processes related to Calcium signaling, GPCR and immune pathways are
present in all datasets and were identified by both cytohubba and centiscape.

3.2 Gene-Set Enrichment Results

We identified the over-represented gene ontology (GO) pathways related to the
nervous system and functions that were significantly enriched in the different gene
sets. Figure 4 presents the top 10 enriched GO results, and the number of genes
present in the three GO categories. The analysis reveals that some components, like
Cytoplasm (GO Cellular Component) and Binding (GO Biological Process) appear in
datasets from all MPS types. Others, like Cell (GO Cellular Component) and
Membrane (GO Cellular Component) are absent only in the dataset from MPS I,
whereas Cytoskeleton (GO Cellular Component) and Signaling (GO Molecular
Function) are absent only in both MPS I11IB datasets.

Next, we analyzed the pathways present in Clinvar (only for the human
datasets), GO Immune processes, KEGG, Reactome and Wikipathways. Figures 5
and 6 show the enrichment results for the datasets of neurological transcriptomic
analysis across the different databases. Since most results were redundant, we will
focus the discussion on the KEGG results, which showed the largest number of
pathways. Fourteen KEGG terms (36.84%) were present in all the MPS types, such
as Axon guidance, Calcium signaling pathway, Focal adhesion, FoxO signaling
pathway, Hippo signaling pathway, MAPK signaling pathway, Metabolic pathways,
Neuroactive ligand-receptor interaction, Pathways in cancer, PI3K-Akt signaling
pathway, Proteoglycans in cancer, Rap1 signaling pathway, Ras signaling pathway,
and Wnt signaling pathway. Also, 17 KEGG terms (44.74%) appears in three types of
MPS, such as Apelin signaling pathway, Apoptosis, Autophagy, Breast cancer, CAMP
signaling pathway, Choline metabolism in cancer, Colorectal cancer, ErbB signaling
pathway, Gastric cancer, Hepatocellular carcinoma, Lysosome, Melanogenesis,
mTOR signaling pathway, Oxytocin signaling pathway, Phosphatidylinositol signaling
system, Relaxin signaling pathway, and Th17 cell differentiation. Finally, 7 terms
(18.42%) appear in two types of MPS: AMPK signaling pathway, cGMP-PKG signaling
pathway, Chemokine signaling pathway, Estrogen signaling pathway, Phosphonate
and phosphinate metabolism, Prostate cancer, and Tight junction. We hypothesize
that these pathways are deranged because glycosaminoglycans play an essential role
in the extracellular matrix composition, helping to regulate several processes.
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To find out which genes are shared between the datasets from MPS types, we
combined all the networks and obtained 14 genes shared between three types of MPS
(Table 4). Of these genes, 1 (7.14%) is shared by datasets of MPS I, MPS Il and MPS
VII; 3 (21.43%) by MPS |, MPS Il and MPS 11IB; 3 (21.43%) by MPS II, MPS 1lIB and
MPS VII, and 7 (50%) genes appear in MPS |, MPS |l1B, and MPS VII. We hypothesize
that these genes shared between the different types of MPS may have functional
relevance to the neurological aspects of these diseases.

4. Discussion

The network-based analysis was implemented using public transcriptomic
datasets. To the best of our knowledge this is the first study to carry out such an
analysis of Mucopolysaccharidoses with neurological manifestations using systems
biology approaches. Our networks include human neural IPS cells (MPS 1), mouse
hippocampus (MPS II), mouse neurons (MPS 1lIB, GSE15758), human neural stem
cells in neurospheres (MPS [IIB, GSE23075), and mouse hippocampus tissue (MPS
VII). We opted to use only one tissue type in each dataset for analysis, to improve the
prediction performance, as suggested by Guan et al. (2012).

We constructed various types of networks and topology analysis to identify
critical molecular players and mechanisms involved in pathophysiology of neurological
MPS types. As different diseases, with different datasets from various sources were
analyzed, results will be discussed separately by the type of MPS.

4.1 MPS Type |

In the study of Swaroop and collaborators (2018) the transcriptomic analysis
revealed several deranged pathways in the patient-derived iPS neural stem cells, like
GAG biosynthesis and degradation pathways, lysosomal function pathways, and
autophagy. Golgi transport, endoplasmic reticulum stress, autophagy and vacuolum
organization are also impaired. Those authors suggest investigating the TGFf
signaling pathway. In our analysis, the hub genes also participate in several signaling
pathways related to the lysosome and extracellular matrix.

The TGOLNZ, the top-ranked hub gene, encodes an integral membrane protein
related to the trans-Golgi network, which plays an essential role in vesicle formation
and clathrin-mediated endocytosis. Other LSD also show disturbances in this pathway,
as Pompe disease (Fukuda et al., 2006), Niemann-Pick A, Niemann-Pick C, Fabry,
and Gaucher (Rappaport et al., 2016). The other 10 top genes are related to adaptive
immune system, interleukin-11 signaling pathway, regulation of mitotic cell cycle, RET
signaling, and signaling by GPCR. Castaneda and colleagues (2007) describe several
LSD with early neuroimmune responses. HS accumulation in the brain may disturb

immune regulators, many of which possess HS-binding motifs, as TLR4 and TLR2

(Parker & Bigger, 2019). Another deranged pathway in MPS | is the Oncostatin M
signaling, that acts in neuronal proliferation and viability. This pathway also induces
the mitogen activated protein kinases (MAPK) cascade (Houben et al., 2019). The
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different MAPKSs involved are extracellular signal-regulated kinases 1 and 2 (ERK1/2),
p38 and c-jun N-terminal kinases (JNK). All these signaling pathways are deranged in
the neurological MPS | network.

Regarding the enrichment analysis, several signaling pathways are disturbed.
Some of these are related to proteins which interact with HS, such as RET, PDGF and
integrins, and can contribute to the diversity of clinical symptoms secondary to the
accumulation of GAGs. Perturbations in autophagy, axon guidance, and vesicle
trafficking have been described as leading to neurodegeneration in many MPS types
(Fecarotta et al., 2020). Another impaired pathway is the Relaxin signaling pathway,
that mediates anti-fibrotic, angiogenic, anti-inflammatory, and anti-apoptotic
processes, having organ protective effects across a range of tissues, including the
brain. It promotes the activation of downstream signal transduction pathways, such as
cAMP signaling, GPCR, VEGF, PI3K/Akt, p38 MAPK, and Notch1 (Valkovic et al.,
2018). The Notch1 pathway is related to synaptic plasticity (Ables et al., 2011) and
may be involved in pathological modifications in stroke, Alzheimer's disease and CNS
tumors (Lathia et al., 2008). Finally, neurotrophin signaling is related to hippocampal
plasticity and neurodegeneration (Hennigan et al., 2007). Other functions of
neurotrophins are correlated with survival, proliferation and maturation of affected
neurons in Alzheimer's disease and Parkinson's disease (Sampaio et al., 2017).

4.2 MPS Type Il

In the MPS Il network, the top biological processes are signal transduction,
transport, and synapse transmission, according to the study of Salvalaio et al. (2017).
For cellular components, the ontologies are cell projection, membrane, cytoplasm,
cytoskeleton, dendrite, and neuron projection. In addition, we found two new
ontologies, synaptosome and ion channel complex. For molecular function ontologies,
we found protein binding, voltage ion channel activity, hormone activity, kinase activity,
and receptor binding. GPCR binding was found only in our top 10 ontologies enriched
in the MPS Il network.

The top enriched ontology present in the MPS Il network is the Calcium
signaling pathway, which is also impaired in Niemann-Pick C, Gaucher Type 1, Fabry,
and Mucolipidosis type IV (Feng & Yang, 2016). Also, the FC gamma receptors are
part of the immunoglobulin superfamily that contribute to the immune system
processes. The FcR activation induces the p38 and NF Kappa Beta cascade in
neurons, glial cells, endothelial cells and in infiltrating leukocytes. The endothelial cell
dysfunction leads to the instability of the blood-brain barrier permeability (Okun et al.,
2010).

Regarding the gene hub analysis, the top ranked gene, G Protein Subunit
Gamma 7 plays a role in the regulation of adenylyl cyclase signaling in certain regions
of the brain (Sadana & Dessauer, 2009). The related pathways of this gene are G-
protein complex, and EPO-induced MAPK pathway, inhibiting the mTOR pathway to
induce autophagy and cell death, and also inhibiting cell division by the deregulation
of actin cytoskeleton (Liu et al., 2016). Other top ranked gene, the Proenkephalin
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(PENK), a component of synaptic vesicles, released into the synapse, helps to
modulate the perception of pain, and is involved in brain processes relevant to
hippocampal functions (Cabrera-Reyes et al., 2019). In neurological diseases, the
aberrant expression of PENK is related to dementia in Parkinson disease (Henderson-
Smith et al., 2016), and with cognitive impairments in the murine model of Alzheimer’s
(Meilandt et al., 2008).

In MPS IlI, as in MPS VII, the neurological impairment may be severe, with
rapidly progressing phenotypes or even mild to absent, presenting slowly progressing
phenotypes (Bigger et al., 2018). Alzheimer disease shares several pathways
deranged in MPS Il, like neuroactive ligand receptors interaction pathway, calcium and
insulin signaling. These pathways are molecular biomarkers for the cognitive decline
in the hippocampus of Alzheimer (Gomez-Ravetti et al., 2010). We hypothesize that
in MPS |l these mechanisms also participate in cognitive function and could be
biomarkers of neurological disease in MPS II.

4.3 MPS Type IlIB

Two MPS IlIB datasets (GSE23075 and GSE15758) were included in our
analysis and hence are discussed together. Lemonnier et al. (2011) used patient-
derived iPSC to model neuronal defects in MPS 11IB (GSE15758). The authors showed
perturbations in pathways related to Golgi organization, cell migration, inflammation
and neuritogenesis. In the MPS 1lIB network, we found several processes related to
immune response, such as activated TLR4 signaling, innate immune response, and
complement activation. Several studies have described the role of immune system
processes in the brain pathogenesis of MPS IIIB (DiRosario et al., 2009; Killedar et
al., 2010; Parker & Bigger, 2019; Heon-Roberts et al., 2020).

Regarding the hub genes for the GSE23075 network, the top genes participate
in Acetylation and Gene expression processes, Innate immune system pathways,
Lysosomal pathways, and mRNA splicing — major pathway. GPKOW encodes a
putative RNA-binding protein which interacts directly with protein kinase -A and -X and
is also found associated with the spliceosome. Mutations in this gene cause congenital
microcephaly and growth retardation (Carroll et al., 2017). In the MPS 1lIB network,
this gene is also associated with neuron differentiation, and may serve as a biomarker
for neuron and brain damage. Other hub gene, CTSF, a cysteine lysosomal protease,
was identified with an altered expression in Alzheimer and Parkinson patients and is
supposed to play an important role in the autophagic and endo-lysosomal pathway
and in the ubiquitin-proteasome system in neurodegenerative diseases (Sjodin et al.,
2019).

The most enriched pathways of GSE25075 reveal perturbations in the AKT
signaling pathway, Oxytocin and Ras signaling pathway. The PI3K/AKT/mTOR
signaling pathways are responsible for the regulation of signal transduction, apoptosis
and several cellular processes in neurodegenerative diseases (Xu et al., 2020). In
MPS lll, the accumulated HS in neurons and glial cells leads to neuronal apoptosis
and microglia-mediated phagocytosis caused by oxidative stress and
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neuroinflammation (Baldini et al., 2020). The oxytocin signaling pathway and the
oxytocin receptors (OTR) are GPCR which activate the MAPK/ERK1-2 and Ras
pathways. In the brain, the oxytocin signaling mediates and controls social behaviors
(Busnelli & Chini, 2018). One of the many symptoms of MPS |lI1B patients are impaired
social skills and aggressive behavior, probably associated with speech delay and
hearing loss (Escolar et al., 2020). The perturbation of oxytocin signaling pathway and
downstream pathways may contribute to explain the behavioral aspects of MPS IlIB.

The hub genes of GSE15758 belong to the same protein family, the Ribosomal
Protein S and L, that encodes ribosomal 40S and 60S subunits. Altered ribosomal
proteins lead to defects in ribosome biogenesis, resulting in ribosomal stress, and
activation of the p53 signaling pathway, leading to p53-dependent cell cycle arrest and
apoptosis (Wang et al.,, 2015). Ribosomal Proteins (RPs) play a role in several
biological processes, like regulation of programmed cell death, modulation of DNA
repair, modulation of cell migration, regulation of angiogenesis (Wang et al., 2015;
Zhang et al., 2016). The activation of p53 pathway mediated by RP causes decreased
body size, skeletal anomalies, and central nervous system malformations in the
murine model. Besides, cardiovascular and metabolic diseases are also associated
with perturbations in RPs (Wang et al., 2015).

Indeed, in the original work, MPS |lIB in mice is described as a tauopathy (Ohmi
et al., 2009). Hyperphosphorylated tau was found in neurons of the medial entorhinal
cortex, and in the dentate gyrus. The authors suggest that lysozymes induce the
hyperphosphorylation of tau, but this mechanism is not well understood. In fact, HS
plays an important role in protein aggregation in neurodegenerative diseases, like
Alzheimer's and Parkinson (Maiza et al.,, 2018). Another important relationship is
between the tau and ribosomes. Koren and colleagues propose that tau pathology
impacts translation, thus disturbing synaptic plasticity, cellular metabolism, and
memory formation. These tau-mediated impairments in translation could explain the
role of tau in neurological diseases, including MPS IlIB.

Zhou et al. (2015) described the involvement of ribosomal proteins in various
pathways and phenotypes. They suggest that ribosomal stress provokes accumulation
of ribosome-free ribosomal proteins, which act in ribosome-independent functions like
tumorigenesis, immune signaling, and development. Figure 7 summarizes the
functions and biological pathways of ribosomal proteins in the literature, focusing on
the genes present in all datasets analyzed in our study.

4.4 MPS Type VI

Parente and collaborators (2016) showed that the top differentially expressed
genes participate in apoptosis, immune response, GPCR signaling pathway, and
vesicle mediated transport. We also found these pathways in our analysis of the MPS
VII network. Furthermore, the analysis of hub genes demonstrated Serpin Family A
Member 3, and Lysozyme genes as hub genes of the MPS VII network. Upregulation
of SERPINA3N, member of the serine protease inhibitor class, induces
neuroinflammation and astrocyte activation, and causes hippocampal neuron loss,
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epilepsy-like seizures, and memory deficits in mice (Xi et al., 2019). Lysozymes show

a protective role against amyloid-f in patients with Alzheimer disease (Helmfors et al.,
2015).

GO analysis reveals pathways common to the MPS Il network, like Insulin and
Calcium signaling. These pathways are deranged in Alzheimer and are related with
neurodegeneration (Gomez-Ravetti et al., 2010). The insulin growth factor regulates
cell growth, mitochondrial processes, autophagy, oxidative stress, synaptic plasticity,
and cognitive function (Holscher, 2019). Lysosomes can store Calcium and participate
in the Calcium signaling. Medina et al. (2015) demonstrated that lysosome controls
autophagy via calcineurin-mediated induction of TFEB, a master transcriptional
regulator of lysosomal biogenesis and autophagy.

Vesicle mediated transport in neurons is associated with the SNARE complex,
and plays an important role in synaptic plasticity, in addition to mediating the
exocytosis of neurotransmitter receptors (Verdu et al., 2018). Another pathway related
to the MPS VII network is FC gamma receptor signaling pathway. These receptors act
as a crosslink between the adaptive and innate immune system, generating signals to
the lysosomes and proteasomes to initiate molecule degradation (Molfetta et al.,
2014).

Regarding the GPCR signaling pathway, a ligand of these receptors is apelin,
a neuropeptide responsible for diverse physiological and pathological processes. The
apelin signaling is deranged in the MPS VII network. The Apelin-13 activates the
PI3K/Akt and ERK1/2 signaling pathways to ameliorate brain lesions in mouse (Yang
etal., 2014), and has a neuroprotective effect against apoptosis activating AMP-kinase
pathway in an ischemia animal model (Yang et al., 2016). These pathways are also
deranged in the MPS VIl network and suggest clues about using Apelin to treat the
neurological damage, not only in MPS VII, but in all the MPS with neurological
symptoms.

4. Conclusion

Glycosaminoglycans play an essential role in the extracellular matrix
composition, helping to regulate several processes, and interact with a wide range of
receptors important to cell communication, recognition, and maintenance of cell
integrity. We hypothesize that the primary accumulation of GAGs leads to perturbation
of several biological processes and pathways, as demonstrated in this work.

Network analysis can be useful to discover the impaired pathways underlying
the several processes deranged in the mucopolysaccharidoses. Besides, the
detection of subnetworks in disease conditions can provide valuable insight into
disease etiology or therapeutic responses (Zhang & ltan, 2019). Systems biology
approaches may help us to understand the mechanisms of neuropathology in the
several types of Mucopolysaccharidoses, and to discover novel biomarkers and
treatments for the neurological symptoms of these diseases.
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Figure 3: Analysis of gene hubs with Cytohubba, using the MCC algorithm. A
GSE111906, MPS |; B = GSE95224, MPS II; C = GSE23075, MPS 1lIB, D
GSE15758, MPS 11IB, E = GSE76283, MPS VII.
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Cellular Component; Green = Molecular Function.
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Figure 7: Schematic representation of the localization of ribosomal proteins. On the
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representation of the consequences of ribosomal protein perturbations in cells.
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Capitulo 5

Doencas lisossomais e tumores neurolégicos: O que eles tém em comum?

Manuscrito a ser submetido ao Journal of Neuro-Oncology.
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Lysosomal genes in neurological tumors: What's that got to do with lysosomal storage
diseases?

Gerda Cristal Villalba, Eduardo Chiella, Ursula Matte

Abstract

Introduction: Defects in lysosomal hydrolases activity and transport lead to lysosomal
storage diseases (LSD). The involvement of lysosomes also has been described in
cell proliferation and signaling processes, microbial killing, cytotoxic killing, induction
of angiogenesis, cell adhesion, and metastatic processes. Aims: This work
investigates the differential expression and genetic variants in lysosomal genes and
autophagy-related genes in brain tumors. We also associated gene expression with
the survival status of such patients. Results: In Low-Grade Glioma (LGG) we found 51
variants predicted to be pathogenic by in silico analysis, whereas in Glioblastoma
Multiforme (GBM) 100 variants deemed pathogenic were found. All variants were
present in heterozygosis in tumor tissue. The lysosomal disorders associated with
these variants are Niemann-Pick type C, GM1 Gangliosidosis, Mannosidosis,
Mucolipidosis, Neuronal Ceroid Lipofuscinosis, Pompe, Tay-Sachs, Fabry and
Mucopolysaccharidoses type IlIC, IVA, VI, and VII. Gene expression analysis
discriminated two clusters both in LGG and GBM, but without statistical significance
considering gender or vital status. KEGG pathway analysis showed that the top ten
down-regulated genes in LGG are related to signaling and cellular processes, glycan
biosynthesis and metabolism, and transporter activity. The top ten upregulated genes
in those tumors are related to hexosaminidase and hydrolase activity, lysosome
organization, glycosphingolipid, ceramide, lipopolysaccharide, glycolipid, and
sphingolipid metabolic process. In GBM, in turn, the top ten differentially down-
regulated genes participate in transporter activity, ATPase activity, hydrolase activity,
synaptic vesicle cycle, and phagosome, while, the ten top upregulated genes are
involved in immune processes, carbohydrate derivative catabolic processes,
aminoglycan, and glycosaminoglycan catabolic processes. In LGG, increased survival
was associated with 11 upregulated and 16 downregulated genes. In GBM, the
upregulation of 5 genes and the downregulation of 9 genes were associated with
increased survival. Therefore, studying gene signature and prognosis impact of
lysosomal genes may help understand the mechanisms by which neurological
dysfunction occurs in patients with neurological tumors and with lysosomal storage
diseases.
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Introduction

Gliomas are neuroepithelial tumors originated from glial derived-cells (Zong et al.,
2012). They are classified as pilocytic astrocytoma or gangliogliomas (WHO grade |);
diffuse gliomas, such as astrocytic, oligodendroglial, or mixed oligodendroglial-
astrocytic in grade Il or lower-grade glioma (LGG); anaplastic in WHO grade lll; and
glioblastoma multiforme (GBM), medulloblastoma, or ependymoblastoma in WHO
grade IV. The non-diffuse gliomas are represented by pilocytic astrocytoma and
ependymoma (WHO grade |, Il, Il and IV). In 2016, a new classification was adopted,
taking into account molecular aspects of these tumors, especially IDH1 and IDH2
mutation, that occurs more frequently in astrocytomas, which are also the most
commonly observed gliomas (Perry & Wesseling, 2016; Wesseling & Capper, 2018).

Cancer cells have enlarged lysosomes, as in most lysosomal storage diseases (Boya
et al., 2003). Lysosomes are cellular compartments responsible, among other
functions, for the degradation of macromolecules through hydrolases. Defects in these
enzymes, or in their transport and in proteins that modulate their activity, culminate in
the lysosomal accumulation of macromolecules or intermediate metabolites, known as
lysosomal storage diseases (Parenti et al., 2015). Besides, lysosomes are involved in
the occurrence or modulation of several hallmarks of cancer, including cell proliferation
and signaling processes, angiogenesis induction, and metastatic processes by
affecting the composition of extracellular matrix (ECM) (Pastores & Hughes, 2017).
Several studies show the interplay between lysosomal genes and cancer (figure 1,
supp table 4) (Chi et al.,2010; Sanger et al.,2015). Also, these genes may confer tumor
growth advantage by interfering with signal transduction and growth factor distribution
(Schaaf et al., 2019; Vijayan et al., 2019). In neurological tumors, lysosomal
membrane destabilization leads to vulnerability to glioblastoma invasion (Le Joncour
et al., 2019). Some lysosomal markers, such as CD68, are upregulated in GBM and
IDHwt gliomas (Wang et al., 2018), are correlated with tumor-associated macrophages
(TAMs) (Doan et al., 2017). Other lysosomal enzymes like V-ATPase are related to
the progression of IDHwt lower-grade gliomas and are associated with glioma growth
(Doan et al., 2017). Moreover, the V-ATPase was identified as a novel therapeutic
target for glioblastoma (Halcrow et al., 2019).

Also, altered composition or organization of macromolecules whose turnover involves
lysosomal degradation, such as heparan sulfate proteoglycans (HSPG), are
associated with tumor progression and promote glioblastoma tumor invasion (Xiong
et al.,, 2014; Tran et al., 2017). There are reports of increased tumor risk in some
patients with lysosomal disorders, such as Multiple Myeloma and Gaucher Disease
(Choy & Campbell, 2011; Mistry et al., 2013), and two siblings with Gaucher Disease
who developed glioblastoma (Lyons et al., 1982).

To identify the impact of genes related to lysosomal storage diseases in the survival
of patients with gliomas, we performed gene expression analysis of lysosomal genes,
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Kaplan Meier multivariate curves, and simple nucleotide variation analysis focusing on
LSD related genes in samples from The Cancer Genome Atlas repository.

Methods
Datasets

All data used in this work is available at The Cancer Genome Atlas (TCGA) / GDC
Data Portal (<https://portal.gdc.cancer.gov/>). Data from two cohorts of glioma
patients were used. One cohort consisted of data from 516 patients of Lower Grade
Glioma (LGG), and the other was composed of data from 395 patients with
Glioblastoma Multiforme (GBM). We use gene expression datasets retrieved from
GEO to identify lysosomal storage diseases related to genes responsible for tumor
progression according to the different grades <https://www.ncbi.nlm.nih.gov/geo/>,
accession numbers GSE15824, GSE14880, GSE12992, and GSE16155. All analyses
were performed in R version 3.5.0 (R Core Team, 2017), except if indicated otherwise.

Single Nucleotide Variant Analysis

For Single Nucleotide Variation (SNV) analysis, all mutation annotation format files
(MAF) were downloaded with GDCquery_maf function (Colaprico et al., 2015) in the
TCGADbiolinks (Silva et al., 2016) workflow (v.2.16.3), filtered by curated maf, and
“access = open”, with the already established muse pipeline (Cibulskis et al., 2013;
Mayakonda et al., 2018; Mounir et al., 2019). In further analysis we worked with the
curated maf
(<LGG_FINAL_ANALYSIS.aggregated.capture.tcga.uuid.curated.somatic.maf>) and
(<ucsc.edu_GBM.llluminaGA_DNASeq_automated.Level_2.1.1.0.somatic.maf>), for
LGG and GBM respectively.

For better summarization and plotting of all variants found, we used the maftools
(v.2.4) plotmafSummary and oncoplot (Mayakonda et al., 2018). For the classification
of SNVs into transitions or transversions, we used the titv function. Finally, for variant
annotation, we adopted The Ensembl Variant Effect Predictor (McLaren et al., 2016).
The variant effect was analyzed with SilVA (v1.1.1) for the synonymous (silent)
variants (Buske et al., 2013), DDIG-in (v.1.0) for the frameshift and nonsense variants
(Folkman et al., 2015), and with Human Splice Finder (v.3.1) for the splicing variants
(Desmet et al., 2009). The missense variants were analyzed with SIFT (v.6.2.1)
(Kumar et al., 2009; Sim et al., 2012), Polyphen2 (v.2.1) (Adzhubei et al., 2010),
dbNSFP (v.3.0) (Liu et al., 2016), CADD (v.1.6) (Rentzsch et al., 2018), and Condel
algorithms (v.2.0) (Gonzalez-Pérez & Lopez-Bigas, 2011). The adopted effect was
given by the consensual result for at least three algorithms.

All variants deemed non-pathogenic were excluded from further analysis. To find out
if the variants found are disease-causing of any lysosomal storage disorders, we
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performed a search in the Varsome Clinical platform (Zhang et al., 2020), following the
American College of Medical Genetics recommendations and guidelines (Kalia et al.,
2017). We also examined the population frequency of the variants in a database of
healthy individuals (GnomAD) according to the SNP id number (Landrum et al., 2018;
Karczewski et al., 2019). Analysis of driver genes was performed with the OncoKB
database(Chakravarty et al., 2017).

Gene Expression Analysis

The genes related to LSD were selected based on the official list of lysosomal storage
diseases elaborated by WORLD, a research consortium on lysosomal diseases, which
can be accessed at <https://worldsymposia.org/official-list-of-lysosomal-diseases/>
(supplementary table 2). RSEM / TPM normalization pipeline was used. As this latter
was absent for the LGG cohort, the comparison between tumor grades, Il and Il was
performed. The tumor grading system followed the general recommendations, being
grade Il: Moderately differentiated (intermediate grade); grade llI: Poorly differentiated
(high grade); and grade IV: Undifferentiated (high grade) (Wesseling & Capper, 2018).
For the GBM cohort, gene expression was compared between the tumor and normal
adjacent tissue. The analysis was performed on R2: Genomics analysis and
visualization platform (Jan et al., 2015). We used the k-means clustering with the
centroid value. For the analysis of tumor grade, we used samples of Pilocytic
Astrocytoma (WHO grade |, GSE73066), Diffuse Astrocytoma (WHO grade II,
GSE68848), Anaplastic Ependymoma (WHO grade Ill, GSE16155), and
Medulloblastoma (WHO grade IV, GSE12992). We retrieved the datasets in the GEO
repository (https://www.ncbi.nlm.nih.gov/geo/). As all datasets are derived from the
same experimental platform, no batch effect correction was needed. We performed
gene enrichment analysis with ClusterProfiler v.3.1.8 (Yu et al., 2012).

Survival Curve

Kaplan Meier multivariate survival analysis was performed in OncoLnc with coxph
function from the R survival library (v.3.2), with a p-value cutoff of 0.05 for significance
and adjusted by False Discovery Rate (FDR). For the LGG cohort, data from 510
patients were available, whereas for the GMB cohort data from 152 patients was
available.

Results
Single Nucleotide Variant Analysis
To identify if pathogenic variants were present in any of the 42 lysosomal disease-

related genes were present in glioma patients, mutation annotation files were used to
predict deleterious variants. A summary of the types of mutations found in LGG and
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GBM can be found in figure 2. In LGG we found 51 variants predicted to be pathogenic
by in silico programs, whereas in GBM 100 variants deemed pathogenic were found.
All variants were present in tumor tissue and heterozygosis. Clinvar was used to
retrieve the rs code for reported variants, and we obtained 55 rs IDs in 22 genes: 17
rs IDs were found for LGG and 38 for GBM, all predicted to be damaging or possibly
damaging (Tables 1 and 2). Out of these, there were three variants in LGG and 14 in
GBM that have been previously reported in lysosomal storage disease patients. The
lysosomal disorders associated with these variants are Niemann-Pick type C, GM1
Gangliosidosis, Mannosidosis, Mucolipidosis, Neuronal Ceroid Lipofuscinosis,
Pompe, Tay-Sachs, and Mucopolysaccharidoses type IlIC, IVA, VI, and VII. The low
allele frequency of these variants is compatible with the profile of rare alleles found in
rare diseases, such as lysosomal storage disorders. In both cohorts, no driver genes
were identified in OncoKB. In addition, two missense mutations in the GLA gene were
found, one in an LGG patient (p.Leu19Arg), female, 35 years old, and one in a GBM
patient (p.Asp234Tyr), female, 77 years old. Both mutations were predicted to be
"Deleterious" by SIFT and "Probably Damaging" by PolyPhen and were reported in
patients, and p.Asp234Tyr is a pathogenic variant reported in Varsome and the
literature. In contrast, the other variant has not been reported before. No clinical
information regarding a presumptive diagnostic of Fabry disease was available for
these patients.

Gene Expression Analysis

In the 516 samples of LGG (figure 3), 121 genes were found differentially expressed,
75 downregulated and 46 upregulated in cluster 1 (yellow), and 53 downregulated and
68 upregulated in cluster 2 (purple). Cluster 1 (325 samples) comprised 52.61% of the
barcodes related to grade Il, and 47.09% in grade Il and 0.3% were ND (not
determined). According to the vital status composition of cluster 1, 84.91% barcodes
were alive, 14.79% dead, and 0.3% nd. In cluster 2 (191 samples), 37.17% barcodes
were grade I, 62.3% grade lll, and 0.52% were discrepant (probably the patient has
an Oligoastrocytoma). Regarding the vital status of cluster 2, 76.96 % of barcodes
were alive and 23.04% dead. The gender of cluster 1 was 45.84% females, 53.85%
males, and 0.3% ND, whereas in cluster 2 there were 42.41% females and 57.59%
males. None of these differences was statistically significant. More information about
the clinical data are shown in supplementary table 1.

In GBM samples (figure 4), 115 genes were differentially expressed, 84 downregulated
and 31 upregulated in cluster 1 (yellow) and 29 downregulated and 86 upregulated in
cluster 2 (purple). The gender of cluster 1 was composed of 32.56% females and
67.44% males. The gender of cluster 2 was composed of 38.8% female and 61.19%
male. In cluster 1 36.05% of patients were alive, 62.79% were dead, and 1.16% had
no information about the vital status. The vital status of cluster 2 comprised 31.34 %
of alive patients, 67.16% dead, and 1.5% without information. Again, these differences
were not statistically significant.
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Biological processes that require the lysosome’s functioning and structure involve the
integrative activity of dozens of proteins. In an effort to integrate the expression of
single genes in patterns of expression, we sum the expression levels of all genes for
each individual, generating a global lysosomal gene expression factor (supplementary
table 3). As observed in Figure 5A, 82.9% of patients from cluster 1 showed a global
reduction in lysosome genes, while 92.7% all patients from cluster 2. In the GBM
cohort (Figure 5B), 85.9% of patients from cluster 1 showed a reduction in lysosome
genes, while 98.4% all patients from cluster 2. This integrative, individual analysis
shows that, despite the heterogeneity, clearly there were two profiles of expression
considering lysosomal genes in both LGG and GBM patients.

Then, we analyzed whether the expression levels of the lysosomal genes were
associated with the vital status (i.e. death or alive) in the different clusters. In LGG-
cluster 1, eight lysosomal genes were significantly associated with death, three down-
regulated (GNPTG, IDUA, and LIPA), and five upregulated genes (GLA, GLB1, GNS,
HEXB, NAGA). In LGG-cluster 2 17 genes were significantly associated with the vital
status, three down-regulated (CLN3, GNPTG, PSAP), and 14 upregulated (CTNS,
CTSK, FUCA1, GALNS, GLA, GLB1, GNS, GUSB, HEXB, HGSNAT, MAN2B1,
OCRL, SGSH, SLC38A9). For GBM-, 7 upregulated genes were significantly
associated with death 6 in Cluster 1 (FUCA1, GUSB, HEXA, SGSH, SLC17AS5,
SMPD1) and the SLC38A9 gene in Cluster 2. Important to mention, four genes were
present in both LGG and GBM: FUCA1 in cluster 2 of LGG and cluster 1 of GBM,
GUSB in cluster 2 of LGG and cluster 1 of GBM, SGSH in cluster 2 of LGG and cluster
1 of GBM, and finally, the gene SLC38A9 in the cluster 2 of LGG and cluster 2 of GBM.
These results indicate a potential role of these lysosomal genes in the outcome of
glioma patients.

In the analysis of differential expression considering tumor grades (Figure 6), 44
lysosomal enzymes were enriched in the comparison of tumor grade | vs. I, 25 in
tumor grade Il vs. lll, 41 in tumor grade Il vs. IV, and 28 in tumor grade | vs. IV. Thus,
it is plausible to assume that alterations in the lysosome pathway are involved in the
progression of gliomas.

We summarized the results of gene expression analysis in the KEGG pathway in
Figure 7. The most differentially expressed genes in the lysosome KEGG pathway in
LGG are shown in Figure 7A. The top ten down-regulated genes (Table 3) are related
to signaling and cellular processes, glycan biosynthesis and metabolism, and
transporter activity. The top ten upregulated genes are related to hexosaminidase and
hydrolase  activity, lysosome organization, glycosphingolipid, ceramide,
lipopolysaccharide, glycolipid, and sphingolipid metabolic process. In addition, these
genes also participate in neutrophil and myeloid activation involved in immune
response and leukocyte degranulation.
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In GBM, the top ten differentially down-regulated genes (Figure 7B, Table 4)
participate in transporter activity, ATPase activity, hydrolase activity, synaptic vesicle
cycle, and phagosome. On the other hand, the ten top upregulated genes are involved
in immune processes, carbohydrate derivative catabolic processes, aminoglycan, and
glycosaminoglycan catabolic processes.

The most differentially expressed hydrolases in LGG are proteases, such as
cathepsin; glycosidases, such as glucosaminidase and mannosidase; sulfatase,
represented by arylsulfatase B; ceramidase represented by N-acylsphingosine
amidohydrolase 1, and other lysosomal enzymes, for example, GM2 Ganglioside
Activator. In the GBM, the most differentially expressed hydrolases are members of
proteases, like cathepsin C and S; glycosidases like galactosidase beta, alpha-N-
Acetylgalactosaminidase, glucosaminidase and mannosidase, and sulfatases, like
glucosamine (N-Acetyl)-6-sulfatase and iduronate 2-sulfatase.

The lysosomal genes analyzed in this study also participate in several biological
processes, like glycosaminoglycans degradation, endocytosis, autophagy regulation,
vesicular transport, and Golgi network. These processes emphasize the importance
of the lysosomal genes and their products to cell organization and survival.

Survival Curve

Out of the 123 lysosomal genes, we selected 42 related to lysosomal diseases (30
lysosomal hydrolases) for survival analysis. In LGG, 11 genes were related to
increased survival when upregulated (p<0.05) and 16 when downregulated (p<0.05)
(supplementary table 4). In GBM, 5 up-regulated genes were associated with better
prognosis when upregulated (p<0.05) and 9 when down-regulated (p<0.05)
(supplementary table 4). Figure 8 shows representative Kaplan-Meier curves,
demonstrating the strong impact of GLA, HEXB, FUCA1, and MANBA in glioma
survival.

Discussion

The importance of the lysosomal pathway in cancer development is shown by the
different therapeutic strategies focusing on autophagy, lysosomotropic agents, and
specific lysosomal protease inhibitors (Morell et al., 2016; Dielschneider et al., 2017,
Trejo-Solis et al., 2018; Schaaf et al., 2019). For example, Dielschneider and
colleagues reviewed the use of lysosomotropic agents such as Siramesine,
Desipramine, Nortriptyline, Amlodipine, and Terfenadine in different cancer cell lines
and animal models, including glioblastoma (Dielschneider et al., 2017). Furthermore,
the use of specific lysosomal protease inhibitors, as cathepsins, has also been tested
(Minchenko et al., 2017; Liang et al., 2019). In addition, cancer cells tend to increase
the number and size of lysosomes to cope with the increased demand for recycling
macromolecules and growth factors (Dielschneider et al., 2017). Therefore, alterations
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in the expression of lysosomal-related genes may impact cancer development and
progression (Trejo-Solis et al., 2018).

Our results show extensive tumor heterogeneity in LGG and GBM, but both present a
gene expression signature when considering genes related to lysosomal function as
determined by the KEGG pathway. Interestingly, these signatures are not associated
with survival, gender, or histological type, but they could be related to tumor initiation
and/or progression, as suggested by our results from differential expression along with
tumor progression (Figure 6). The two cohorts shared differentially expressed genes,
such as CD68, DNASE2, and MAN2B1 among the top 10 down-regulated genes, and
AP3B2, ATP6V1H, NAGPA, and SLC17A6 among the top 10 upregulated (figure 7A
and 7B). The CD68 is a transmembrane glycoprotein that is found in human
monocytes and tissue macrophages. It is a member of the lysosomal-associated
membrane glycoprotein (LAMP) family, localized in lysosomes and endosomes
(Chistiakov et al., 2016). The high expression of CD68 is involved in glioma
progression, and this gene serves as a prognostic biomarker (Strojnik et al., 2009;
Mangogna et al., 2019). Wang and colleagues demonstrated that the high expression
of CD68 in tumors was correlated with poor survival in glioma patients, is being a
therapeutic promise for cancer immunotherapy (Wang et al., 2018).
Deoxyribonuclease Il (DNASEZ2) is primarily found in the lysosome, and its function is
related to the degradation of exogenous DNA encountered by phagocytosis (Evans et
al., 2003). The intranuclear delivery of recombinant DNASE2 effectively degrades
genomic DNA in human breast cancer cells and can be applied to other types of cancer
(Malecki et al., 2013). The adaptor protein complex 3 (AP3B2) is a clathrin-associated
complex responsible for cargo transport from tubular endosomes to late endosomes
(Park et al., 2014). It is responsible for the formation of synaptic vesicles and the
transport of lysosomal enzymes to the trans-Golgi network (Blumstein et al., 2001).
The AP3B2 gene is related to neurological diseases, such as early-onset epileptic
encephalopathy (Ville et al., 2016) and autoimmune cerebellar ataxia (Jarius &
Wildemann, 2015). V-ATPases are ATP-dependent proton pumps related to vesicle
trafficking, particularly in lysosomes (Futai et al., 2019). The ATP6V1H expression has
been implicated in carcinogenesis and metastasis in esophageal squamous cell
carcinoma and glioma (Couto-Vieira et al., 2020). Genes of the V-ATPase family have
a specific signature and confer glioma aggressiveness by activating oncogenic
pathways, such as apoptosis resistance and autophagy, and in the signaling pathways
mTOR, Notch, and Wnt (Terrasi et al., 2019). Lysosomal solute carriers (SLCs) are
found across the lysosomal membrane and are involved in the lysosomal transport of
solutes. Many members of this protein family are involved in the mTOR complex and
toll-like receptor (TLR) signaling (Bissa et al., 2016). The SLC17A6 gene, also found
down-regulated in glioma, has been suggested as a biomarker for this type of tumor
(Geng et al., 2018) and a target for anticancer chemotherapy (Al-Abdulla et al., 2019).

In particular, lysosomal hydrolases were differentially expressed in LGG and GBM,
including enzymes involved in glycosaminoglycan and sphingolipid degradation.
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Arylsulfatase A and B are related to progression and invasion in central nervous
system tumors (Kovacs et al., 2019). Acid ceramidase, one of the top 10 upregulated
hydrolases present in LGG, may regulate p53-independent apoptosis in human glioma
cells (Hara et al., 2004), and the inhibition of ASAH1 decreases the cell growth of
glioblastoma (Doan et al., 2017). Levicar and collaborators demonstrated the
overexpression of Cathepsin D in Astrocytoma samples and the downregulation of
Cathepsin B in Glioblastoma and Meningioma (Levicar et al., 2002). Cathepsin A and
K are upregulated in U87 glioma cells and favors cell proliferation of tumor growth
(Minchenko et al., 2017). FUCA1 has a tumor-suppressive function and is regulated
by p53 in the T98G glioblastoma cell line (Ezawa et al., 2016). Moreover, it is known
that inhibition of the Wnt/B-catenin signaling pathway increases the expression of
ASAH1, CTSC, DNASE2, GAA, GBA, GM2A, HEXA, MANBA, NAGLU, and TPP1
(Gao et al., 2017), which may explain our results.

The expression of alpha-glucosidase is related to glioblastoma invasiveness (Anji et
al., 2015). The GALC gene participates in glycosphingolipid metabolism, and different
glycosphingolipids were previously correlated with malignancy grade in gliomas
(Becker et al., 2000). According to Thaker and collaborators, GALNS increased glioma
survival (Thaker et al., 2009), and other studies show the proliferative function of
GALNS in primary and secondary glioblastomas (Tsigelny et al., 2015). GBA
amplification is found in astrocytoma, glioblastoma, and oligoastrocytoma and is
related to the survival of glioma patients (Gargini et al., 2019). GLB1, which encodes
for beta-galactosidase, is upregulated in glioma cells and associated with survival in
glioblastoma patients (Tong et al., 2018). In our survival analysis, the high expression
of these genes were correlated with better survival in LGG and GBM.

In addition, GNS up-regulation is correlated with survival in GBM patients (Tong et al.,
2018), and high expression is unfavorable in glioma (Uhlen et al., 2017). Our analysis,
on the contrary, shows that high expression is a better predictor of survival in LGG and
the lower expression is better for GBM. In glioblastomas, we observed an increased
expression of beta-glucuronidase (GUSB) compared with astrocytomas, as previously
described (Uhlen et al., 2017).

Hexosaminidase subunit alpha and beta also are upregulated in GBM and are
associated with survival (Tong et al., 2018). For HEXA, the low expression is related
to better survival in LGG, and in GBM, the high expression increased the survival. The
HEXB low expression in LGG indicates a better survival, and in GBM, the high
expression is related to better survival. Hyaluronidase (HYAL1) plays an important role
in cancer metastasis (McAtee et al., 2014), especially in gliomas (McAtee et al., 2015).
In LGG and GBM, the lower expression of this gene indicated a better survival.
Iduronate 2-sulfatase (IDS) was found to be down-regulated in GBM (Wade et al.,
2015) and 5 GBM cell lines sensitive to temozolomide (Ujifuku et al., 2010). the
analysis here, in both LGG and GBM the lower expression of IDS was associated with
better survival. IDUA gene expression is upregulated in GBM flanking tumor and
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peritumoral areas in patients with long and short survival (Fazi et al., 2015). In LGG,
its lower expression was associated with better survival. In contrast, in GBM, the
higher expression was correlated with better survival. Lysosomal acid lipase A (LIPA)
is upregulated in two cell lines of GBM (Picco et al., 2014). In both LGG and GBM, our
analysis showed an association of LIPA high expression with better survival. MANBA
is upregulated in glioma cells and associated with survival (Tong et al., 2018), which
was corroborated by our results.

In our work, we identified 17 pathogenic variants in LGG and GBM patients that have
been previously described in patients with 11 different lysosomal storage diseases.
Several studies have shown an increased risk of cancer in various types of LSD
patients. For example, Shin et al. (2019) indicated that patients with Gaucher or Fabry
disease present an increased cancer risk. They reported pathogenic germline variants
enriched in cancer patients, especially in the pancreatic adenocarcinoma cohort (Shin
et al., 2019). Therefore, Bird et al. (2017) demonstrated this increased risk in Fabry
patients compared to the general population. Fabry Disease is caused by mutations
in the GLA gene, which leads to defects in the lysosomal enzyme a-galactosidase A.
Their results suggest that Fabry patients have higher rates of melanoma, urological
malignancies, and meningiomas than the general population (Bird et al., 2017;
Saudubray & Garcia-Cazorla, 2018). We found two missense mutations in the GLA
gene, one in an LGG patient (p.Leu19Arg) and one GBM patient (p.Asp234Tyr). Both
mutations were predicted to be "Deleterious" by SIFT and "Probably Damaging" by
PolyPhen.

In conclusion, here we presented a comprehensive annotation of genomic alterations
status and differential expression of lysosomal related genes in which
wasGlioblastoma Multiforme and Lower-grade glioma. We also shed some light on the
potential roles of lysosome genes in glioma progression, intertumoral heterogeneity,
survival, and prognosis. Differentially expressed genes may serve as prognostic
biomarkers and therapeutic targets for both lysosomal diseases and neurological
tumors.
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Figure 1: Workflow of the analysis, and lysosomal related genes with their respective
roles in the carcinogenic processes. The respective references of the review of
lysosomal-related genes and cancer are shown at supplementary table 5.
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Figure 2: Summary of Maftools variant prioritization. 2A: LGG oncoplot and the number
of transitions and transversions found. 2B: Oncoplot of GBM cohort and the respective
number of transitions and transversions. In the top, the green color corresponds to the
missense variants, the red is the nonsense, and black are multi hit when the same
gene has more than one type of variant found. The bottom of the figure shows the
percentage of transitions and transversions across the samples.
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Figure 3: Heatmap of Lower Grade Glioma dataset. K-means analysis has divided the
barcodes into multi-hit non-determined 2 groups: yellow and purple In total, 516
samples were clustered. Red = upregulated genes. Green = downregulated genes.
The first track represents the tumor grade, the blue represents astrocytoma samples,
green represents oligodendroglioma samples, red represents oligoastrocytoma
samples, and white the non-determined samples.
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Figure 4: Heatmap of Glioblastoma multiforme dataset. K-means analysis has divided
the barcodes into 2 groups: yellow and purple. In total, 153 samples were clustered.
Red = upregulated genes. Green = downregulated genes. The first track represents
the gender composition of clusters, when red squares are female, and green male.
The second track corresponds to the histological type when all the samples are
classified by glioblastoma multiforme. The third track corresponds to the vital status
when red is alive, and the green represents dead patients.
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Figure 5: Integrative lysosomal-related gene expression. We summarize the
expression levels of all lysosomal genes for each patient, generating a global
lysosomal gene expression factor. 5A: LGG patients from cluster 1 and cluster 2. 5B:
GBM patients - cluster 1 and cluster 2. The analysis shows two profiles of expression
considering lysosomal genes in both LGG and GBM patients.
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Figure 7: KEGG pathway lysosome and the top 10 down and up-regulated genes. 7A:
Lower Grade Glioma lysosome pathway. 7B: Glioblastoma multiforme (GBM)
lysosome pathway. Green = down-regulated genes. Red = up-regulated genes.
(Adapted of https://www.genome.jp/kegd/).
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Figure 8: Kaplan-Meier plot of LGG and GBM datasets. 8A: The Galactosidase alpha
gene (GLA) was a top p-value in the LGG cohort. In this case, the high expression of
the gene increases the survival time of patients with Lower-grade glioma. 8B: The
Hexosaminidase Subunit Beta gene (HEXB) was a top p-value in the LGG cohort. In
the y-axis, we observed the percentage of survival and in the x-axis the days before
the death. In this case, the low expression of the gene increases the survival time of
patients with Lower-grade glioma. 8C: The Alpha-L-Fucosidase 1 gene (FUCA1) was
a top p-value in the cohort. In the y-axis, we observed the percentage of survival and
in the x-axis the days before the dead. In this case, the high expression of the gene
increases the survival time of patients with Glioblastoma multiforme. 8D: The
Mannosidase Beta gene (MANBA) was a top p-value in the cohort. In the y-axis, we
observed the percentage of survival and in the x-axis the days before the dead. In this
case, the lower expression of the gene increases the survival time of patients with
Glioblastoma multiforme.
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Vias de sinalizagdo oncogénica em Mucopolissacaridoses
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Abstract. Cancer cells depend on several signaling pathways and organelles, such
as the lysosomes. Defects in the activity of lysosomal hydrolases involved in gly-
cosaminoglycan degradation lead to a group of lysosomal storage diseases called
Mucopolysaccharidoses (MPS). In MPS, secondary cell disturbance affects path-
ways common to cancer. This work aims to identify oncogenic pathways related
to cancer in the different MPS datasets available in public databases and compare
the ontologies across the different types of MPS. For this, we used 12 expres-
sion datasets of 6 types of MPS. Statistical analysis was based on hypergeometric
distribution followed by FDR correction. We found several enriched pathways
across the 12 MPS studies, among being 57.65% were KEGG pathways, 32.5%
of GO Biological Process, 2.5% GO Celular Component, and 7.35% GO Molec-
ular Function. Hippo signaling pathway and MAPK signaling pathway appear
in all datasets. Proteoglycans in cancer, Rapl signaling pathway, and Cytokine-
mediated signaling pathway appears in 11 of 12 datasets. The lysosome partici-
pates in several biological processes, like autophagy, cell adhesion and migration,
and antigen presentation. These processes also may affect in several types of can-
cer and Lysosomal Storage Diseases. Studying the tumor ontology signature in
lysosomal disorders may help understand lysosomal storage diseases and cancer’s
underlying mechanisms. This may help amplify therapeutic approaches for both
types of diseases.

Keywords: Cancer pathways - Gene ontology - Lysosomal storage diseases

1 Introduction

Several metabolic pathways are deranged in cancer cells. The proliferation ability of
tumors depends on a cascade of signaling pathways in several cancer cells’ organelles,
such as the lysosomes [1]. Lysosomes are cellular compartments responsible, among

© Springer Nature Switzerland AG 2020
J. C. Setubal and W. M. Silva (Eds.): BSB 2020, LNBI 12558, pp. 259-264, 2020.
https://doi.org/10.1007/978-3-030-65775-8_24
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other functions, for the degradation of macromolecules through acid hydrolases con-
tained within them. Defects in these enzymes culminate in the lysosomal accumulation
of intermediate metabolites or macromolecules, known as lysosomal storage diseases
[2]. Lysosomal Storage Diseases (LSD) are a group of more than 50 rare metabolic
diseases, among which we can highlight the Mucopolysaccharidoses (MPS). In MPS,
secondary cell disturbance affects pathways common to cancer.

This work aims to identify oncogenic pathways related to cancer in the different
datasets of MPS available in public databases and to compare the ontologies across the
different types of MPS.

2 Methods

Gene expression analysis considered 12 datasets available at GEO (https://www.ncbi.
nlm.nih.gov/geo), from six different MPS types. For RNA-seq data, we used edgeR, and
for microarray data, we used R packages according to the experiment’s platform. Fur-
thermore, the data present in this work are available in the MPSBase (https://www.ufrgs.
br/mpsbase/). Statistical analysis was based on hypergeometric distribution followed by
FDR correction. We perform the enrichment analysis in Cytoscape, with Bingo and
ClueGo plugins. We search the child terms with QuickGo. We selected 12 datasets,
being 2 of MPS I; 1 from MPS II; 1 from MPS IIIA; 3 MPS IIIB; 1 MPS VI; and
4 from MPS VII. These datasets comprise an RNA-seq data of Illumina HiSeq 2500
platform of human iPSC-derived Neuronal Stem Cell (MPS I, GSE111906); Agilent-
021193 Canine (V2) microarray of Ascending Aorta, Descending Aorta and Carotid
Aorta (MPS I, GSE78889); AB SOLiD 3 Plus System (Mus musculus) of Brain sam-
ples (MPS 11, GSE95224); Agilent-028005 SurePrint G3 Mouse GE 8 x 60K Microarray
of Brain and Blood samples (MPS IIIA, GSE97759); Agilent-012694 Whole Mouse
Genome G4122A of Lateral entorhinal cortex and Medial entorhinal cortex (MPS I11B,
GSE15758); Affymetrix Human Exon 1.0 ST Array of iPSC-derived Neuronal Stem
Cell (MPS IIIB, GSE23075); Affymetrix Human Exon 1.0 ST Array of HeLa depleting
NAGLU (MPS IIIB, GSE32154); Affymetrix Mouse Gene 1.0 ST Array of ARSB null
mouse hepatic cells (MPS VI, GSE77689); Illumina Mouse-8 Expression BeadChip of
Descending aorta (MPS VII, GSE30657); Affymetrix Mouse Genome 430A 2.0 Array
of six brain regions (MPS VII, GSE34071); Affymetrix Mouse Exon 1.0 ST Array of
iPS embryo-derived ES cells with controls derived from B6 Blu ES cells and Mouse
embryonic fibroblast (MPS VII, GSE36017); and Affymetrix Mouse Genome 430A 2.0
Array of hippocampus (MPS VII, GSE76283).

3 Results

We found 680 oncogenic enriched ontologies across the 12 MPS studies, among being
392 were KEGG pathways (57.65%), 221 GO Biological Process (32.5%), 17 GO Celu-
lar Component (2.5%), and 50 of GO Molecular Function (7.35%). Hippo signaling
pathway and MAPK signaling pathway appears in all datasets. Proteoglycans in cancer,
Rapl signaling pathway, and Cytokine-mediated signaling pathway appears in 11 of 12
datasets (see Fig. 1).
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Fig. 1. Top Gene ontology of oncogenic terms of MPS. (a) KEGG pathways; (b) GO Biological
Process; (c) Molecular Function; (d) Cellular Component.
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Considering only the MPS types, the ontologies Axon guidance, Focal adhesion,
Hippo signaling pathway, MAPK signaling pathway, Metabolic pathways, Pathways in
cancer, PI3K-Akt signaling pathway, Proteoglycans in cancer, Rap1 signaling pathway,
and Ras signaling pathway are present in all the MPS types found in the GEO. The
following Table 1 gives a summary of the most frequent oncogenic ontologies according
to the MPS type.

Table 1. Prevalent oncogenic enriched pathways of datasets analyzed. In bold, the ontology
appears in all MPS types.

Term 'Ontology ' MPS MPS |MPS  MPS MPS MPS
I II A |IIIB | VI VII

Apelin signaling pathway | KEGG X X X | X
Apoptosis 'KEGG | X | X |x |x |x
Autophagy KEGG X X X X
Axon guidance KEGG X |X X X X X
Calcium signaling pathway KEGG X |X X X X
cAMP signaling pathway ‘ KEGG ' ‘ X X 4 X ‘ X A X
Focal adhesion ' KEGG X TX X » X . X [ X
FoxO signaling pathway KEGG X X X X X
Hepatocellular carcinoma KEGG X X X X
Hippo signaling pathway ‘ KEGG X ‘ X X ' X ‘ X . X
MAPK signaling pathway ’ KEGG X “ X X . X ' X ’ X
Metabolic pathways KEGG X X X X X X
mTOR signaling pathway KEGG X | X X X X
VOxytociﬁrsignalriVng pathway . KEGG X “VX X . X - X |
Pathways in cancer 'KEGG | X \ X X |x [x [x
PI3K-AKt signaling pathway 'KEGG |X |X |Xx |X |x |x
Proteoglycans in cancer KEGG X |x X |x X X
Rapl signaling pathway KEGG |X |x [x [x [x [x
Ras signaling pathway ‘ KEGG X | X X ‘ X ' X | X
Wnht signaling pathway ' KEGG X | X X ' X . X | X
Chemokine-mediated signaling pathway ‘ GO_BP X » X ' X . X 4 X
Cytokine-mediated signaling pathway | GO_BP | X X |x |x |x
EGFR signaling pathway 'GoBP |X |x |x |x | |x
Slit-Robo signaling complex ‘ GO_CC | X X A X A X
p53 binding 'GO_MF | X |x |x |x
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The dataset with the most enriched pathways is GSE32154 (MPS 11IB, Homo sapi-
ens) with 90 ontologies (see Fig. 2). The dataset with the most enriched KEGG terms is
GSE30657 (MPS VII, Mus musculus) with 60 KEGG terms. The GSE32154 (MPS 1IIB,
Homo sapiens) have the most GO Biological Process enriched terms, with 45 terms.
For GO Cellular Component, the dataset with more enriched terms in this category
is GSE32154 (MPS 1IIB, Homo sapiens) with 5 terms. Lastly, in the GO Molecular
Function, the GSE32154 is the dataset with more enriched terms (10 terms found).
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Fig. 2. Number of enriched cancer ontologies across the MPS datasets.

4 Discussion

Oncogenic activation can lead to the destabilization of lysosomal membranes and an
increase of lysosomal hydrolases into the cytosol, where they can contribute to the
demise of the cancer cell [3].

Axon guidance and Wnt signaling pathway are related to the neurological impairment
found in several MPS types [4]. Alterations in autophagy are frequently found in MPS
patients with neurodegenerative symptoms [4]. In cancer, autophagy are related to cancer
initiation, proliferation, and survival [5].

The ontologies Cell cycle, Hippo, Notch, PI-3-Kinase/Akt, RAS, TGFp signaling,
P53 and B-catenin/WNT signaling pathway are considered canonical oncogenic path-
ways. Unfortunately, 89% of tumors found in the TCGA consortium had at least one
driver alteration in these pathways, and 57% percent of the tumors had at least one alter-
ation potentially targetable by currently available treatments [6]. We hypothesize that
these signaling pathways are altered because glycosaminoglycans play an essential role
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in the composition of the extracellular matrix [7], helping to regulate processes such
as metabolic signaling, apoptosis, cell migration, adhesion, and antigen presentation, in
both cancer and MPS.

5 Concluding Remarks

The available public data is essential for amplified the multi-omic knowledge of complex
and rare diseases. Bioinformatic approaches, such as gene enrichment analysis, may
help us understand the complexity of processes deranged in several diseases. Studying
the tumor ontology signature in lysosomal disorders may help understand lysosomal
storage diseases and cancer’s underlying mechanisms. This may help amplify therapeutic
approaches for both types of diseases.
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Capitulo 7

DISCUSSAO

Com o advento do projeto de sequenciamento do genoma humano, muitas
esperangas e expectativas surgiram com relagao ao tratamento e a cura de doengas
humanas. As tecnologias de sequenciamento massivo paralelo deram oportunidade
ao surgimento de novas ferramentas de diagnostico, o que vem sendo implementado
cada vez mais no cotidiano da pratica da genética clinica. Com isso, a existéncia de
milhares de tipos de arquivos e dados novos, o que chamamos de big data, surge
como uma oportunidade para explorar e elaborar novas hipéteses de estudo (Gémez-
Vela et al., 2020).

Os estudos computacionais podem apresentar diversas vantagens e
desvantagens na sua relagdo com os estudos em bancada, com modelos animais,
linhagens celulares, ou outros. Otimiza-se o tempo de obteng¢ao de dados e os custos
da pesquisa. Ao se tratar de doencgas raras, que muitas vezes nao possuem cura ou
tratamento ainda bem estabelecido, a utilizagdo de estudos computacionais, como o
reposicionamento de farmacos, ou o uso de biologia de sistemas podem fornecer
opgdes de terapias promissoras (Roesler et al., 2021).

Estudos envolvendo técnicas de sequenciamento de nova geragao estdo cada
vez mais inseridos na pratica clinica. O sequenciamento de exomas pode ser utilizado
para fornecer um diagnostico mais assertivo de doengas que ainda n&o foram
diagnosticadas (Turro et al., 2020), diminuindo cada vez mais a odisseia que 0s
pacientes percorrem até saber seu real diagnéstico (Posey, 2019). Para aumentar a
sensibilidade e especificidade de diagndstico, técnicas de RNA-seq podem ser
utilizadas de forma integrada com o sequenciamento de exomas e genomas, de modo
a melhorar a interpretacdo de variantes intronicas e exbnicas, como vemos em
diversos estudos (Lee et al., 2020).

Ainda tratando-se do uso de transcriptomas, muitas vezes tais técnicas sao

mais indicadas para identificar alguns fenotipos, devido a possibilidade de se
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conhecer e identificar os mecanismos bioldgicos por tras das doengas, o que nao
pode ser visto com sequenciamento de DNA (Kousi, 2021). Exemplos de aplicagé&o
envolvem o estudo de splicing aberrante que pode ser tecido-especifico, expressao
diferencial de genes em tecidos derivados de doengas em comparagao com perfis de
controles ou individuos saudaveis, e casos de expressao alelo-especifica ou
expressdo monoalélica especifica, como no caso da Sindrome de Prader-Willi (Curry
et al., 2021). Apesar do fato de que as analises transcriptdmicas representam uma
“selfie” da biologia celular naquele contexto, essa técnica oferece uma vis&o ortogonal
de como as informagdes contidas nas variantes do DNA se traduzem no contexto
biolégico e nas vias biolégicas da doenca (Murdock et al., 2021).

A disponibilidade de informagdes e ferramentas pode ter um grande impacto
positivo, reduzindo o numero de falhas no desenvolvimento ou na aplicagdo de novos
medicamentos ou terapias (Zloh & Kirton, 2018). Possiveis efeitos adversos podem
ser minimizados através da analise dos alvos moleculares (Zloh & Kirton, 2018). No
entanto, a disponibilidade desses recursos ndao garante por si s6 o sucesso do
resultado da técnica ou algoritmo utilizado, pois muitas vezes nem sempre o resultado
proveniente das analises in silico gera a resposta esperada nos modelos animais ou
nas linhagens celulares testadas, apesar da utilizagdo de métodos estatisticos e
computacionais extremamente robustos (Camastra et al., 2015).

No que se refere ao tamanho amostral e no numero de dados disponiveis
publicamente de doencgas raras, como no caso desta tese, dados de transcriptomas
de MPS, a pouca quantidade de estudos encontrados para realizar as analises
computacionais também pode ser um problema ao se treinar um modelo, ou ao
realizar analises de redes. A falta desses datasets pode ser explicada por se tratar de
doencas raras, nas quais o numero de estudos e o tamanho amostral de cada um
deles é reduzido, dificultando a disponibilidade de dados para as analises 6micas que
utilizamos nos pipelines de bioinformatica (Schlieben et al., 2021).

Um outro ponto que pode influenciar na falta de dados multi-6micos € a baixa
expectativa de vida pacientes com doengas genéticas, que pode ser de 5 a 10 anos
para um ter¢co de todos os pacientes com doencgas raras (Kerr et al., 2020). Essa
questado enfatiza a importancia do diagnostico precoce e da implementagdo de
pipelines de analises Omicas. Tais necessidades podem ser supridas com o
desenvolvimento de pipelines de bioinformatica padronizados, para garantir

resultados robustos e precisos de biomarcadores (Masica & Karchin, 2016), bem
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como a necessidade de se estabelecer consércios para colaboragao internacional, o
que pode aumentar o numero de pacientes dos estudos, e 0 poder da pesquisa
envolvendo doengas raras (Bienstock, 2019).

Estratégias como data mining (mineragédo de texto) podem ser efetivas para
correlacionar achados da literatura com dados experimentais, como observado no
trabalho de Ehrhart e colaboradores (2021). Desse modo, organizar as informagdes
bioldgicas por meio de banco de dados, como abordado anteriormente na introducéo
desta tese, torna-se essencial para incentivar praticas de ciéncia aberta e
reprodutibilidade.

Um bom exemplo de integracdo de dados em doencgas raras € o GARD (The
Genetic and Rare Diseases Information Center). Zhu e colaboradores (2020)

utilizaram os dados do GARD para construir, através de grafos de meta-ontologias,

uma ferramenta para integrar dados do FDA, OMIM, Orphanet, HPO, Mondo, e outras

bases de busca de informagdes. Essa ferramenta esta vinculada ao Github, o que a
torna acessivel e reprodutivel, de modo que qualquer usuario pode ter contato com
os codigos utilizados para construir a ferramenta, e com isso pode implementar boas
praticas de programagao.

Reprodutibilidade e ciéncia aberta no campo da bioinformatica € um ponto
essencial a ser discutido, pois dentro da area nao existe um consenso sobre
padronizagdes e guidelines de qualidade. Em pesquisas envolvendo animais,

podemos citar iniciativas como o Arrive e Arrive2, na metanalise e revisido sistematica,

o PRISMA, para estudos randomizados, o CONSORT, mas para bioinformatica e
biologia computacional ndo existe um protocolo centralizado para guiar as analises.
A Plos Computacional Biology possui uma colegdo de artigos chamada 10
regras simples, e nela existem bons exemplos a serem utilizados, tais como:
e 10 regras simples para tirar vantagem de ferramentas como Git e
Github;

e 10 regras simples para realizar acessorias e auxilios de qualidade em

bioinformatica;

e 10 regras simples para aplicar ciéncia aberta;

e 10 regras simples para escrever e compartilhar cédigos no Jupyter

notebooks;

e 10 regras simples para armazenar dados em repositorios digitais;
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e 10 regras simples para ter experimentos com proveniéncia;

e 10 regras simples para conduzir experimentos em biologia

computacional;

e 10 regras simples para utilizar big data de forma responsavel;

e 10 regras simples para conduzir analises estatisticas;

e 10 regras simples para biodlogos aprenderem a programar.

Atualmente, para reproduzir uma analise de bioinformatica, os dados brutos e
a lista de ferramentas utilizadas (com a versao dos pacotes descritos) pode ndo ser
suficiente para garantir a reprodutibilidade dos resultados obtidos (Kulkarni et al.,
2018). Nem sempre os pesquisadores descrevem com qualidade e rigor as
ferramentas que usaram, qual a versao e fungdes utilizadas em suas analises. Wilson
et al. (2014) descreve em seu trabalho de revisdo boas praticas para conduzir
pesquisas envolvendo computacdo de forma eficiente, o qual os autores relatam
como sendo essencial para a pratica de resolugdo de problemas e execucido de
projetos.

Tendo em vista todos os fatores supracitados, boas praticas de
reprodutibilidade e ciéncia aberta tornam a bioinformatica e a biologia computacional
ferramentas valiosas para a aplicagdo em ciéncias biolégicas e biomédicas. O grande
volume de dados disponivel pode representar uma boa chance para resolver
problemas encontrados em doencas raras, facilitando a pratica clinica, e trazendo
boas expectativas para os pacientes. No entanto, os achados obtidos através de
analises in silico precisam ser comprovados através de pesquisas experimentais, mas
contribuem para um melhor direcionamento de esforgos, demonstrando a

complementariedade de ambas as abordagens.
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Capitulo 8

CONCLUSOES

Capitulo 3 - Bancos de dados biologicos
Fazer um levantamento dos bancos de dados biolégicos existentes,
classificando-os de acordo com diferentes subareas da bioinformatica;

Através da busca nos sites do Omictools e bio.tools, conseguimos encontrar
646 ferramentas e bancos de dados on line, classificados em 13 areas.

Elaborar uma lista de ferramentas para que pessoas sem muito conhecimento
de linguagem de programagdo sejam capazes de conduzir pesquisas em
bioinformatica

Elaboramos o site com os bancos que estavam online, ou que fazem
manutengao periodica dos seus servidores.

Criar um estudo de caso para ilustrar a usabilidade dos bancos listados

Desenvolvemos um estudo de caso utilizando o gene da ACEZ2 como exemplo,
escolhemos dois bancos de dados em cada categoria. Salientamos que nao fizemos
ranqueamento dos bancos, a escolha foi subjetiva e levou em consideragcdo a
usabilidade das ferramentas.

Capitulo 4 - Neuronetworks — biologia de sistemas e dano neurologico em MPS

Identificar possiveis genes e vias que sejam bons biomarcadores de dano
neurolégico nas diferentes MPS que possuem dados de transcriptomas
disponiveis publicamente

Utilizando analises de centralidade, conseguimos identificar os genes /ITGB1,
PTK2, FN1, EGFR, e PXN para a rede de MPS | (GSE11906). Para a rede de MPS I
(GSE95224), os genes GNG7, AVP, AGT, CCL2 e MCHR1. Para a rede de MPS |l1B
(GSE15758), genes que codificam proteinas ribossomais, tais como RPS15A, RLP7,
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RPS11, RPL2, RPS9. Finalmente, para MPS VIl (GSE76283), os genes CDCZ20,
CDK1, LYZ1, SERPINA3N e GNBS5 foram identificados como centrais nas redes de
interacao.

Com relagao as vias enriquecidas nesses datasets, os processos bioldgicos
comum entre os diferentes tipos de MPS foram vias relacionadas a apoptose,
direcionamento axonal, sinalizagdo de Calcio, PI3K-Akt, WNT e vias do sistema
imune. Acreditamos que essas vias sado promissoras como biomarcadores de dano
neurologico nas MPS. Além disso, salientamos que estudos experimentais, como em
modelos animais ou linhagens celulares sdo necessarios para validar tais achados.

Capitulo 5 - Doengas lisossomais e tumores neurologicos
Investigar a expressao genica de enzimas lisossomais em gliomas

Para os gliomas de baixo grau, os genes diferencialmente expressos (top
diferencialmente expressas no tumor quando comparados ao tecido normal) foram
proteases como CTSO, glicosidases como NAGLU e MANZ2B1, sulfatases como
ARSB, nucleases como DNASE2, a ceramidase ASAH1, as enzimas GM2A e a
proteina de membrana CLN3 como super expressas. Lipases do tipo LYPLA3, a
proteina de membrana LAMP, NRAMP, ABCA e ABCB9 foram identificadas como
hipoexpressas nesses tumores.

Para glioma de alto grau, como glioblastoma multiforme, os genes
diferencialmente expressos foram as proteases CTSC e CTSS, as glicosidases GLB1,
NAGA, NAGLU, MAN2B1, a sulfatases GNS, nuclease DNASE2, e as proteinas

lisossomais LAMP4 e NPC2 como super expressas. Os genes e proteinas
identificados como hipo expressas nesse tumor foram TPPP, IDS, NRAMP e ABCAZ2.

De modo geral, para gliomas de baixo grau foram identificados 1126 genes
diferencialmente expressos, e para glioblastoma multiforme, 2280. Destes, 846 genes
foram comuns para ambos os tipos tumorais.

Identificar variantes patogénicas em genes lisossémicos

Para gliomas de baixo grau, identificamos 51 variantes patogénicas em genes
lisossbmicos, destas 17 possuem cédigo do dbSNP, e 3 foram encontradas na
literatura como associadas a alguma doenga lisossomal.

Para glioblastoma multiforme, identificamos 100 variantes patogénicas, sendo
elas 38 descritas com codigo do dbSNP, e 14 relacionadas a doengas lisossémicas.

Avaliar o impacto da expressao dessas enzimas na sobrevida dos pacientes

As curvas de sobrevida dos gliomas de baixo grau tiveram significancia
estatistica em 16 genes lisossGmicos, relacionados a bom progndstico quando a
expressdo desses genes era baixa, e 11 foram bons progndsticos quando a
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expressdo dos genes lisossomais era alta. Para os glioblastomas, 8 genes foram
identificados como bom prognostico tendo a expresséo baixa, e 6 quando a expresséo
era alta. Para genes prognoésticos de expressao baixa, identificamos 3 genes em
comum nos dois tumores, e para a expressao alta, apenas 1 gene em comum.
Tambem conseguimos construir assinaturas de expressdo desses genes
lisossbmicos, e criamos um score de expressio, correlacionando-o com o status de
vida dos pacientes e a progressao dos tumores.

Capitulo 6 - Vias de sinalizagdo oncogénica em Mucopolissacaridoses

Identificar vias biolégicas de sinalizagcdo de cdncer presentes nas diferentes
MPS

Através das analises de enriquecimento ontoldgico, foram identificadas 25 vias
de sinalizagdo oncogénica nos dados de transcriptomas de MPSI, MPSII, MPSIIIA,
MPSIIIB, MPS VI e MPSVII. Destas, 11 vias foram encontradas em comum em todos
os tipos de MPS analisados no estudo.
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