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Resumo

A análise de variantes representa um processo crítico no diagnóstico molecular e

os programas in silico são especialmente usados   quando nenhuma informação de

literatura está disponível. Diferentes programas avaliam os possíveis efeitos

gerados pela mutação, considerando critérios como conservação de aminoácidos

e nucleotídeos, local e importância estrutural da alteração e fatores bioquímicos.

Entretanto, esses critérios recebem pesos diferentes em cada programa e isso

pode impactar diferentes grupos de proteínas de forma desigual. Portanto, saber

qual programa é melhor para um gene específico representa uma maneira de

aumentar a confiança na avaliação dos preditores. Porém, a obtenção desta

informação implica em extensa revisão da literatura para avaliação dos

programas. O processamento de linguagem natural, uma técnica de mineração de

texto, pode ser empregado como forma de automatizar a busca na literatura de

informações sobre as variantes e assim poder comparar os preditores com uma

base maior de informações. Portanto, o objetivo deste trabalho é desenvolver uma

ferramenta para comparar preditores in silico de acordo com o tipo de proteína.

Uma revisão dos preditores mais e menos citados na literatura questiona os

critérios de escolha das ferramentas para avaliar variantes missense e discorre

sobre as características dos principais preditores. Para estabelecer o workflow

para a ferramenta proposta e obter dados de validação, foi realizada a

comparação de 34 ferramentas in silico utilizando dados curados manualmente

para o gene IDUA. O desempenho dos preditores foi avaliado em dois grupos de

variantes, um criado a partir de critérios mais rigorosos (108 variantes) e o outro a

partir de critérios menos rigorosos (160 variantes). Os mesmos três preditores

(BayesDel, PONP2 e ClinPred) apresentaram melhores desempenhos nos dois

grupos e foram usados para avaliar 462 variantes de significado incerto.

Finalmente, o pipeline de análise utilizado nesta comparação está sendo

integrado com um algoritmo de mineração de texto, ainda em desenvolvimento,

que realiza a extração automatizada das variantes relatadas na literatura com a

sua interpretação clínica. Espera-se que a automatização de todo o processo

possa ser usada para a escolha dos melhores preditores para cada situação

específica.
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Abstract

Variant analysis represents a critical process in molecular diagnosis and in silico

programs are traditionally used when no literature information is available.

Different programs evaluate the possible effects generated by the variant,

considering criteria such as conservation of amino acids and nucleotides, location

and structural importance of the alteration, and biochemical factors. However,

these criteria are given different weights in each program and this can have an

uneven impact on different groups of proteins. Therefore, knowing which program

is best for a specific gene is a way to increase confidence in predictor evaluation.

However, obtaining this information implies an extensive literature review to

evaluate the programs. Natural language processing, a text mining technique, can

be used as a way to automate the literature search for information about variants

and thus allow the comparison of predictors with a larger informational base.

Therefore, the aim of this work is to develop a tool to compare in silico predictors

according to the protein type. A review of predictors’ most and least cited in the

literature question the criteria for choosing tools to assess missense variants and

discuss the characteristics of the main predictors. To establish the workflow and

obtain validation data for the proposed tool, 34 programs were compared in silico

using manually cured data for the IDUA gene. The predictors' performance was

evaluated in two groups of variants, one created stricter criteria (108 variants) and

the other less stringent criteria (160 variants). The same three predictors

(BayesDel, PONP2, and ClinPred) had the best performance in both groups and

were used to evaluate 462 variants of uncertain significance. Finally, the analysis

pipeline used in this comparison is being integrated with a text mining algorithm,

still under development, which performs the automated extraction of the variants

reported in the literature with its clinical interpretation. It is expected that the

automation of the entire process can be used to choose the best predictors for

each specific situation.
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Introdução

O diagnóstico molecular é um conjunto de técnicas amplamente aplicadas,

poderosas e sensíveis usadas para identificar marcadores biológicos em um

genoma e proteoma (Choe et al. 2015). A análise de variantes, uma importante

etapa do processo de diagnóstico molecular, apresenta crescente complexidade

devido o avanço das técnicas moleculares como whole-exome sequencing (WES)

e whole-genome sequencing (WGS) que geram um elevado número de dados

para serem analisados, comparados e principalmente, interpretados.

As diretrizes e padrões para interpretação de variantes foram publicadas

em 2015 quando o Colégio Americano de Genética Médica (ACMG) e a

Associação de Patologia Molecular (AMP) se reuniram para compilar 28 regras

baseadas nas experiências de cada laboratório (Richards et al. 2015). Em 2017,

um grupo de pesquisadores insatisfeitos com aspectos das normas da

ACMG-AMP, principalmente no que diz respeito à subjetividade da interpretação,

revisou essas normas e apresentou mudanças na estrutura de avaliação,

desenvolvendo o Sherloc (Nykamp et al. 2017). Apesar de apresentarem

divergências, ambos os protocolos concordam que as evidências relatadas na

literatura, embora necessitem ser tratadas com atenção, são indícios muito

importantes na avaliação de uma variante.

Idealmente, o impacto funcional das variantes deveria ser determinado a

partir de estudos experimentais, por exemplo, usando a mutagênese sítio dirigida.

Além disso, estudos observacionais de análise de segregação em um número

significativo de indivíduos também pode contribuir para essa avaliação. Mas

considerando que as informações de um único genoma podem chegar a 200 GB e

gerar um Variant Call Format (VCF) de 125 MB, com 3 milhões de variantes cada,

é compreensível que a análise experimental não consiga acompanhar a

descoberta e a anotação de novas variantes (Wong et al., 2019). Assim, é comum

que não sejam encontrados relatos na literatura sobre variantes ou mesmo que

exista divergência entre as interpretações. Nesses casos, avaliações in silico,

apesar de não validadas clinicamente, são uma importante ferramenta para

formar um nível de evidência (Richards et al. 2015; Nykamp et al. 2017). Inclusive,
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a análise in silico é empregada muitas vezes como a única ferramenta de

avaliação de impacto das variantes.

A análise in silico é menos utilizada para variantes do tipo nonsense, para

as quais existe certo consenso sobre a patogenicidade. Neste sentido é

importante ressaltar que tal concepção pode estar incorreta, dependendo da

localização da alteração. A existência de um códon de parada prematuro

geralmente resulta em proteínas truncadas e rapidamente degradadas (Castiglia

and Zambruno, 2010). Quando isso ocorre a montante do último éxon, é iniciado

um conservado processo de vigilância celular que reconhece complexos de

junção de exon ou protetores de ligação de RNA a jusante do ribossomo,

chamado de processo de nonsense mediated mRNA decay (NMD), que degrada o

mRNA. Apesar de conservada, existem mecanismos de escape da via, como

variantes muito próximas ao códon de iniciação, que podem ter a tradução

iniciada à jusante do códon de parada prematuro, ou a “regra dos 50-55

nucleotídeos” que diz que apenas variantes nonsense dentro dessa faixa na

junção exon-exon são reconhecidas (Dyle et al, 2019; Lindeboom et al, 2016).

Assim, nem todas as variantes nonsense podem ser tratadas como perda de

função, pois além desses mecanismos, uma alteração no último exon pode não

apresentar uma perda significativa para a funcionalidade da proteína.

Variantes de splice, sinônimas, frameshift e in-frame apresentam um

crescimento no número de ferramentas de análise. Os preditores de splice

costumam se basear no cálculo de entropia (Jian, 2013), dados de expressão e

RNA-seq (Jaganathan et al., 2019). Deste grupo, tem o maior número de

ferramentas específicas para avaliação. Existem poucos preditores específicos

para as variantes sinônimas, frameshift e in-frame. A principal limitação das

variantes sinônimas é a falta de dados experimentais de validação (Zeng and

Bromberg, 2019). Já as variantes in-frame costumam ser avaliadas por programas

que também avaliam variantes missense. Assim como as variantes nonsense, as

de frameshift são pouco avaliadas e geralmente consideradas patogênicas pelo

impacto causado na funcionalidade da proteína. Entretanto, também não são

tratadas como perda de função quando presentes último exon (Lindeboom et al,

2016).
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Já as variantes missense representam um desafio para a análise e não

podem ser consideradas diretamente patogênicas (Nykamp et al. 2017). Para

essas variantes é necessária uma avaliação por preditores computacionais,

construídos e baseados nos possíveis efeitos gerados por cada mutação,

considerando fatores como conservação de aminoácidos e nucleotídeos, local e

importância estrutural da alteração e fatores bioquímicos (Tang and Thomas,

2016). Estratégias para avaliação da patogenicidade de variantes missense

existem desde a década de 1970 e são o foco do presente trabalho.

Devido ao grande número de ferramentas disponíveis, o primeiro capítulo

desta dissertação apresenta uma revisão de 34 preditores encontrados na

literatura, comparando os mais e os menos utilizados, com base no número de

citações. O capítulo estabelece um paralelo entre os dois grupos e avalia as

estratégias utilizadas por cada preditor.

Neste contexto de ampla oferta de possibilidades, a escolha do preditor

nem sempre segue parâmetros objetivos. No entanto, sabe-se que as

performances dos preditores variam amplamente de acordo com a sequência

proteica avaliada (Richards et al. 2015), tanto pelas estratégias utilizadas para

comparação, quanto pelos grupos de treinamento dos algoritmos. Métodos

diferentes geram resultados diferentes e existem diversas estratégias de

aprendizado de máquina (machine learning-ML) disponíveis. A escolha do método

utilizado deve variar de acordo com o problema analisado (Uçar et al, 2019).

Outra importante etapa na elaboração de uma avaliação com ML é o conjunto de

treinamento. Os dados presentes nesse conjunto devem ser independentes dos

dados de validação para não gerar sobreajuste e influenciam diretamente no

desempenho dos programas. Outro possível viés é a utilização de dados não

balanceados. Uma boa representação dos dados permite que os algoritmos sejam

treinados igualmente para checar todos os possíveis cenários, enquanto dados

desbalanceados podem tendenciar a predição de um cenário sobre outro. Por

exemplo, o maior número de variantes patogênicas no grupo de treinamento pode

levar os preditores a classificar variantes benignas como patogênicas. Quanto

melhor a representação dos dados, melhor o resultado final e, em casos de
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disparidade, deve-se utilizar alguma das estratégias disponíveis para ajustar os

dados não balanceados (Uçar et al., 2019).

Uma estratégia para fazer uma escolha mais objetiva e aumentar a

confiabilidade da análise in silico é avaliar o desempenho de cada preditor para

cada gene individualmente. Assim, saberíamos se os critérios empregados na

construção dos preditores são igualmente relevantes para todos os genes. Como

as proteínas podem ser agrupadas em famílias de acordo com as suas funções e

estruturas, algo passível de se considerar é que proteínas da mesma família ou

subfamília sejam avaliadas de forma parecida pelas ferramentas. Considerando

as características de cada família proteica, preditores diferentes podem avaliar

melhor um grupo em relação a outro devido às estratégias utilizadas na sua

análise. Assim é interessante comparar não apenas as diferentes proteínas, mas

se proteínas da mesma família ou subfamília apresentam similaridades de

avaliação. Conhecer essas informações é importante para melhorar o

desempenho e a confiança das avaliações in silico existentes, além de guiar

novos programas.

Para realizar essa comparação é necessária a construção de um banco de

dados de variantes com significado conhecido e subsequentes testes e avaliações

de performance nos diversos preditores. Visando padronizar a realização dessas

análises, o segundo capítulo desta dissertação apresenta uma comparação de 51

predições para 160 variantes do gene IDUA curadas manualmente da literatura,

bem como a avaliação de 426 variantes de significado incerto encontradas em

bancos de dados populacionais pelos preditores com melhores desempenhos.

No entanto, para gerar o banco de variantes com significado conhecido,

como feito neste trabalho, é necessário que cada pesquisador leia e avalie um

grande número de artigos relacionados ao gene de interesse. Isso torna a criação

do banco algo trabalhoso e, principalmente, demorado. Realizar essa curadoria

manualmente para um grande número de genes em um curto período de tempo é

impossível. Portanto, uma estratégia de automatização é necessária.

Com o desenvolvimento da ciência da computação, diversas tarefas e

processos foram automatizados. A tradução e interpretação de uma linguagem

natural é um processo complexo que está em difusão desde os anos 1950. Muitas
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estratégias já foram desenvolvidas para realizar essa tarefa, mas uma em

especial vem ganhando destaque ao longo dos anos: o deep learning. O deep

learning tem como ideia o aprendizado pelo modelo de representações

intermediárias úteis, que apresentam vários níveis de representação para serem

otimizados (Hirschberg and Manning, 2015).

O processamento de linguagem natural (natural language processing-NLP)

apresenta diversas etapas e métodos de mineração de texto para aprender,

compreender e produzir conteúdo de linguagem humana (Esteva et al, 2019),

extraindo não somente as informações relevantes para o usuário, mas também

significado essas informações contextualmente. Considerando essa estratégia, o

terceiro e último capítulo da dissertação apresenta uma aplicação do processo na

busca de automatizar a comparação e escolha dos preditores. O trabalho está em

desenvolvimento e busca avaliar as performances dos preditores em diferentes

genes, tentando entender se existem estratégias mais adequadas para diferentes

grupos proteicos.

Objetivo Geral

O objetivo do trabalho é fazer a comparação da performance de preditores

de variantes missense entre e intra diferentes grupos protéicos, utilizando como

base um banco de variantes curadas.

Objetivos específicos
1. Realizar uma revisão da literatura dos preditores de variantes missense mais e

menos citados na literatura.

2. Estabelecer as etapas de comparação de desempenho dos preditores com um

grupo de variantes do gene IDUA;

3. Automatizar a criação das bases de dados para comparar as predições de

diferentes ferramentas entre e intra grupos proteicos utilizando um algoritmo

de processamento de linguagem natural.
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Capítulo 1

No capítulo é apresentado um artigo de revisão sobre preditores de

variantes missenses. O artigo foca nos principais preditores encontrados na

literatura, baseado no número de citações e estabelece um paralelo entre os

preditores mais e menos citados.

O artigo está em fase final de elaboração para submissão no periódico

Bioinformatics.
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Capítulo 2

O capítulo é uma análise comparativa de 33 preditores e um escore de

conservação avaliados em um grupo de 160 variantes missense relatadas na

literatura para o gene IDUA. Os preditores que obtiveram melhor desempenho

foram utilizados para avaliar 426 variantes de significado incerto reportadas em

bancos de dados populacionais (ExAC v0.3.1, gnomAD v2.0.2, ABraOM, LOVD,

1,000 genomes (1,000 Genomes Project Consortium), dbSNP, Human Genome

Mutation Database (HGMD) and ClinVar). Além de investigar as variantes do gene

IDUA, o trabalho também serviu para estabelecer os parâmetros para busca na

literatura e análises estatísticas realizadas no capítulo 3.

O artigo está em fase de formatação para envio para o periódico Molecular

Genetics and Metabolism.
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Considerações Finais

A escolha do preditor para análise de variantes impacta o resultado. Os

programas apresentam diferentes estratégias para avaliação, entretanto a

literatura e a análise crítica sobre cada preditor não respondem diretamente qual

preditor devemos utilizar na avaliação como visto no capítulo um. Os preditores

mais citados e menos citados podem utilizar os mesmos princípios de avaliação e

terem as mesmas características. Não existe uma definição clara do porquê

alguns preditores são mais ou menos utilizados, a não ser o ano de surgimento do

preditor. Os primeiros preditores aparentam serem mais lembrados e citados que

os atuais.

A avaliação de desempenho de um determinado preditor para um conjunto

de variantes geralmente é realizada pela comparação com outros preditores ou

com dados curados da literatura. A curadoria manual desses dados é trabalhosa,

pois os artigos, apesar de serem fontes confiáveis, relatam diferentes tipos de

informação. Assim, é necessário o estabelecimento de critérios para essas

informações e questionar se todos os significados clínicos relacionados às

variantes e relatadas na literatura são aceitáveis. Por exemplo, antigamente,

reportar uma variante encontrada em algum dos éxons analisados era o

suficiente, sem necessariamente realizar estudos de expressão ou comparar com

um número suficiente de controles. Após a difusão e barateamento das técnicas

de biologia molecular, passou a ser comum a realização do sequenciamento

completo do gene do paciente, a comparação com um número significativo de

controles normais, além dos estudos de expressão. No entanto, conforme

demonstrado no capítulo dois, a acurácia dos preditores não parece ser

necessariamente influenciada pela qualidade da informação contida na literatura.

Por outro lado, nota-se que os preditores mais recentes apresentam um

desempenho melhor do ponto de vista estatístico que alguns dos mais

comumente utilizados.

Porém, os dados obtidos para o gene IDUA não podem ser

automaticamente transpostos para outros genes, pois é possível que o

desempenho dos preditores varie de acordo com o tipo de proteína. Portanto,
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essa avaliação manual de uma grande quantidade de preditores deveria ser

realizada para cada gene ou pelo menos para cada família de proteínas, que

possuem características similares. No entanto, essa análise é extremamente

trabalhosa e não ocorre de forma automatizada. Assim, o capítulo três apresenta

uma estratégia para realizar essa avaliação com os preditores disponíveis a partir

de uma análise utilizando processamento de linguagem natural. Como a

interpretação dos dados da literatura contém dificuldades inerentes, a

implementação de um algoritmo automatizado apresenta diversos desafios e

ainda não foi finalizado. Uma vez implementado, esse algoritmo poderá ser usado

para comparar preditores entre diferentes grupos proteicos.
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Anexo

Neste item consta um artigo publicado durante o período de mestrado em tema

relacionado ao da dissertação.

75



Borges et al. Orphanet J Rare Dis          (2020) 15:324  
https://doi.org/10.1186/s13023-020-01608-0

RESEARCH

Estimated prevalence 
of mucopolysaccharidoses 
from population-based exomes and genomes
Pâmella Borges1,2,3, Gabriela Pasqualim4, Roberto Giugliani3,5,6, Filippo Vairo7,8*  and Ursula Matte1,2,3,5

Abstract 

Background: In this study, the prevalence of different types of mucopolysaccharidoses (MPS) was estimated based 
on data from the exome aggregation consortium (ExAC) and the genome aggregation database (gnomAD). The 
population-based allele frequencies were used to identify potential disease-causing variants on each gene related to 
MPS I to IX (except MPS II).

Methods: We evaluated the canonical transcripts and excluded homozygous, intronic, 3′, and 5′ UTR variants. 
Frameshift and in-frame insertions and deletions were evaluated using the SIFT Indel tool. Splice variants were evalu-
ated using SpliceAI and Human Splice Finder 3.0 (HSF). Loss-of-function single nucleotide variants in coding regions 
were classified as potentially pathogenic, while synonymous variants outside the exon–intron boundaries were 
deemed non-pathogenic. Missense variants were evaluated by five in silico prediction tools, and only those predicted 
to be damaging by at least three different algorithms were considered disease-causing.

Results: The combined frequencies of selected variants (ranged from 127 in GNS to 259 in IDUA) were used to 
calculate prevalence based on Hardy–Weinberg’s equilibrium. The maximum estimated prevalence ranged from 0.46 
per 100,000 for MPSIIID to 7.1 per 100,000 for MPS I. Overall, the estimated prevalence of all types of MPS was higher 
than what has been published in the literature. This difference may be due to misdiagnoses and/or underdiagnoses, 
especially of the attenuated forms of MPS. However, overestimation of the number of disease-causing variants by in 
silico predictors cannot be ruled out. Even so, the disease prevalences are similar to those reported in diagnosis-based 
prevalence studies.

Conclusion: We report on an approach to estimate the prevalence of different types of MPS based on publicly avail-
able population-based genomic data, which may help health systems to be better prepared to deal with these condi-
tions and provide support to initiatives on diagnosis and management of MPS.

Keywords: Mucopolysaccharidoses (MPS), Estimated prevalence, Exome aggregation consortium (ExAC), Genome 
aggregation database (gnomAD), In silico analysis

© The Author(s) 2020. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http://creat iveco mmons .org/licen ses/by/4.0/. The Creative Commons Public Domain Dedication waiver (http://creat iveco 
mmons .org/publi cdoma in/zero/1.0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Introduction
The mucopolysaccharidoses (MPS) are a group of lys-
osomal diseases characterized by the deficiency of 
one of eleven enzymes involved in the breakdown of 

glycosaminoglycans (GAGs) which are constituents of 
the extracellular matrix. When there is a disturbance in 
their activities this leads to downstream consequences at 
the cellular level affecting multiple organs and systems. 
The MPS may be divided into different types according 
to the enzyme deficiency and the accumulated substrate 
(type I, II, IIIA, IIIB, IIIC, IIID, IVA, IVB, VI, VII, and 
IX). GAGs are constituents of the extracellular matrix, 
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where impaired activities can lead to a spate of negative 
consequences both at the cellular and the physiological 
levels. Affected individuals usually have coarse facial fea-
tures, cardiac and pulmonary problems, and, depending 
on the MPS type, bone dysplasia (dysostosis multiplex) 
and/or neurological impairment such as behavioural 
problems and developmental delay [1–3]. The severity 
of the diseases is variable, and individuals with MPS I, 
II, IVA, VI, and VII may benefit from market-approved 
enzyme replacement therapy, while there are novel thera-
pies such as fusion proteins, gene therapy, and genome 
editing under investigation for several MPS [4].

Incidence and prevalence data are important to back 
up health system decisions and are necessary to calculate 
the cost–benefit of new therapies and treatment. Despite 
extensive molecular characterization having been done 
for the genes that encode the enzymes involved in these 
diseases with over 2,109 pathogenic variants reported 
in the Human Gene Disease Database (HGMD®) [5], 
there is still lack of specific epidemiology data on MPS. 
Newborn screening programs that include lysosomal 
diseases have arisen worldwide and may bring valuable 
information. However, such programs are still largely 
restricted to very few countries and most types of MPS 
are not included in the list of screened diseases [6, 7]. 
Population-based genomic data can help narrow the 
information gap, since now it is possible to rely on carrier 
frequency instead of the incidence of a disease among 
live births. However, care must be taken when using in 
silico predictors to classify genetic variants in order to 
have the most reliable data possible.

Herein, we used the frequency of potential disease-
causing variants present in population-based genomic 
databases such as the Exome Aggregation Consortium 
(ExAC) [8]⁠ and the Genome Aggregation Database (gno-
mAD) [9], to estimate the prevalence of the different 
types of MPS after applying Hardy–Weinberg principles 
[10].

Results
Table  1 shows the number of variants present in each 
database and after the merger, which ranged from 961 
(IDS) to 2988 (GALNS). After subsequent filtering 
steps, these numbers were reduced, ranging from 31 
(IDS) to 259 (IDUA) (Table 2). A detailed description of 
the excluded variants can be found in Additonal file 1: 
Table S1.

The number of variants excluded due to homozygosis 
ranged between 3 in GNS and GUSB to 113 in IDS (in 
homozygosis or hemizygosis); none of them were stop 
gain, stop loss, or start loss. The overall number of hete-
rozygous canonical and non-canonical splice site variants 
considering all genes was 452, with 224 being considered 

deleterious by the in silico algorithms. One splice site 
variant could not be analysed by HSF nor SpliceAI 
(Additonal file 3: Table  S3). In addition, 213 out of 218 
frameshift and 188 in-frame insertions and deletions 
were considered deleterious. Variants that could not 
be analysed by SIFT Indel were excluded from further 
analysis. All variants considered deleterious by only one 
splice program as well as frameshift and nonsense vari-
ants in the last exon or located < 50 nucleotides upstream 
of the 3’ most splice-generated exon-exon junction were 
excluded from the calculations of minimum frequency. 
The number of variants considered deleterious in each 
category is shown in Table 2.

All 3,111 missense variants were analysed by five dif-
ferent in silico tools. A consensus on pathogenicity was 
reached for 588 variants, while 548 variants were classi-
fied as pathogenic by four tools and 382 variants by three.

The allele frequencies of each variant for a given gene 
were added together and considered as the minimum 
and maximum frequency of the deleterious recessive 
allele. This number was then used to calculate mini-
mum and maximum prevalence of disease based on the 
Hardy–Weinberg equilibrium (Table  3). As the number 
of variants retained for IDS was very low (31 variants), 
the estimated frequency of MPS II must be viewed with 
caution. It is worth noticing that variants on GLB1 can be 
associated either with MPS IVB or GM1 gangliosidosis.

Only two of the 2,061 retained variants have frequen-
cies over 0.001—p.(His356Pro) in NAGLU with 0.007993 
and p.(Asp152Asn) in GUSB with 0.001153. After all five 
tier variant selections, maximum and minimum esti-
mated disease prevalence was calculated based on global 
allele frequency (Table 3).

Table 1 Number of variants in each gene present in ExAC 
and gnomAD

*Variants may be associated with GM1 Gangliosidosis or with MPS IVB

**Retained variants represent unique variants after merging both databases

MPS type Gene ExAC 
variants

gnomAD 
variants

Common Retained 
variants**

MPS I IDUA 1246 1439 680 2005

MPS II IDS 300 920 259 961

MPS IIIA SGSH 1188 1400 545 2043

MPS IIIB NAGLU 640 805 397 1048

MPS IIIC HGSNAT 598 1456 521 1533

MPS IIID GNS 429 1116 404 1141

MPS IVA GALNS 1390 2254 656 2988

MPS IVB GLB1* 871 1322 564 1629

MPS VI ARSB 407 1122 370 1159

MPS VII GUSB 593 1067 519 1141

MPS IX HYAL1 669 700 287 1082
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In addition to estimated overall disease prevalence, the 
prevalence of MPS in specific populations was calculated 
for eight ethnic groups present in the databases (Figs. 1, 2 
and Additonal file 4: Table S4).

Discussion
In this study, we used public data from WES and WGS 
to estimate the prevalence of different types of MPS. 
As MPS symptoms usually show up in the first decade 
of life, it is unlikely that severely affected individuals 

would be part of such databases. However, the possibil-
ity of undiagnosed individuals with milder phenotypes 
being included in those cannot be ruled out. Impor-
tantly, individuals homozygous for rare variants pre-
sent in any MPS gene (Additonal file 2: Table S2), which 
could represent individuals with attenuated forms of 
the disease were filtered out in the second-tier variant 
selection.

The estimated global frequency for all types of MPS 
except for type VI found in this study was either above 
or at the upper limit in comparison to frequencies of 
MPS in different countries based on the number of 
diagnosed cases in reference centres [20] (Table  4). 
Worthy of note is the fact that the maximum prevalence 
as reported by Khan et  al., 2017 is for a limited num-
ber of countries, whereas our data was calculated col-
lectively for the different ethnic backgrounds present in 
the databases. This means that we may have overesti-
mated the prevalence of diseases in the general popula-
tion. A recent study estimated the prevalence of MPS in 
Brazil based on 600 affected individuals with all types 
of MPS included in a national network database [21]. 
The researchers found discrepancy when comparing the 
estimated prevalence based on diagnosis (0.24/100,000) 
to the estimated prevalence based on genetic screen-
ing for the most common pathogenic variant in IDUA 
among healthy volunteers (0.95/100,000), for exam-
ple. Furthermore, the estimated prevalence of MPS 
VI in Brazil was the second highest in the world, with 
prevalence similar to that found in the present study 
(1.02/100,000 compared with 1.12/100,000).

Table 2 Number of variants considered deleterious per category for each gene

*Variants may be associated with GM1 Gangliosidosis or to MPS IVB

**Numbers represent minimum and maximum frequencies. In the case of frameshift, stop gain or stop loss minimum frequency excludes variants in the last exon or 
located < 50 nucleotides upstream of the 3’ most splice-generated exon-exon junction. For splice site and missense variants, minimum frequency considers only 
variants deemed pathogenic by a consensus of all software packages

Frameshift** In-frame 
insertion/
deletion

Splice site** Start loss Stop gain** Stop loss** Missense** Total**

IDUA 17–18 12 16–37 1 10–15 0–1 86–175 142–259

IDS 0 1 1–2 0 0 0 4–28 6–31

SGSH 8–14 7 5–7 0 4–14 0 73–194 97–236

NAGLU 11–20 2 6–10 1 8–16 0 87–176 115–225

HGSNAT 11 4 22–37 0 8–9 0 18–98 63–159

GNS 5 3 14–23 0 4 0–1 29–91 55–127

GALNS 11 7 14–26 1 10–11 0–1 57–187 100–244

GLB1* 12–13 3 18–34 1 11–13 0 67–161 112–225

ARSB 9–12 5 10–18 0 8–12 0 48–141 80–188

GUSB 11–13 6 17–27 2 13–14 0–2 62–160 111–224

HYAL1 12–13 8 1–3 1 8–9 0 57–107 87–141

All genes 107–130 58 124–224 7 84–117 0–5 588–1515 968—2059

Table 3 Estimated disease prevalence based on  allele 
frequencies of  potentially disease-causing variants 
for each gene

*Variants may be associated to GM1 gangliosidosis or to MPS IVB. 
CI = Confidence interval

Gene Disease-
causing 
variants

CI in 100,000 (max) CI in 100,000 (min)

IDUA 259 7.103–7.096 2.479–2.476

IDS 29 0.0108–0.0107 0.00014–0.00013

SGSH 236 2.365–2.363 0.4116–0.4112

NAGLU 225 1.532–1.530 0.366–0.365

HGSNAT 159 1.566–1.565 0.107–0.106

GNS 127 0.459–0.458 0.0549–0.0548

GALNS 224 2.363–2.361 0.25–0.25

GLB1* 225 1.677–1.676 0.456–0.455

ARSB 188 1.119–1.117 0.1761–0.1758

GUSB 224 1.144–1.141 0.2081–0.2078

HYAL1 141 0.4393–0.4388 0.1081–0.1079
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Fig. 1 Schematic example showing all steps of maximum (a) and minimum (b) variant selection for the IDUA gene (MPS I)
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Several measures were taken to reduce the chance of 
prevalence overestimation. For example, variants were 
filtered in sequential steps, in order to obtain the most 
specific data possible. Also, both homozygotes and vari-
ants with frequency higher than 0.001 were excluded. 

Additional filtering based on functional predictions was 
also performed in order to include only variants more 
likely to affect protein function. After that, all variants 
remaining for analysis had allele frequencies below 0.001 
and most of them have not been previously reported as 

Fig. 2 Estimated maximum (a) and minimum (b) prevalence of the MPS types per 100,000 individuals in different ethnic groups. Data for MPS II not 
included (see discussion)
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disease-causing. This was expected since variants clas-
sified as of uncertain significance (VUS) based on the 
standards and guidelines of the American College of 
Medical Genetics/Association of Molecular Pathology 
(ACMG/AMP) [10] are known to account for a substan-
tial part of disease-causing variants for MPS and have a 
significant impact on incidence estimates. For example, 
Clark et al. [22] showed that 25% of VUS analysed in MPS 
IIIB were potentially disease-causing and cause  reduced 
enzyme activity.

It is worthy of note that sequential filtering steps and 
use of consensus scores do not guarantee that only path-
ogenic variants are selected or that only non-pathogenic 
variants are discarded. However, the estimation error 
is not directly measurable. Furthermore, the high fre-
quency filter is necessary to exclude variants with fre-
quencies incompatible with MPS disease. Although this 
may lead the possibility of underascertainment, frequen-
cies like 0.007993 and 0.001153 for variant c.1067A > C; 
p.(His356Pro) in NAGLU and  the c.454G > A; 
p.(Asp152Asn) in GUSB are not found in clinical prac-
tice. These were the only two variants excluded because 
of high frequency. We considered using curated variants 
reported either on ClinVar or Human Genome Muta-
tion Database (HGMD), however, this would significantly 
reduce the number of retained variants (for instance, 
from 259 to 47 for IDUA, data not shown). Different in 
silico tools were used to estimate the likelihood of a vari-
ant being disease-causing. However, as no data on the 
sensitivity and specificity of such softwares are available 
for MPS genes, it is impossible to estimate the number 
of false-positive results. For instance, several well char-
acterized pathogenic variants reported in HGMD had 

low deleteriousness scores as evaluated by the Combined 
Annotation-Dependent Depletion (CADD) [23] that 
has an overall higher performance than other predictors 
(data not shown).

The existence of compound heterozygotes cannot be 
ruled out. In fact, most individuals with MPS who are 
not a result of from consanguineous marriage are indeed 
compound heterozygotes. However, due to the structure 
of both databases used in this study, it is impossible to 
set up conditions where the occurrence of variants in cis 
cannot be ruled out, which would contribute to the over-
estimation of disease prevalence.

Despite these limitations, a similar approach has been 
used by Appadurai et al., 2015 to estimate the prevalence 
of cerebrotendinous xanthomatosis (CTX). As in the pre-
sent study, the authors suggested an apparent underdiag-
nosis of CTX based on the allele frequency of potentially 
disease-causing variants present in ExAC. Interestingly, 
the discrepancy between genomic data and the diagno-
sis-based incidence is more pronounced for the rarest 
MPS diseases, such as MPS IIIC, IIID, IVB, VII, and IX. 
For some forms of MPS I, II, VI, and IX, it is possible that 
variants leading to deficient enzyme activity are not clini-
cally recognized due to attenuated phenotypes [24–26]. 
On the other hand, severe cases of MPS VII may lead to 
premature death before the diagnosis is reached or even 
sought [27].

Notably, data emerging from large datasets of WES and 
WGS are disclosing novel phenotypes for well-known 
diseases, especially intermediate phenotypes [28–30]. 
This may also be the case for MPS and could help explain 
the higher prevalence predicted by our work, with 
patients not being recognized clinically due to an unusual 
presentation.

In the case of MPS IVB, there is an additional com-
plexity since  the same gene is involved in another lyso-
somal disorder with different accumulated substrate and 
clinical features, called GM1 gangliosidosis [31]. In this 
study, variants of GLB1 were considered disease-causing 
regardless of the associated phenotype. Therefore, the 
overall frequency of alleles was used to estimate the prev-
alence of MPS IVB, whereas in fact only about 13.3% of 
curated disease-causing variants in this gene are associ-
ated with MPS IVB, the rest leading to the three types of 
GM1 gangliosidosis [32].

After the filtering steps, IDS had a limited number 
of retained disease-causing variants (29 variants), and 
therefore the estimated prevalence for MPS II was lower 
than what has been previously reported [20]. The higher 
prevalence observed in studies based on reference cen-
tres and diagnostic laboratories may be related to the 
proportion of patients having de novo variants. Pol-
lard et  al. [33] show that this happens in 22.5% of MPS 

Table 4 Estimated prevalence in  the  present study 
compared to  the  incidence (in 100,000) as  reported 
by Khan et al., 2017 for each MPS type

*Combined frequency of GM1 Gangliosidosis and MPS IVB

MPS type Gene This study (max.–min.) Khan et al. 
2017 (max.–
min.)

MPS I IDUA 7.10–2.48 3.62–0.11

MPS II IDS 0.0108–0.00013 2.16–0.1

MPS IIIA SGSH 2.36–0.41 1.62–0.08

MPS IIIB NAGLU 1.53–0.37 0.72–0.02

MPS IIIC HGSNAT 1.57–0.11 0.42–0.03

MPS IIID GNS 0.46–0.05 0.10–0.09

MPS IVA GALNS 2.36–0.25 1.30–0.15

MPS IVB GLB1 1.68–0.46* 0.14–0.01

MPS VI ARSB 1.12–0.18 7.85–0.02

MPS VII GUSB 1.14–0.21 0.29–0.02

MPS IX HYAL1 0.44–0.11 NA
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II cases. In addition, recombination events between IDS 
and its pseudogene IDS2 are a common cause of the dis-
ease, with structural variants such as gross rearrange-
ments and complete or partial deletions seen in between 
10 and 28% of affected individuals [34–40]. Those types 
of variants could not be taken into account in our esti-
mates because of the structure of the populational data-
bases used. As a result, the estimated prevalence of MPS 
II is not as reliable as it is for the other types of MPS. It is 
worth mentioning that the other study that uses a simi-
lar method for two X-linked diseases (Menkes disease 
and ATP7A-related disorders) [41] also found a very low 
number of variants, which could suggest that this strat-
egy is not the best approach for X-linked disorders.

Conclusions
In summary, we report on  an approach to estimate the 
prevalence of the different types of MPS based on pub-
licly available population-based genomic data that may 
help to better tailor screening and diagnostic programs 
for these diseases, to prepare the health systems to 
deal with a more precise estimated number of patients, 
and may serve as a starting point for other rare-disease 
initiatives.

Methods
Database
Genetic variants (GRCh37/hg19) from ExAC V0.3.1 and 
gnomAD v2.0.2 [8, 9]⁠ were used to estimate the prevalence 
of different types of MPS. These public data aggregated 
information from 125,748 WES and 15,708 WGS col-
lected from unrelated individuals and 1,756 parent–off-
spring trios with no known rare disease. The genetic data 
were collected from case–control studies of adult-onset 
common diseases, spanning six global and eight sub-con-
tinental ancestries, determined by ancestry-informative 
markers [9]. Although related individuals can have an 
influence upon the frequency of variants, the size of the 
database which has a total of 141,456 individuals makes 
the influence of 1,756 trios irrelevant.

The data was retrieved separately for each gene, and 
then merged to create one single unified database. When 
variants were common to both databases, the allele fre-
quencies from gnomAD were used for further analysis, as 
it includes ExAC data.

First-tier variant selection
Variants of the gene located in 5′ and 3′ UTR, upstream 
and downstream, as well as intronic and non-coding 
transcript exons, were excluded assuming that no dis-
ease-causing variant has been described in such positions 
for any MPS. In addition, synonymous variants outside 

the exon–intron boundaries were also excluded, as well 
as variants in non-canonical transcripts.

Second-tier variant selection
In second-tier analysis, missense, nonsense, stop gain 
and stop-loss, frameshift, and splice site variants present 
in homozygosis (and hemizygosis for IDS) were excluded 
based on the assumption that neither ExAC and gno-
mAD include MPS-affected individuals as they exclude 
samples from patients with severe pediatric diseases and 
their relatives [8]. Therefore, any homozygous variant 
should not be pathogenic. Heterozygous loss-of-function 
variants such as stop gain, stop loss, and start loss were 
considered as potentially disease-causing, considering 
the impact on protein function and strong evidence of 
pathogenicity as per the ACMG/AMP guidelines [10].

Third-tier variant selection
Heterozygous alterations in canonical or non-canonical 
splice site were analysed using Human Splice Finder [11] 
and SpliceAI [12]. In-frame insertions, deletions and 
frameshift variants outside the last exon were analysed 
using SIFT Indel [13]. Variants were classified based on 
the default algorithms parameters for deleteriousness.

Fourth-tier variant selection
The analysis of missense variants was made using five 
in silico algorithms: MutPred [14], PolyPhen2 [15], 
PROVEAN [16], SIFT [17], and REVEL [18]. Since Poly-
phen2 provides more than two categories, results were 
transformed into binary data considering "possibly path-
ogenic" and “probably pathogenic” as deleterious. For 
REVEL, an ensemble algorithm, a rank score over 0.75 
was considered deleterious. To calculate the maximum 
prevalence of the disease, a variant was considered del-
eterious when at least three software packages agreed on 
pathogenicity. For the minimum prevalence, we included 
missense variants for which all in silico tools agreed on 
pathogenicity.

Fifth-tier variant selection
The remaining variants were analysed to make sure that 
only rare alleles were retained. Therefore any variant with 
a frequency greater than 0.001 was excluded, as no vari-
ants associated with low enzymatic activity (≤ 15% wild 
type) were found with higher allele frequencies [19].

Calculation of disease prevalence using Hardy–Weinberg 
principles
The frequency of a given variant retained as being dis-
ease-causing was calculated by dividing the number of 
chromosomes bearing the genetic change by the total 
number of chromosomes subjected to analysis in this 
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position. Then the sum of all variant frequencies for each 
gene was used as the frequency of the recessive allele 
(q). The prevalence was then calculated as  q2, from the 
Hardy–Weinberg formula  p2 + 2pq + q2. The incidence 
for each specific population was calculated using the 
population-specific frequencies.

Calculation of confidence Interval
A script in R was used to estimate the confidence inter-
val. The variances in the frequency of variants and in the 
prevalence estimate were calculated equally as exhibit 
eqautions 5 and 13 from Clark et al. [22]. The confidence 
intervals were adapted to consider the sum of allele fre-
quencies instead of probability, as suggested by Clark 
et al. [22].

Supplementary information
is available for this paper at https ://doi.org/10.1186/s1302 3-020-01608 -0.

Additonal file 1.The number of variants excluded at each category for 
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identify retained variants.

Additional file 2. The total number of variants excluded for homozy-
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frequency less than 0.001.
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