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Yhteenveto

Tietoa  ihmisen  geneettisistä  polymorfioista  kerääntyy  nopeasti,  mutta  niiden

mahdollisista  yhteyksistä  sairauksiin  ja  geneettisten  sairauksien  molekyylitason

mekanismeista ei  ymmärretä vielä riittävästi. Tämä  johtuu  siitä,  että variaatiodataa

kyetään  tuottamaan  nopeammin  kuin  analysoimaan.  Kokeelliset

tutkimusmenetelmät  ovat  usein  työläitä  ja  aikaa  vieviä.  Laskennallisilla

menetelmillä  informaatiota  voidaan  tuottaa  tehokkaammin,  ja  bioinformatiikan

menetelmin  tuotettua  tietoa  voidaan  käyttää  esimerkiksi  kokeellisten  tutkimusten

suunnitteluun ja kiinnostavampien geenimuutosten priorisointiin.

Yhden  emäksen  muutokset  eli  pistemutaatiot  DNA:ssa  ovat  yleisin  ihmisten

välisen  geneettisen  variaation  muoto.  Osa  pistemutaatioista  aiheuttaa  aminohapon

muuttumisen toiseksi proteiinissa, jonka aminohappokoostumuksen geeni määrittää.

Noin  puolet  ihmisen  perinnöllisistä  sairauksista  aiheutuu  patogeenisista  yhden

aminohapon  muutoksista.  Yhden  aminohapon  muutokset  voivat  aiheuttaa

moninaisia  ja eriasteisia, ääritapauksessa vakavaan sairauteen  johtavia rakenteen  ja

toiminnan muutoksia proteiineissa.

Tässä  työssä  tutkittiin  yhden  aminohapon  muutosten  laajaalaisia  vaikutuksia

proteiineihin,  ja  analysoitiin  siten  perinnöllisten  sairauksien  molekyylitason  syitä.

Aminohappomuutosten  bioinformatiikkaanalyysille  kehitettiin  protokolla,  jota

sovellettiin  ja  kehitettiin  sairauksien  syitä  tutkittaessa.  Tutkimuksessa  kehitetty

protokolla toimii perustana jatkossa kehitettävälle uudelle tietokoneohjelmalle, joka

on monipuolinen aminohappomuutosten vaikutusten analysointimenetelmä.

Useita  laskennallisia  menetelmiä  aminohappomuutosten  vaikutusten

ennustamiseksi on  jo kehitetty. Nämä ohjelmat perustuvat tutkittaviin proteiineihin

liittyvän  sekvenssiinformaation  ja/tai  proteiinirakenteiden  analysointiin,  ja

ohjelmien  tavoitteena  on  automatisoida  yhden  aminohapon  muutosten  vaikutusten

tutkimista.  Automatisointi  olisi  suureksi  hyödyksi  mutaatiotutkimukselle,  jonka

tavoitteena on selvittää, mitkä polymorfismit liittyvät geneettisiin sairauksiin. Tässä

työssä tehtiin yhdeksän ennustusmenetelmän vertaileva tutkimus käyttämällä yli 60



10

000 neutraalin ja sairauden aiheuttavan aminohappomuutoksen aineistoa. Ohjelmien

luotettavuuden  havaittiin  vaihtelevan  merkittävästi,  ja  toimintaperiaatteeltaan

samankaltaisilla  ohjelmilla  saatiin  hyvin  erilaisia  tuloksia.  Vertailun  perusteella

ohjelmat  pystyttiin  asettamaan  paremmuusjärjestykseen,  ja  parhailla  ohjelmilla

voidaan  saada  riittävän  luotettavia  tuloksia  aminohappomuutosten  priorisoimiseksi

jatkotutkimuksia  varten.  Tarkempien  menetelmien  kehittäminen  on  kuitenkin

tarpeen,  jotta  ennestään  tuntemattoman  polymorfismin  mahdollinen  patogeenisuus

voitaisiin luotettavasti ennustaa.

Tässä  tutkimuksessa  saavutettiin  kiinnostavia  näkökohtia  muutamiin

pistemutaatioiden  aiheuttamiin  perinnöllisiin  sairauksiin.  Näitä  tuloksia  voidaan

hyödyntää kyseisten sairauksien molekyylitason syiden kokeellisessa tutkimuksessa.

Mutaatioanalyysiprotokolla  on  perusteellinen  menetelmä  mutaatioiden  vaikutusten

tutkimiseksi,  ja  protokollan  kehittäminen  verkkopalveluksi  mahdollistaa  sen

tehokkaan  soveltamisen  mutaatiotutkimuksessa.  Uuden  analysointiohjelman

tavoitteena  on  tuottaa  nykyisiä  menetelmiä  monipuolisempia  ja  laadukkaampia

ennusteita pistemutaatioiden aiheuttamien aminohappomuutosten vaikutuksista.
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Abstract

Available  data  on  polymorphisms  in  the  human  genome  are  expanding  rapidly,

however  knowledge  of  the  possible  disease  association  of  polymorphisms  and  the

molecular mechanisms of genetic disease  is  lagging due  to the laborious and time

consuming  nature  of  experimental  studies.  Bioinformatics  studies  can  efficiently

produce useful  information to rationalise and guide further experimental study, and

to shortlist the most interesting cases from the pool of accumulating data.

Some  genetic  variations,  termed  nonsynonymous  single  nucleotide

polymorphisms (nsSNPs), cause amino acid substitutios in the protein product of the

gene.  nsSNPs are  the  most common  type of genetic  variation among  humans, and

pathogenic nsSNPs, also termed missense mutations, account for approximately half

of the allelic variants causative of hereditary disease. Amino acid substitutions may

have  diverse  effects  on  protein  structure  and  function,  although  some  are

functionally neutral.

In  this  study,  the  wideranging  effects  of  amino  acid  substitutions  were

investigated at  the protein  level,  and based on the analyses of missense mutations,

the  molecular basis of a number of  hereditary diseases was elucidated. A protocol

for  the bioinformatics  study  of  mutational  effects was  designed and  implemented.

The protocol serves as a basis  for  the development of a new service  for predicting

the effects of a missense mutation.

Several  computational  methods  for  predicting  the  possible  pathogenicity  of

nsSNPs have been developed. These methods are based on evolutionary information

and/or varying structural descriptors of the protein in question. These methods aim

at automating the annotation process of nsSNP effects and therefore would be very

useful  for  the mutation research community.  In this study the performance of nine

available prediction methods was evaluated using a dataset of over 60,000 missense

mutations  and  polymorphisms.  Significant  differences  in  the  prediction  power  of

individual programs were observed, regardless of the apparent similarities between

the programs. Some of the predictors perform well enough to be used in proritising
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cases  for  further  investigation;  however  more  accurate  methods  are  needed  for

reliable annotation of the putative effects of an nsSNP.

This  study  yielded  interesting  insights  at  the  molecular  level  mechanisms  of

hereditary  diseases,  which  can  be  utilised  in  further  experimental  studies.  The

protocol  for  mutation analysis  is a comprehensive method  for  studying  mutational

effects  and  its  development  into  a  web  service  will  provide  the  mutation  research

community a novel tool for efficient analysis beyond the scope of existing methods.
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1.  Introduction

Protein function is based on amino acid composition and properties governed by the

detailed  structure  of  the  protein.  Knowledge  on  protein  structurefunction

relationships  is  therefore  essential  in  finding  the  molecular  basis  for  hereditary

diseases and in predicting protein function from structure (and vice versa). Study of

structurefunction  relationships  is  also  used  in  medicine  and  pharmaceutical

applications, where knowledge of protein function in health and disease is essential

for understanding diseases and variations at the molecular level, and also in finding

cures for various diseases.

Mutation design and experimental study of the changes they cause is  laborious and

time  consuming.  As  a  consequence,  it  is  convenient  and  efficient  to  do  the

background work needed for mutation design and engineering of protein properties

in  silico.  To  engineer  protein  properties  rationally  and  quickly,  it  is  reasonable  to

model  the  mutations  and  probe  the  effects  of  changes  on  protein  structure  and

function  computationally,  prior  to  the  actual  production  and  biochemical

characterisation  of  engineered  proteins.  Because  prediction  of  the  properties  of  a

mutated  protein  is  based  on  many  aspects  of  protein  structure  and  function,  it  is

rational to do it automatically using a computer program, with the capability to store

and utilise masses of information needed for effective prediction.

Polymorphisms  in  the  genome  are  responsible  for  phenotypic  differences

between  humans  and  susceptibility  to  genetic  disease.  Through  large  scale  efforts

for  identifying  human  genomic  variations,  such  as  the  HapMap  project

(http://www.hapmap.org)  (The  International  HapMap  Consortium  2003),  The

Human Variome Project (http://www.humanvariomeproject.org) (Ring et al. 2006),

The  1000  Genomes  Project  (www.1000genomes.org),  The  Cancer  Genome  Atlas

(http://cancergenome.nih.gov),  and  whole  genome  association  studies  (Liu  et  al.

2006),  available  data  on  polymorphisms  are  accumulating  rapidly  in  central

databases such as The Single Nucleotide Polymorphism Database (dbSNP) (Sherry

et  al.  2001),  The  Human  Genome  Variation  GenotypetoPhenotype  Database

http://www.hapmap.org
http://www.humanvariomeproject.org
http://www.1000genomes.org
http://cancergenome.nih.gov
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(HGVbaseG2P)  (Thorisson  et  al.  2009),  the  SwissProt  variant  page  (Yip  et  al.

2004), The Human Genome Mutation Database (HGMD) (Stenson et al. 2009), and

many locusspecific databases (LSDBs) (Horaitis et al. 2007). However, because of

the highthroughput nature of most of these efforts, many polymorphisms have not

been  experimentally  characterised  in  terms  of  their  possible  disease  association.

Furthermore,  the  underlying  mechanisms  by  which  a  genetic  variant  has  a

deleterious functional effect on its gene product and therefore causes disease are not

yet  fully  understood.  Because  of  the  vast  amount  of  variation  data  available,

experimental  study  of  each  variant  cannot  be  achieved  in  a  reasonable  timescale.

Consequently, predictive analysis of the effects of polymorphisms on gene function

is needed  in order to prioritise the cases that require  further study,  to elucidate the

molecular basis of hereditary diseases caused by missense mutations, and to gain a

better understanding of the relationships between genetic and phenotypic variation,

as well as protein structure and function. In this study, we examined the properties

of missense mutations and mechanisms at the molecular level of their pathogenicity,

in  a  number  of  human  hereditary  diseases.  The  applicability  and  reliability  of

bioinformatics methods  for  the analysis of  mutations was  studied and a procedure

for the detailed study of missense variants is proposed.
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2.  Review of the literature

2.1  Genetic variation

2.1.1  Types of genetic variation

Genetic  alterations  are  diverse  and  may  have  several  kinds  of  effects  at  the

phenotypic  level. Point mutations, or single nucleotide polymorphisms (SNPs), are

the most common type of genetic variation (The International HapMap Consortium

2003).  Because  only  about  5% of  the human  genome codes  for  the production  of

proteins  (The  International  Human  Genome  Sequencing  Consortium  2001),  most

SNPs  are  found  outside  coding  sequences.  These  variations  may  have  effects  in

gene  expression  and  regulation,  by  interrupting  regulatory  regions  and  affecting

transcription  factor  binding.  Coding  SNPs,  especially  nonsynonymous  coding

SNPs  (nsSNPs,  also  referred  to  as  missense  mutations)  are  of  particular  interest,

because as a result the amino acid sequence of the encoded protein is changed and

thus a residue substitution may affect the structure and/or function of the protein.

Some nsSNPs, called nonsense mutations, cause truncation of the polypeptide by

introducing a premature  termination codon, which may  lead  to a drastic change  in

the  length  of  the  gene  product.  Furthermore,  nonsensemediated  decay  (NMD),

where  the  absence  of  the  gene  product  causes  the  decay  of  messenger  RNA

(mRNA), limits the synthesis of abnormal proteins (Chang et al., 2007; Holbrook et

al. 2004; Thermann et al. 1998; Zhang et al. 1998). It has been estimated that about

half of all nonsense mutations cause NMD (Han et al. 2007; YamaguchiKabata et

al. 2008). Loss of the termination codon caused by a mutation may lead to a similar

process,  referred  to  as  nonstop  decay,  preventing  translation  (Frischmeyer  et  al.

2002; van Hoof et al. 2002).

 Synonymous coding SNPs are nucleotide changes that due to the plasticity of the

genetic code, do not lead to amino acid substitution. They can, however, affect the

expression of the gene product by interfering with normal mRNA splicing,  leading
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to  abnormally  short  or  long  gene  products.  Synonymous  coding  SNPs  may  also

cause alterations in mRNA folding and translation of the protein (Kudla et al. 2009).

Insertions  and  deletions  in  the  coding  regions  of  the  genome  cause  variable

changes  in the  length of the encoded polypeptide and thus may have major effects

on  the  structure  and/or  function  of  the  protein  product.  Other  forms  of  genetic

variation  include gross  insertions or duplications, and more rarely, gross deletions,

complex rearrangements, and chromosomal aberrations, including rearrangements in

genomic DNA and copy number variation.

2.1.2  nsSNPs and missense mutations

The  human  genome  is  estimated  to  have  up  to  200,000  nonsynonymous  coding

variants (Cargill et al. 1999). nsSNPs occurring within the coding regions of genes

lead to alterations  in the amino acid sequence of  their protein products, potentially

causing  changes  in  the  structure  and/or  function  of  the  protein.  Certain  coding

variants,  termed  missense  mutations,  are  known  to  cause  highly  penetrant,

Mendelianinherited  pathological  conditions.  Missense  mutations  account  for

approximately  half  of  all  allelic  variants  underlying  inherited  human  diseases

(Hamosh et al. 2005; Krawczak et al. 2000; Stenson et al. 2003).

Unlike gross gene lesions,  insertions, deletions, nonsense mutations or modified

RNA  splicing,  which  affect  the  length  of  a  polypeptide,  or  determine  whether  a

polypeptide  is  translated  at  all,  missense  mutations  exert  more  subtle  effects  on

protein  structure  and  function.  The  consequences  of  missense  mutations  can  be

more  difficult  to  predict  because  of  their  diverseness  and  because  a  single  amino

acid change may lead to multiple effects. The prediction of the pathogenicity of an

nsSNP is based on the degree to which the function of the protein is impaired by the

amino  acid  substitution,  but  it  is  further  complicated  by  factors  influencing  the

severity  of  the  phenotype,  such  as  the  genetic  background  and  the  environment

(Stone and Sidow 2005). Thousands of genes for rare, heritable Mendelian disorders

have  been  identified,  in  which  variation  in  a  single  gene  is  both  necessary  and

sufficient  to  cause  disease  (Hamosh  et  al.  2005).  Common  disorders,  in  contrast,

have proven much more challenging to study, as  they are thought to be due to the
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combined  effect  of  many  different  susceptibility  genetic  variants  interacting  with

environmental factors.

In  general,  missense  mutations  that  gain  clinical  attention  usually  change  the

physicochemical  properties  of  the  amino  acid  residue  sufficiently  to  affect  the

function of the gene product (Krawczak et al. 1998; Stone and Sidow 2005), but the

most  severe  mutations  are  likely  to  result  in  lethal  phenotypes  that  cannot  be

inherited  (Steward  et  al.  2003).  At  the  same  time,  protein  molecules  are  rather

robust and can be quite tolerant to alterations in amino acid sequence (Pajunen et al.

2007; Poussu et al. 2004). In principle, an nsSNP can be deleterious either because it

leads to disruption of a site that is directly involved in the function of a protein (e.g.

a catalytic  residue,  a  residue  involved  in  ligand binding,  or  a  residue  that  forms  a

critical  interaction  with  another  protein),  or  because  it  causes  destabilisation  of

protein  structure,  leading  to  protein  degradation,  or  the  amino  acid  substitution

abolishes protein  function because of  loss of  the structural  framework that enabled

the functionality of the protein in the first place. In this study, the abovementioned

mutational  types  are  referred  to  as  functional  mutations  and  structural  mutations,

respectively.  In  either  case,  pathogenic  amino  acid  substitutions  (missense

mutations)  tend  to  have  special  characteristics  that  distinguish  them  from  those

nsSNPs  that cause  no phenotypic effect  (neutral  variations). The prediction of  the

consequences  of  nsSNPs,  in  order  to  discriminate  neutral  variants  from  those

causative of a disease phenotype,  is a major research challenge as the rapid growth

of genomic tools has produced vast amounts of  information about genetic variation

among individuals (Karchin 2009; Mooney 2005; Ng and Henikoff 2006; Steward et

al. 2003).

2.2  Proteins

2.2.1  Protein structure

Proteins are linear polymers of amino acids and the distinct sequence of amino acid

residues  in  a  polypeptide  chain  determines  the  threedimensional  structure  of  the

folded protein. The amino acid sequence is referred to as the primary structure.
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Secondary structure is the local conformation of the polypeptide chain, which is

stabilised by hydrogen bonding and the properties of peptide bonds between amino

acid  residues.  The  dominant  secondary  structures  in  proteins  are  helix  and  

strand,  which  were  predicted  based  on  the  known  physical  limitations  of

polypeptide  chains  prior  to  the  experimental  determination  of  protein  structures

(Pauling  et  al.  1951).  These  regular  structures  are  interspersed  with  irregular,

although  generally  ordered  loops or  coils.  Disordered  loop  regions,  referred  to  as

random coils, do not achieve a stable structure. Loop regions are often located at the

surface  of  the  protein  and  in  addition  to  simply  serving  as  transitions  between

regular structures, they often harbour active sites in enzymes.

The global threedimensional (3D) structure of a protein  the arrangement of the

secondary structure elements in the polar solvent space  is referred to as the tertiary

structure.  The  tertiary  structure  is  locally  governed  by  the  interactions  formed

between  amino  acid  residue  side  chains  and  globally  most  importantly  by  the

hydrophobic effect (Tanford 1978), where residues with hydrophobic side chains are

packed into the core of the protein, away from the solvent. In the hydrophobic core

of the protein,  the polarity of  the polypeptide backbone  is neutralised by hydrogen

bonding  in  secondary  structural  elements.  Buried  polar  residues  form  hydrogen

bonds with other polar residues or the polypeptide backbone and in some cases with

integral  water  molecules  contained  inside  of  the  protein.  Charged  residues  in  the

hydrophobic  core  form  ionic  interactions  with  residues  of  opposite  charge.

Disulphide  bonds  formed  between  cysteine  residues  are  the  only  type  of  covalent

interaction formed between amino acid residues. Disulphide bonds further stabilise

tertiary structure, but they are not found in all proteins. The structurestabilising role

of  interactions  between  buried  residues  has  been  known  for  long,  but  the

contribution  of  surface  residues  to  protein  stability  was  thought  to  be  negligible,

until the rather recent observation that optimised surface chargecharge interactions

have a stabilising effect on protein structure (Strickler et al. 2006).

Quaternary  structure  refers  to  the  organisation  of  monomers  in  multisubunit

proteins,  stabilised  by  similar  interactions  as  the  secondary and  tertiary structures.

The  interfaces  between  monomers  are  often  thought  to  be  hydrophobic  and  thus

resemble  the cores of globular proteins rather  than  typical surfaces. This  has been

shown to be true for homodimeric proteins, because they rarely occur as monomers,

and  hence  their  interaction  surfaces  are  permanently  buried  within  the  protein
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protein  complex.  Heteromers,  instead,  often  occur  and  function  as  monomers  in

solution  and  thus  the  interfaces of  transient  complexes exhibit a  more  hydrophilic

quality (Janin and Chothia 1990; Janin et al. 1988; Jones and Thornton 1996). These

interfaces  could  not  be  as  hydrophobic  as  those  of  homodimers,  because  a  large

solvent  exposed  hydrophobic  area  on  the  protein  would  energetically  be

unfavourable (Jones and Thornton 1996).

2.2.2  Structural information in the analysis of mutations

Threedimensional  protein  structure  can  provide  additional  information  and

evidence  for  a  disease  phenotype.  Structural  information  is  needed  to  fully

understand the effects of missense mutations and the molecular disease mechanisms,

or  to  rationalise  the  consequences of  introduced  mutations  in  protein  engineering.

The structural consequences of a very small proportion of the known mutations have

been  studied.  Due  to  the  difficulty  in  producing  high  quality  3D  structures

experimentally, a bioinformatics approach is very useful in predicting the structural

effects  of  mutations.  Mapping  of  an  amino  acid  substitution  into the  known  3D

structure  can  reveal  whether  the  replacement  is  likely to  have  an  impact  on  the

normal  folding  or  structural  framework  of  the  protein,  e.g.  when  the  substituting

side chain is much larger than the original one and cannot be accommodated into the

wild  type  structure,  or  whether  the  amino  acid  replacement  destroys  essential

structuremaintaining  contacts  e.g.  in  the  hydrophobic  core  of  a  protein,  or  has  a

destabilising  impact on electrostatic interactions,  interactions with  ligands, or other

features of a protein (Sunyaev et al. 2001; Wang and Moult 2001).

The  number  of  proteins  for  which  threedimensional  structures  have  been

determined  is  rather  small,  thus  limiting  the  extent  to  which  structurebased

prediction can be used. There are over 13,000 entries in genes with known sequence

in  Online  Mendelian  Inheritance  in  Man  (OMIM)  (Hamosh  et  al.  2005)  (OMIM

statistics page, February 2010), whereas  the  number of experimentally determined

human protein  structures  in  the Protein Data Bank  (PDB)  (Berman et al.  2000)  is

currently about 6,500 when redundancy  is diminished so  that similar proteins with

95%  sequence  identity  are  removed  from  the  search.  There  are  several  sequence
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based methods for the analysis of mutations that can be used when a 3D structure of

the protein of interest is not available. Furthermore, protein structure prediction (2D

and  3D)  can  provide  valuable  information  when  used  as  a  basis  for  the  study  of

structural  effects  of  mutations  (Baker  and  Sali  2001;  Khan  and  Vihinen  2009;

Saunders and Baker 2002).

2.3  The effects of missense mutations

2.3.1  Databases

Databases  serve  as  the  basis  for  mutation  research.  Mutation  databases  list

mutations  that are causative or highly penetrant  for a particular  inherited disorder.

Central  mutation  databases  (CMDBs),  the  most  widely  used  being  HGMD

(Krawczak et al. 2000; Stenson et al. 2003) and OMIM (Hamosh et al. 2005), and

COSMIC  (Forbes  et  al.  2010)  for  somatic  mutations  in  cancer,  store  information

about  genetic  variations  on  the  genomic  scale  and  aim  at  collecting  and  curating

mutations  in  all  genes.  Locus  specific  mutation  databases  (LSDBs),  on  the  other

hand, are specialised in certain genes or diseases. For the study of all mutations in a

specific gene, it would be advisable to retrieve the mutations from the corresponding

LSDB,  if  available,  since  LSDBs  generally  have  more  mutations  compared  to

CMDBs  (George  et  al.  2008).  Conduit  databases,  such  as  HOWDY  (Hirakawa

2002),  MutDB  (Mooney  and  Altman  2003),  Phencode  (Giardine  et  al.  2007),

SAAPdb  (Cavallo  and Martin 2005) and  KMDB/MutationView (Minoshima et al.

2001) which link information from CMDBs, LSDBs, genome browsers and protein

databases  have  emerged  as  well,  to  integrate  clinical  and  phenotypic  information

with genomic data and information about the gene product.

The Single Nucleotide Polymorphism Database dbSNP (Sherry et al. 2001), the

Human  Genome  Variation  GenotypetoPhenotype  Database  (HGVbaseG2P),  and

the Human Haplotype Map (HapMap) (Frazer et al. 2007) aim to capture common

allelic  variants  in  the  human  population  that  usually  have  little  or  no  functional

consequence, that is, nonpathogenic polymorphisms. Protein databases such as the

Universal  Protein  Resource  (UniProt)  (The  Uniprot  Consortium  2010)  contain
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detailed information about gene products, partial lists of mutations and links to other

data sources.

2.3.2  Functional sites

A missense mutation located at a site critical to protein function typically leads to a

disease phenotype. A critical site may be a catalytic residue or a residue involved in

ligand binding in an enzyme, or a residue involved in binding to partner molecules.

The disease phenotype in these cases may arise because of loss or gain of function,

or  altered  binding  specificity  or  affinity  in  the  protein,  while  the  expression  or

stability of the protein product is not necessarily affected. For example, in glycogen

storage  disease  type  I,  missense  mutations  affecting  catalytic  residues  abolish

glucose6phosphatase   enzymatic  function,  but  do  not  affect  translation  or

stability of the protein (Chou and Mansfield 2008). Translation initiation codons can

be affected by missense mutations as well, preventing the  formation of  the protein

product,  or  translation  may  start  at  the  next  possible  ribosome  starting  point,  in

which case the protein product would be truncated. The consequences of missense

mutations  affecting  functional  sites  are  rather  straightforward  to  define  when  the

protein  in  question  is  well  known,  because  information  regarding  the  critical

residues  is  typically  annotated  in  major  protein  databases,  such  as  UniProt  (The

Uniprot  Consortium  2010).  The  Catalytic  Site  Atlas  is  a  specialised  database  for

detailed annotations of known and predicted enzyme catalytic residues (Porter et al.

2004).  For other  proteins,  critical  functional  sites  can  be  predicted  using  multiple

sequence alignments, as discussed in the following section. There are also programs

available  for  the prediction of  ligand or partner molecule binding sites  in proteins,

such as  the FINDSITE method (Brylinski and Skolnick 2008), CASTp (Dundas et

al. 2006), QSite Finder (Laurie and Jackson 2005), and Discern (Sankararaman and

Sjolander 2008).

2.3.3  Sequence conservation
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Diseaseassociated  mutations  change  the  function  or  the  structural  stability  of  a

protein, whereas residue differences between evolutionarily related proteins usually

conserve protein  structure  and  function  (Steward  et  al.  2003;  Vitkup  et  al.  2003).

Pathogenic  mutations  tend  to  occur  at  positions  conserved  between  species  in

evolution  (FerrerCosta  et  al.  2002;  Miller  and  Kumar  2001;  Mooney  and  Klein

2002;  Shen  and  Vihinen  2004;  Steward  et  al.  2003;  Sunyaev  et  al.  2000),  and

classically, highly conserved positions  in multiple sequence alignments often point

to functional sites (Capra and Singh 2007; Casari et al. 1995; Chung et al. 2006; Hu

et  al.  2000;  Lichtarge  et  al.  1996;  Panchenko  et  al.  2004;  Zhou  and  Shan  2001;

Zvelebil  et  al.  1987).  When  considering  structural  mutations,  the  level  of

conservation  of  the  physicochemical  properties  between  the  wild  type  and  the

substituting amino acid  has  an effect on the pathogenicity of  the  mutation,  so that

conservative  substitutions  tend  to  be  less  frequently  pathogenic  than  those

significantly  altering  the  residue  properties  such  as  charge,  hydropathy,  or  size

(Briscoe et al.  2004;  Khan and Vihinen 2007; Miller and  Kumar 2001; Stone and

Sidow 2005; Tang et al. 2004). The hydrophobic nature of residues located in core

of  a  protein  especially  tends  to  be  conserved,  and  these  residues  can  usually  be

identified in multiple sequence alignment.

On  the  contrary,  there  is  an  underabundance  of  diseasecausing  mutations

occurring  at  positions  that  change  in  evolution  (Briscoe  et  al.  2004;  Miller  and

Kumar  2001).  Consequently,  sequence  conservation  and  phylogenetic  studies  are

powerful  for  the  prediction  of  functionally  and  structurally  important  residues  in

proteins. However, mouse genome data reveal many diseaseassociated mutations in

humans that are wildtype residues in mouse orthologues (Waterston et al. 2002), so

it  cannot  be  directly  assumed  that  because  the  same  residue  type  appears  at

equivalent positions in close homologues, it will not lead to disease in humans. This

phenomenon is partially explained by the fact that coevolution of the sites vital to

the structure and/or  function of a protein  is rather common. When a critical site  is

mutated, a compensating mutation occurs at a site that is functionally, energetically

of  physically  linked  to  that  position.  Analysis  of  covariant  positions  in  multiple

sequence  alignments  may  thus  reveal  conserved  positions  that  are  relevant  to  the

function or structure of a protein.
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2.3.4  Signal peptides

Signal  peptides  are  sequences  that  mediate  the  targeting  and  translocation  of

proteins  to  the  endoplasmic  reticulum  for  subsequent  processing.  Amino  acid

substitutions in signal peptides can result  in impaired protein targeting and thereby

alter or abolish protein  function. Mutations  in  signal peptides are rare (Laurila and

Vihinen 2009), but several inherited diseases are known to be caused by mutations

in  signal  peptides.  These  include  among  others,  familial  isolated

hypoparathyroidism  (Arnold  et  al.  1990;  Karaplis  et  al.  1995),  thyroxinebinding

globulin  deficiency  (Fingerhut  et  al.  2004),  CriglerNajjar  type  II  (Seppen  et  al.

1996), coagulation factor X deficiency (Racchi et al. 1993), familial central diabetes

inspidus (Ito et al. 1993) and familial hypocalciuric hypercalcemia (Pidasheva et al.

2005).  Methods  have  been  developed  for  predicting  signal  peptides  (reviewed  in

(Schneider  and  Fechner  2004))  and  for  discriminating  between  deleterious  and

neutral signal peptide variants  (Hon et al. 2009; Laurila and Vihinen 2009).

2.3.5  Posttranslational modification sites

Protein  posttranslational  modifications  (PTMs)  such  as  phosphorylation,

glycosylation, methylation, acetylation, lipid modifications and ubiquitylation, have

wideranging effects on protein function and interactions with other molecules, and

are thereby central to cellular behaviour and responses. In some cases, a residue side

chain  modification  is  essential  for  the  proper  formation  of  the  protein  tertiary

structure.  More  often,  PTMs  have  no  effect  on  protein  fold,  but  have  a  role  in

protein  function  or  localisation  within  the  cell,  on  the  cell  membrane  or  in  the

extracellular matrix. A missense mutation may abolish a PTM site by introducing an

amino acid that cannot be modified, or altering the neighbouring residues so that the

PTM  site  cannot  be  recognised,  thereby  leading  to  abnormal  protein  function.  A

missense  mutationinduced  gain  of  PTM  is  another  possible  disease  mechanism,

leading  to  protein  destabilisation,  changes  in  protein  interactions,  catalytic

properties  or  other  protein  functions.  Mutational  defects  in  posttranslational

modification have been  found  in various disease phenotypes, e.g. cancer (Benzeno
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et  al.  2006;  Bode  and  Dong  2004;  Lim  2005;  Radivojac  et  al.  2008),  primary

immunodeficiencies  (Vogt  et  al.  2005;  Vogt  et  al.  2007),  haemophilia  (Aly  et  al.

1992), cystic fibrosis (Hämmerle et al. 2000) and many more.

2.3.6  Solvent accessibility

Buried positions  are  more  sensitive  to  pathogenic  mutations  than  positions on  the

surface  of  the  protein,  because  alterations  in  such  positions,  especially  in  the

hydrophobic core of a protein, have the potential  to cause greater disruption of  the

overall  structure of a protein (Steward et al. 2003; Sunyaev et al. 2000; Terp et al.

2002;  Vitkup  et  al.  2003).  Residues  at  these  positions  form  critical  stability

maintaining contacts with other residues and these may be disrupted when a residue

is altered. Changes  in the size (Buckle et al. 1996; Eriksson et al. 1992; Liu et al.

2000;  Loladze et  al.  2002;  Otzen  et  al.  1995;  Shortle  et  al.  1990), hydrophobicity

(Liu et al. 2000; Matthews 1993; Shortle et al. 1990), or charge of the residue side

chain  at  buried  positions  usually  have  an  effect  on  the  structural  stability  of  the

protein  (Chasman  and  Adams  2001;  Sunyaev  et  al.  2001).  Mutations  at  solvent

accessible  sites  might  interfere  with  the  interactions  a  protein  forms  with  other

molecules,  or  they  may  contribute  to  the  solubility  or  stability  of  a  protein

(Gribenko  et  al.  2009;  Grimsley  et  al.  1999;  Strickler  et  al.  2006;  Sunyaev  et  al.

2001; Wang and Moult 2001).

2.3.7  Interactions between residues and conformational stability

In  order  to  perform  its  biological  tasks,  a  protein  must  typically  fold  to  its

characteristic  globular  conformation.  The  conformational  stability  of  a  protein  is

defined as  the  free energy change,  G,  for  the  reaction  folded   unfolded,  under

physiological  conditions.  The  folded  conformations  are  in  general  only  5  to  10

kcal/mol  more  stable  than  the  biologically  inactive,  unfolded  conformations  (Pace

1990).  Several  forces  contribute  to  the  small  net  conformational  stability,

conformational  entropy  being  the  main  destabilising  force.  The  most  important
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stabilising  forces  are  hydrogen  bonding  and  the  hydrophobic  effect.  Folding  of

proteins is governed by the burial of side chains in the interior of the molecule, out

of  contact  with  water,  and  the  formation  of  intramolecular  contacts  between  side

chains. The main secondary structural elements,  helices and  strands, are formed

by hydrogen bonding among main chain polar groups, and hydrogen bonds among

side chains contribute to the stability of  the tertiary structure of  the protein (Eswar

and  Ramakrishnan  2000).  A  missense  mutation  that  alters  the  physicochemical

properties  of  an  amino  acid  residue  will  naturally  have  an  effect  on  the  contacts

formed between residues  in a protein and may thereby cause alterations in folding.

A frequent consequence of missense mutations is that the mutant protein is correctly

folded but less stable, or the mutant protein may be in a stable conformation with a

structure slightly different from the native protein, in some cases different enough to

cause  the  protein  to  be  dysfunctional  (Thomas  et  al.  1995).  It  has  been  estimated

that over 80 % of mutations that affect protein function, do so through disruption of

protein stability (Wang and Moult 2001).

The  types  of  interactions  that  may  be  disrupted  as  a  consequence  of  an  amino

acid  substitution  include  hydrogen  bonds  (Shirley  et  al.  1992),  hydrophobic

(Eriksson et al. 1992; Matthews 1995) and van der Waals  interactions (Eriksson et

al. 1992; Xu et al. 1998), disulfide bonds (Betz 1993) and electrostatic interactions

(Horovitz  et  al.  1990).  Examples  of  missense  mutations  causing  alterations  in

aforementioned  interactions  and  thereby  loss  of  molecular  function  are  shown  in

Figure 1.
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Figure 1. Examples  of  the  ways  in  which  structural  effects  of  amino  acid  substitutions

cause disease. AB: Hindrance of ligand binding. Retinol (turquoise) binds in the

centre of retinolbinding protein 4 (PDB ID 1BRP). A missense mutation affecting

glycine  75  (magenta)  causes  vitamin  A  deficiency  (Seeliger  et  al.  1999).  The

substitution of G75 by aspartic acid, as a result of  the mutation, interferes with

ligand binding by causing steric clashes between D75 and the retinol molecule.

CD: Loss of electrostatic interactions and hydrogen bonds. A missense mutation

affecting  R252  (magenta)  in  coagulation  factor  XIII  (PDB  ID  1GGT)  leads  to

congenital factor XIII deficiency. R252 forms a salt bridge with D243 (turquoise,

upper  residue),  and  hydrogen  bonds  with  the  main  chain  carbonyl  of  M247

(turquoise,  lower  residue).  The  interactions  are  lost  due  to  the  substitution  of

R252  by  isoleucine  (magenta),  leading  to  an  unstable  structure  (Mikkola  et  al.

1996). EF: Breakage of disulphide bond. The cysteines 509 (magenta) and 695

(yellow)  form  a  covalent  disulphide  bond  in  wild  type  von  Willebrand  factor

domain  A1  (PDB  ID  1SQ0).  The  substitution  C509R  causing  type  IIA  von

Willebrand disease leads to the breakage of the bond, causing the protein to be

inactive (Lavergne et al. 1992).

2.3.8  Substitutions involving glycine and proline residues

The  mutations  affecting  or  introducing  glycine  and  proline  residues  can  be

thought of as a distinct group of mutations because of the special characteristics of

these amino acid residues. Glycine plays a very important role structurally because

with  only  a  hydrogen  atom  as  a  side  chain,  it  can  adopt  a  much  larger  range  of

conformations  than other  residues, providing structural  flexibility  that  is  lost  upon

mutation. Due to the wide range of possible backbone dihedral angles glycines are

found  in  reverse  turns  (Rose  et  al.,  1985,  and  substitution  of  a  glycine  residue

forming this type of turn by any other residue is expected to destabilise the protein

or  cause  the  protein  to  adopt  a  different  fold,  at  least  locally  (Pakula  and  Sauer

1989).  Owing  to  the  small  size  of  the  side  chain,  substitutions  affecting  buried

positions  normally  occupied  by  glycine  often  cannot  be  fitted  into  the  structure

without  rearrangements  of  the  structure  (Liu  et  al.  2000).  On  the  other  hand,

mutations that introduce glycines may create cavities inside hydrophobic parts of the

protein, causing destabilisation (Eriksson et al. 1992; Matthews 1995).

The cyclic structure of the proline side chain locks its   backbone dihedral angle,

causing  it  to  be  exceptionally  rigid  conformationally.  Introduction  of  a  proline
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residue  causes  altered  strain  in  the  polypeptide  backbone  and  introduction  of

prolines at positions  that require main chain torsional angles significantly different

from  those  characteristic  of  proline  has  a  destabilising  effect  (MacArthur  and

Thornton 1991; Pakula and Sauer 1989). Prolines are commonly known to disrupt

secondary  structure  because  in  helices  and  strands  the  introduction  of  a

pyrrolidine  ring  often  causes  steric  clashes  to  neighbouring  residue  side  chains

(Schimmel and Flory 1968). In addition, as proline lacks a peptideNH group,  it  is

incapable  of  forming  main  chain  hydrogen  bonds  important  for  2D  structure

formation  and  stabilisation.  Prolines  are  commonly  found  in  turns  because  of  the

bend they cause in the polypeptide backbone and amino acid substitutions affecting

these prolines may lead to structural rearrangements.

2.3.9  Structural disorder

Many  globular  proteins  contain  disordered  segments  and  some  proteins  are

intrinsically  disordered.  Mutations  can,  however,  introduce  disorder  into  ordered

structures, thereby affecting protein function. For example, amino acid substitutions

in  the heat  shock protein HSP22 have  been shown  to  increase unordered structure

and decrease the chaperonelike activity of the protein (Kasakov et al. 2007). On the

other  hand,  a  mutationinduced  increase  in  ordered  structure  at  intrinsically

disordered  parts  of  a  protein  might  also  affect  the  functionality  of  a  protein.

Disordered  segments  are  important  in  for  example,  molecular  recognition  and

interactions  (Mészáros  et  al.  2007).  Many  eukaryotic  regulatory  proteins  are

intrinsically  disordered  and  acquire  a  folded  structure  upon  binding  to  their  target

molecule  (Wright  and  Dyson  1999).  Several  prediction  methods  for  structural

disorder in proteins have been developed, and disorder, as well as the prediction of

disorder,  is  further  discussed  in  recent  review  articles  (Bourhis  et  al.  2007;

Dosztányi et al. 2007; Dunker et al. 2008; Uversky et al. 2008).

2.3.10 Misfolding and aggregation
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Research of protein misfolding and aggregation is progressively gaining increasing

attention,  largely  because  of  its  impact  on  the  understanding  of  the  molecular

mechanisms underlying  widespread pathologies  involving  amyloid  formation  such

as Alzheimer’s (Selkoe 1996) or Parkinson’s (Trojanowski and Lee 1998) disease.

Aggregation  is  a  common  characteristic  of  polypeptide  chains,  involving  the

irreversible  interaction  of  two  or  more  denatured  protein  molecules  leading  to

precipitation  of  protein.  Missense  mutations  that  trigger  protein  aggregation  have

been shown to be associated with an increasing number of pathologies (Bucciantini

et al. 2004; Chiti et al. 2003; Chiti et al. 1999; Fandrich et al. 2001; Guijarro et al.

1998;  Harris  and  True  2006;  Keage  et  al.  2009;  Khemtemourian  et  al.  2008;

Robinson 2008; Yankner and Lu 2009). The formation of aggregates is triggered by

the  destabilisation  and  opening  of  the  native  protein  structure,  which  exposes

aggregationprone regions previously buried inside the structure. The amyloidogenic

sequence  stretches  can  then  nucleate  the  aggregation  reaction  (Dobson  2004;

Ventura et al. 2004). The composition and primary structure of a protein determine

to  a  large  extent  its  propensity  to  aggregate,  which  is  why  even  small  alterations

such  as  missense  mutations  may  have  a  considerable  effect  in  the  solubility  and

aggregation  propensity  of  a  protein (EsterasChopo  et  al.  2005). Computational

prediction  of  mutationinduced  changes  in  aggregation  has  been  shown  to  be

successful  in recent rational mutagenesis studies where aggregation propensities of

proteins  were  altered  (CerdàCosta  et  al.  2007;  Fowler  et  al.  2005;  Luheshi  et  al.

2007).

2.3.11 Electrostatic surface potentials

The  local  and  global  electrostatic  surface  potentials  are  essential  for  protein

structure,  function  and  binding  to  partner  molecules.  The  surface  electrostatics  of

proteins  are  the  thermodynamic  and  kinetic  rateincreasing  steering  force  for

interactions between proteins and other molecules. Ion pairing and other favourable

electrostatic  interactions  also  influence  the  structure  of  complexes.  Patches  of

electrostatic potential on proteins are often indicators of a binding surface, typically

to a molecule with a potential of opposite sign (Honig and Nicholls 1995). Protein
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protein interfaces often contain binding “hot spots” that contribute mostly to binding

free  energy.  The  hot  spots  consist  of  structurally  conserved  charged  and  polar

residues  surrounded  by  wateroccluding  hydrophobic  residues  (Bogan  and  Thorn

1998;  Clackson  and  Wells  1995;  Hu  et  al.  2000;  Ma  et  al.  2003).  In  addition  to

intermolecular complex formation, electrostatic interactions can be formed between

domains within  a  single protein  as well.  Not  all  molecular  interfaces  are  charged,

however.  Some  interfaces,  especially  homodimer  binding  surfaces,  are  dominated

by hydrophobic residues (Jones and Thornton 1996).

Missense  mutations  that  affect  protein  surface  electrostatics  may  thus  have

diverse  effects,  ranging  from  changes  in  folding  or  stability,  to  alterations  in

partner/ligand binding affinity and specificity, and thus function of the protein. For

example, allelic variants in the HLADPB1 gene, known to increase susceptibility to

chronic  beryllium  disease  (CBD),  were  analysed  by  studying  electrostatic  surface

potentials (Snyder et al. 2003). The probability of developing CBD estimated from

epidemiological  studies  was  found  to  correlate  with  the  degree  of  change  in  the

surface charge of the human leukocyte antigen binding pocket, predicted to alter the

innate  specificity  of  binding,  thus  elucidating  genotypephenotype  correlations  for

the  variants  and  mechanism  for  the  disease.  In  another  study,  effects  of  cancer

associated mutations on surface electrostatics and proteinprotein interactions of the

tumor suppressor p53 regulator MDM2 were predicted computationally (Lee et al.

2007) and the predictions verified experimentally (Brown et al. 2008). These studies

indicated that the differential binding of phosphorylated and unphosphorylated p53

by  its  negative  regulator  MDM2  is  based  on  charge  repulsion  between  the  two

molecules  induced  by  p53  phosphorylation.  Chargealtering  mutations  of  MDM2

lead to enhanced binding to phosphorylated p53, preventing the normal upregulation

of p53 upon cellular stress, DNA damage and hypoxia.

2.3.12 Predictors of pathogenicity

Many  efforts  have  been  made  to  develop  algorithms  for  the  prediction  of  the

functional  impact  of  amino  acid  substituting  variants  that  have  not  been

characterised experimentally. These methods are based on calculations of different
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combinations  of  the  abovementioned  properties  of  amino  acids,  amino  acid

sequences and protein  structures,  sometimes complemented with annotations  from

protein  or  mutation  databases,  such  as  SwissProt  or  OMIM.  However,  a  method

taking all aspects of the possible mechanisms of pathogenicity into account does not

yet  exist.  The  programs  share  a  similar  logic  in  classification  (Figure  2),  but  are

based  on  different  machine  learning  techniques  such  as  neural  networks,  random

forests or  support vector machines  (Bao and Cui 2005; Bromberg and Rost 2007;

Calabrese et al. 2009; Capriotti et al. 2006; FerrerCosta et al. 2005; Li et al. 2009),

rulebased  classification  (Ramensky  et  al.  2002),  or  mathematical  operations  (Ng

and  Henikoff  2001),  and  the  attributes  used  for  describing  the  amino  acid

substitution vary from program to program.

Some  methods  for  the prediction of  missense mutation pathogenicity are  based

solely on sequencelevel information and multiple sequence alignments (MSAs) (Ng

and  Henikoff  2001;  Thomas  et  al.  2003).  The  advantage  of  these  methods  is  the

possibility to include those proteins in the analysis that lack a defined 3D structure.

One  would  intuitively  assume  that  the  addition  of  structural  parameters  would

improve  the  prediction,  but  this  has  not  always  been  the  case.  Sequence

conservationbased  prediction  methods  have  been  shown  to  perform  equally  well

with  those  methods  that  include  structural  parameters,  when  there  is  a  sufficient

number of homologous sequences available (Bao and Cui 2005; Saunders and Baker

2002).  According  to  other  studies  (Bromberg  and  Rost  2007;  Krishnan  and

Westhead  2003),  inclusion  of    structural  descriptors  in  the  prediction  improves

predictor  performance.  However,  the  sequencebased  approach  for  the  study  of

pathogenicity of missense mutations has the disadvantage that it provides no direct

insight  into  the  underlying  molecular  mechanism  of  disease,  although  being

powerful in distinguishing pathogenic mutations from benign variants.

Wang  and  Moult  developed  a  structurebased  model  to  evaluate  the  effect  of

amino acid substitutions based on a set of rules that take into account hydrophobic

burial, backbone strain, over packing and electrostatic interactions (Wang and Moult

2001;  Yue  et  al.  2005).  Sunyaev  and  others  predicted  the  effects  of  missense

mutations  using  another  set  of  rules,  comprising  functional  information,

hydrophobic  propensity,  side  chain  volume  change  and  transmembrane  location,

together  with  sequence  and  phylogenetic  information  (Ramensky  et  al.  2002;

Sunyaev et al. 2001). Yet another contemporary method developed by Chasman and
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Adams  utilised  a  set  of  similar  structural  parameters  combined  with  phylogenetic

information (Chasman and Adams 2001). A plethora of methods for the prediction

of  the  pathogenicity  of  missense  mutations  have  been  developed  since  these

pioneering studies.
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Figure 2. General  function  of  prediction  methods  for  missense  variant  pathogenicity.  All

the methods  take protein sequence and amino acid substitution to be analysed

as  input, and give a  tolerance prediction as output,  after  classifying  the variant

based on different procedures. Some programs operate solely based on MSAs

(middle  path)  and  others  include  structural  information  (lefthand  path)  and/or

functional annotations (righthand path) in the prediction.

2.3.13 Previous studies of the effects of missense mutations

Prediction  of  the  molecular  effects  of  diseasecausing  missense  mutations  by

bioinformatics  methods  has  been  implemented  in  numerous  recent  studies.  Many

groups have analysed the pathogenicity of variants in the breast cancer susceptibility

genes BRCA1 and BRCA2 by bioinformatics methods, or by using a combination of

experimental  and  computational  methods  (Abkevich  et  al.  2004;  Carvalho  et  al.

2009; Carvalho et al. 2007; Fleming et al. 2003; Goldgar et al. 2004; Karchin et al.

2007;  Mirkovic  et  al.  2004;  Rajasekaran  et  al.  2008;  Rajasekaran  et  al.  2007;

Williams  et  al.  2003;  Williams  and  Glover  2003).  Computational  methods  have

been  used  to  assess  the  pathogenicity  of  genetic  variants  in  for  example  the VHL

(Rajasekaran et al. 2008) and ABL1 genes (George Priya Doss et al. 2008), and to

evaluate the mechanism of pathogenicity of missense mutations in Type 2 diabetes

mellitus  (Sharma  et  al.  2005)  and  galactosemia  (Facchiano  and  Marabotti  2010).

Bioinformatics  analysis  has  also  been  applied  to  study  all  mutations  related  to  a

specific  group  of  proteins.  Savas  and  coworkers  predicted  the  pathogenicity  of

variants  in 77 cell cycle proteins and their  interaction partners (Savas et al. 2005),

and Shen and others analysed variants in 45 cytokine proteins (Shen et al. 2006).

Understanding  the  molecular  consequences  of  the  mutations  that  cause  human

genetic  disease  remains  an  important  research  challenge  (Karchin  2009;  Mooney

2005;  Ng  and  Henikoff  2006;  Steward  et  al.  2003).  Until  now,  the  research  has

concentrated  mainly  on  using  just  one  or  a  few  methods  per  study,  but  our

motivation has been to attain more reliable results by utilising a more extensive set

of prediction methods in the analysis of mutations. Our view is that the problem of

elucidating  the  molecular  level  mechanisms  of  missense  mutation  pathogenicity
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should  be  approached  from  multiple  perspectives,  as  the  effects  of  amino  acid

substitutions on protein structure and function are diverse.

2.4  Genetic diseases analysed in this study

The  molecular  basis  of  a  number  of  hereditary  disorders  was  studied  by  the

bioinformatics  approach  developed  herein.  The  features  of  the  diseases  are

summarised in Table 1 (on page 46).

2.4.1  Cyclic and congenital neutropenia

Mutations  in  the neutrophil elastase gene  (ELA2)  are causative of both cyclic and

congenital  forms  of  neutropenia,  an  autosomal  dominant  immunodeficiency,

characterised by oscillating or decreased levels of neutrophils in the blood (Dale et

al. 2000; Horwitz et al. 1999). The mutations lead to dysfunctionality of the protein

product human  neutrophil elastase  (HNE), which  is  a serine protease expressed  in

azurophil  granules  in  neutrophils  and  also  extracellular  space  at  sites  of

inflammation. HNE is responsible, among other proteases in the azurophil granules,

for the degradation of objects  internalised by phagocytosis (Boxer and Morganroth

1987;  Lehrer  et  al.  1988)  and  for  the  degradation  of  various  proteins  in  the

extracellular  space  (BachGansmo  et  al.  1996;  Gillis  et  al.  1997;  Weiss  1989;

Wintroub  et  al.  1980).  Neutropenia  patients  suffer  from  opportunistic  and

sometimes  lifethreatening  infections,  due  to  compromised  immune  system

function.

2.4.2  Xlinked hyperIgM syndrome (XHIGM)

XHIGM is a primary immunodeficiency caused by mutations  in the gene encoding

CD40 ligand (CD40L), a protein expressed on T cell membranes. The interaction of

CD40L  with  its  receptor  CD40,  expressed  on  B  cells,  is  essential  for  lymphocyte

signalling,  leading  to  B  cell  maturation  and  antibody  isotype  class  switching

(Kroczek et al. 1994). The mutations in CD40L result  in an inability of the protein
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to bind to its receptor and consequently, interfere with the signalling cascade leading

to  the  activation  of  several  genes  involved  in  B  cell  proliferation  and  antibody

production    (Allen  et  al.  1993).  XHIGM  is  characterised  by  low  levels  or  the

absence of IgG, IgA and IgE, and normal or elevated IgM in the serum, causing the

patients  to  be  highly  susceptible  to  recurrent  bacterial  infections  and  prone  to

autoimmune  diseases  and  neutropenia  (Fuleihan  et  al.  1993;  Levy  et  al.  1997;

Notarangelo et al. 1992).

2.4.3  Diseases caused by mutations in Src homology 2 (SH2)
domains

SH2  domains  are  usually  found  in  multidomain  proteins,  involved  in  cellular

signalling  pathways.  These  domains  bind  to  their  specific  phosphopeptide  targets

and  thus  function  in  molecular  assembly  of  activated  complexes.  Particular  SH2

domains form intramolecular interactions, which regulate enzyme activity (Machida

and Mayer 2005; Schlessinger and Lemmon 2003). Missense mutations in the genes

that  encode SH2  domaincontaining  proteins  cause  various diseases,  owing  to  the

versatile roles of SH2 domains in cellular signalling.

2.4.3.1 Xlinked agammaglobulinemia (XLA)

XLA is caused by mutations in the gene encoding Bruton’s tyrosine kinase (BTK), a

tyrosine  kinase  participating  in  multiple  signalling  pathways  involved  in  B

lymphocyte maturation (Lindvall et al. 2005). The disease is characterised by failure

to produce mature B cells and associated with a  failure of  immunoglobulin heavy

chain  rearrangement,  which  leads  to  recurring  bacterial  infections  in  patients

(Bruton 1952; Rawlings and Witte 1994).

2.4.3.2 Xlinked lymphoproliferative syndrome (XLP)

The gene defective in XLP encodes a protein SH2D1A which is expressed mainly in

T cells and natural killer  (NK) cells  (Coffey et al. 1998; Nichols et al. 1998). The

protein functions as a component of a signalling cascade that leads to activation of T
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cells  upon  their  association  with  antigen  presenting  cells.  SH2D1A  affects

downstream  signalling  in  several  ways  and  therefore  its  dysfunction  leads  to  the

broad  clinical  spectrum  of  XLP  (Sayos  et  al.  1998).  XLP  involves  extreme

sensitivity  to  infection  with  EpsteinBarr  virus,  which  results  in  a  complex

phenotype  characterised  by  mononucleosis,  alterations  in  concentrations  of  serum

immunoglobulins and malignant lymphoma  (Purtilo 1981).

2.4.3.3 Severe combined immunodeficiency (SCID)

Mutations  in  the  gene  encoding  ZAP70,  a  tyrosine  kinase  involved  in  T  cell

receptor  signalling (Chan et al.  1992),  lead  to a  rare,  autosomal  recessive  form of

SCID (Chan et al.  1994). The ZAP70 deficiency  is  characterised by  the  selective

absence of CD8+ T cells and an abundance of CD4+ T cells that are unresponsive to

T cell  receptor mediated stimuli  (Arpaia et al. 1994). Patients  suffer  from chronic

diarrhoea, persistent candidiasis and severe pulmonary infections.

2.4.3.4 Noonan syndrome (NS)

NS (Noonan 1968) is caused by mutations in the gene PTPN11, which encodes the

protein  SHP2  (Allanson  1987).  SHP2  is  a  tyrosine  phosphatase  that  acts  as  a

component in several signalling pathways involved in the control of developmental

processes, haematopoiesis and metabolism (Qu et al. 1997; Qu et al. 1998; Saxton et

al.  2000;  Saxton  et  al.  1997;  Tang  et  al.  1995;  Zhang  et  al.  2004).  NS  is  an

autosomal  dominant  syndrome  characterised  by  congenital  heart  defects,  short

stature,  thrombocytopenia  and  a  characteristic  configuration  of  facial  features

(Kitchens and Alexander 1983; Lemire 2002; Limal et al. 2006).

2.4.3.5 Juvenile myelomonocytic leukaemia (JMML)

Mutations  in  the PTPN11 gene, which  is  affected  in Noonan syndrome  have  been

shown to cause JMML (BentiresAlj et al. 2004; Tartaglia et al. 2003). JMML is a

paediatric  myelodysplastic  syndrome  characterised  by  excessive  proliferation  of

myelomonocytic cells (Hasle et al. 1999).
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2.4.3.6 Severe insulin resistance

A  missense  mutation  leading  to  an  amino  acid  substitution  in  the SH2  domain  of

PI3kinase,  a  signal  transduction  protein  linking  insulin  to  many  of  its  cellular

responses (Cohen 2006), has been found to cause severe insulin resistance (Baynes

et al. 2000).

2.4.3.7 Basal cell carcinoma (BCC)

BCC  is  the  most  frequent  skin  cancer  in  the  white  population,  usually  occurring

sporadically, but a subset of cases have been shown to be linked to genetic disorders

(Bodak  et  al.  1999;  Goeteyn  et  al.  1994;  Gorlin  1987).  Mutations  in  the  gene

encoding  the  GTPaseactivating  protein,  RasGAP,  have  been  found  in  a  subset of

BCC cases (Friedman et al. 1993).

2.4.3.8 STAT1 deficiency

The  STAT1  protein  mediates  interferon  signalling  as  part  of  the  JAK/STAT1

pathway  (Ramana  et  al.  2000).  The  complete  STAT1  deficiency  caused  by

mutations  in the STAT1 gene involves impaired response to interferon  ,  leading to

severe viral disease and mycobacteriosis (Dupuis et al. 2003).

2.4.3.9 Growth hormone insensitivity with immunodeficiency

Defects  in  the  STAT5B  SH2  domain  lead  to  growth  hormone  insensitivity  with

immunodeficiency  (Kofoed  et  al.  2003).  STAT5B  is  a  component  of  the  growth

hormone signalling pathway that leads to stimulation of insulinlike growth factor I

gene transcription (Woelfle et al. 2003).
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3.  Aims of the study

The aims of this study were to:

1) Broaden  our  knowledge  on  protein  structurefunction  relationships  and

genotypephenotype  correlations  in  human  hereditary  diseases,  by

studying  known  mutations  and  elaborating  their  effects  on  protein

properties in silico (IIII).

2) Design  and  implement  a  protocol  for  the  bioinformatics  analysis  of

missense  mutations,  and  to  assess  the  usefulness  and  reliability  of  the

methods available (IIV). This lead to the initiation of the development of

a pipeline for the prediction of the effects of missense variants (IV).

3) Develop a new database for SH2 domain mutations (III)

4) The  reliability  of  the  methods  for  the  prediction  of  missense  variant

pathogenicity was questioned in (II), which lead to the hypothesis that the

reliability and prediction power of these methods may be insufficient to be

used  for  the determination of possible pathogenicity of a  variant. To test

this  hypothesis  and  facilitate  the  choice  of  methods  to  be  used  in  the

future, the performance of these methods was evaluated (V).
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4.  Materials and methods

4.1  Analyses of the effects of missense mutations (IIII)

4.1.1  Databases

Mutation  data  and  amino  acid  sequences  for  the  analysed  proteins  were  obtained

from  IDbases  (Piirilä  et  al.  2006)  and  SH2base  (Lappalainen  et  al.  2008).  The

SH2base  (http://bioinf.uta.fi/SH2base)  was  constructed  by  the  MUTbase  program

suite (Riikonen and Vihinen 1999). All the mutations in human SH2 domains were

found  in  literature  and database  searches.  Individual  locus  specific databases were

built for genes not included in the IDbases (RASA1, http://bioinf.uta.fi/RASA1base;

and PIK3R1, http://bioinf.uta.fi/PIK3R1base).  Information about the proteins,  such

as domain boundaries, functional sites and posttranslational modification sites was

extracted from  literature and the UniProt database. Protein  family  information was

obtained  from  the  Pfam  database  (Finn  et  al.  2010).  Threedimensional  structural

data was obtained from the Protein Data Bank (PDB) (Berman et al. 2000).

4.1.2  Multiple sequence alignments and sequence conservation

Homologous  sequences  were  retrieved  by  PSIBLAST  (Altschul  et  al.  1997),  or

extracted from the Pfam database (Finn et al.). Multiple sequence alignments were

made  with  CLUSTALW  (Thompson  et  al.  1994)  and  3DCoffee  (O'Sullivan  et  al.

2004). Readymade  sequence alignments  for protein domains were  extracted  from

Pfam. Alignments were visualised and the degree of evolutionary conservation  for

sequence positions was studied using MultiDisp (Riikonen and Vihinen, submitted),

ProCon  (Shen and Vihinen 2004) and ConSeq (Berezin et al.  2004). Conservation

indices were calculated by AL2CO (Pei and Grishin 2001) and ConSurf (Glaser et

al. 2003).

http://bioinf.uta.fi/SH2base
http://bioinf.uta.fi/RASA1base;
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4.1.3  Disorder prediction

Structural  disorder  in  proteins  and  the  effect  of  missense  mutation  on  disorder

propensities were studied by the programs PONDR (Romero et al. 1997), DisEMBL

(Linding  et  al.  2003a),  GlobPlot  (Linding  et  al.  2003b),  DISOPRED  (Ward  et  al.

2004),  IUPred (Dosztányi  et  al.  2005),  DRIPPRED

(http://www.sbc.su.se/~maccallr/disorder/) and Ronn (Yang et al. 2005). The effect

of mutations was studied by comparing profiles for the wildtype sequences to those

for each mutated sequence.

4.1.4  Aggregation prediction

The effects of mutations on protein aggregation  propensities were predicted by

the program TANGO (FernandezEscamilla et al. 2004) and calculations presented

by Chiti (Chiti et al. 2003), for which the  helical propensities were calculated by

the program AGADIR (Muñoz and Serrano 1997).

4.1.5  Pathogenicity predictors

The predicted pathogenicities of mutations were studied by SNPs3D (Yue et al.

2006),  SIFT  (Ng  and  Henikoff  2001),  PolyPhen  (Sunyaev  et  al.  2001)  and    Pmut

(FerrerCosta et al. 2005).

4.1.6  Stability prediction

The  programs  SCPred  (Dosztányi  et  al.  1997;  Dosztányi  et  al.  2003b),  SCide

(Dosztányi  et  al.  2003a;  Dosztányi  et  al.  2003b),  Sride  (Gromiha  et  al.  2004),

PoPMuSic  (Sunyaev  et  al.  2001),  FoldX  (Schymkowitz  et  al.  2005)  and

DMUTANT (Zhou and Zhou 2002) were used for studying the effects of missense

mutations on protein stability.

http://www.sbc.su.se/~maccallr/disorder/
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4.1.7  Structural analyses

Structural analyses were based on the crystal or solution structures obtained from

PDB (Berman et al. 2000). Secondary structure boundaries were determined by the

program STRIDE (Frishman and  Argos 1995). The  structures were visualised and

mutated  proteins  modelled  by  PyMOL,  version  0.99  (DeLano  2002).  Hydrogen

atoms were added to modelled structures by Reduce (Word et al. 1999), or Insight II

(Accelrys),  and  mutant amino acid  side chain   angles were  rotated at  intervals of

10° by the Autobondrot function in PROBE 2.80 (Word et al. 2000). The rotatable

side  chains  were  created  with  PREKIN  5.93  (Word  et  al.  2000).  The  best  fitting

rotamers  (judged  by PROBE score) were  selected and  modelled on corresponding

wild  type  structures.  The  threshold  PROBE  score  for  an  acceptable  conformation

was  1.0,  allowing  for  small  perturbations  in  the  structure  (Lovell  et  al.  2000).

Mutant  structures  were  validated  by  the  MolProbity  server  (Lovell  et  al.  2003).

Models were  then  analysed  for  van  der  Waals  effects  and  electrostatics  using  the

programs  PROBE  and  MAGE  (Word  et  al.  2000),  or  PyMOL.  The  changes  in

contacts  between  residues  in  mutated  structures  versus  wild  type  structures  were

studied  by  the  programs  WHAT  IF  (Vriend  1990),  RankViaContact  (Shen  and

Vihinen 2003), CSU (Sobolev et al. 1999) and MolProbity (Lovell et al. 2003), and

visualised  by  KiNG  (Lovell  et  al.  2003).  Contact  surfaces,  as  well  as  solvent

accessible  surfaces,  were  calculated  with  CSU  (Sobolev  et  al.  1999). Electrostatic

surface potentials were calculated and visualised by PyMOL.

4.2  Evaluation of the performance of prediction
methods (V)

4.2.1  Datasets

The  mutation  dataset  (34778  cases)  was  extracted  from  the  PhenCode  database

(Giardine et al. 2007) and the dataset of neutral variants (32619 cases) from dbSNP

(Sherry et al. 2001).
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4.2.2  Prediction methods

The  effects  of  diseasecausing  mutations  (positive  dataset)  and  SNPs  (negative

dataset) were predicted by the programs MutPred (Li et al., 2009) nsSNPAnalyzer

(Bao et al.  2005), Panther  (Thomas et al.  2003), PhDSNP  (Capriotti  et al.  2006),

Pmut  (FerrerCosta et al.  2005), PolyPhen  (Ramensky et al. 2002), SIFT  (Ng and

Henikoff 2001), SNAP (Bromberg and Rost 2007), and SNPs&GO (Calabrese et al.

2009). Default parameters were applied for all programs. Only the provided binary

prediction  (pathogenic/neutral)  was  taken  into  consideration  from  the  output  of

programs, or numerical results were converted into binary predictions according to

guidelines given by the authors of methods.

4.2.3  Structure coordinates and analysis

The  3D  structure  coordinates  of  proteins  were  obtained  from  PDB.  Secondary

structural  information  and  solvent  accessible  surface  area  (SAS)  values  for  each

mutation site were assigned by  the program STRIDE  (Frishman and  Argos 1995).

Residues  with  SAS  of  <10%  were  classified  as  buried  and  with  SAS  >25%  as

exposed.  The  CATH  database  (Orengo  et  al.  1997)  was  used  to  group  affected

proteins according to secondary and tertiary structure types.

4.2.4  Calculating expected mutation values

Substitution statistics  for both datasets were analysed by comparing  frequencies of

substitutions with the expected values calculated using the distribution of all amino

acids  in  the  datasets.  For  mutated  residues,  expected  values  were  calculated  with

regard  to  their  codon  diversity,  taking  into  account  all  possible  amino  acid

substitutions.

4.2.5  Determining the significance of results

The  2 test was used to determine the significance of results and  2 was calculated

as:
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where fo is  the  observed  frequency  and fe is  the  expected  frequency  for  an  amino

acid. Pvalues were estimated in a onetailed fashion.

4.2.6  Statistical methods for the evaluation of prediction

performance

The quality of predictions was described by six parameters: accuracy, precision,

specificity,  sensitivity,  negative  predictive  value  (NPV)  and  Matthews  correlation

coefficient (MCC). In the following equations, tp, tn, fp, and fn refer to the number

of true positives, true negatives, false positives and false negatives, respectively.

Accuracy =
fnfptntp

tntp
+++

+

Precision =
fptp

tp
+

Specificity =
tnfp

tn
+

Sensitivity =
fntp

tp
+

NPV =
fntn

tn
+

MCC=
))()()(( fptnfntnfptpfntp

fpfntntp
++++

×−×

Pearson correlations between program outputs were calculated by counting the cases

common to all programs and those predicted similarly.
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5.  Summary of the results

5.1  Procedure for bioinformatics analysis of mutations

We developed a procedure for the bioinformatics analysis of mutations based on the

experience  in our group and previous studies on  the effects of  missense mutations

(IV).  The  procedure  was  implemented  and  refined  in  the  studies  (I,  II,  III)  and

discussed in (IV). A schematic representation of the procedure is presented in Figure

3.
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Figure 3. Groups of methods employed in the mutation analysis procedure. The approach

is divided into sequence and structurebased parts, which partly overlap.

5.2  Databases

The individual mutation databases for each of the diseases were updated for studies

IIII.  In  addition,  a  new  database  for  diseasecausing  mutations  in  SH2  domains,

called  SH2base,  was  created  (III).  In  addition  to  mutation  data,  the  SH2base

contains  information about SH2 domains  and diseases caused  by  mutations within

them. New locus specific databases were built for genes RASA1 and PIK3R1, along

with the development of the SH2base.

5.3  The molecular mechanisms of a selection of
genetic diseases

In  this  study,  we  implemented  the  mutation  analysis  procedure  in  elucidating  the

molecular  level  effects  of  missense  mutations  causing  cyclic  and  congenital

neutropenia  (I),  XHIGM  (II),  XLA  (III),  XLP  (III),  SCID  (III),  NS  (III),  JMML

(III), severe insulin deficiency (III), BCC (III), STAT1 deficiency (III), and growth

hormone  insensitivity  with  immunodeficiency  (III).  Features  of  the  diseases  are

summarised  in Table 1. For  the diseases  in  the original communication  (III), only

those  mutations  affecting  Src  homology  2  (SH2)  domains  were  analysed.  Each

known mutation was analysed  individually for all possible effects it might have on

protein  structure or  function. Missense mutations have diverse and parallel  effects

on  protein  structure  and  function  and  in  many  cases,  features  associated  with  a

mutation  overlap.  Consequently,  many  missense  mutations  are  predicted  to  have

more than one effect  in the analysis, which is why percentages  in the following do

not  necessarily  equal  100.  The  detailed  results  considering  each  disease  and

mutation  are  found  in  the  original  communications  (IIII).
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Table 1. Diseases analysed.

Gene Protein Disease OMIM Inheritance Mutationsa Phenotypes

ELA2 HNE  Neutropenia, cyclic and congenital 162800,
130130

Autosomal
dominant 32 Decreased or oscillating levels of neutrophils in

the blood, recurrent infections
CD40L CD40L  Xlinked hyperIgM syndrome (XHIGM)  308230 Xlinked 35 Defective Ig class switching, recurrent infections.

BTK BTK  Xlinked agammaglobulinemia (XLA) 300300 Xlinked 32 Hypogammaglobulinemia, antibody deficiency,
recurrent infections

SH2D1A SH2D1A Xlinked lymphoproliferative disease
(XLP) 308240 Xlinked 25 Mononucleosis, B cell lymphomas,

dysgammaglobulinemia

ZAP70 ZAP70 Severe combined immunodeficiency
(SCID) 600802 Autosomal

recessive 1 Severe pulmonary infection, chronic infections

PTPN11 SHP2  Noonan syndrome (NS) 163955 Autosomal
dominant 21 Short stature, facial dysmorphia, congenital

heart defects

PTPN11 SHP2 Juvenile myelomonocytic leukaemia
(JMML) 607785  Not available 18 Myelodysplastic syndrome, leukaemia

PIK3R1 PI3
kinase Severe insulin resistance  Not available 1 Hyperinsulinemia, diabetes mellitus at later

stage

RASA1 RasGAP  Basal cell carcinoma (BCC) 605462  Sporadic 3 Clusters of basal cell carcinoma, tumours on the
chest

STAT1 STAT1  STAT1 deficiency, complete 600555  Not available 1 Susceptibility to viral and intracellular bacterial
infections

STAT5B STAT5B Growth hormone insensitivity with
immunodeficiency 245590  Not available 1 Growth failure, recurrent infections

a Number of diseasecausing missense mutations analysed in each study.
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The missense mutations causing cyclic and congenital neutropenia were found to

have a pronounced structural effect (I). Only three of the 32 amino acid substitutions

could be accommodated in the structure and almost all substitutions were predicted

to  have  effects  on  protein  stability.  Loss  of  protein  stability  leads  to  loss  of

enzymatic activity of HNE and possibly to the accumulation of the protein in cells.

In contrast,  the analysis of  missense mutations  in CD40L revealed  the  majority of

mutations  causing  XHIGM  have  a  mechanism  of pathogenicity  related  to  protein

protein  interactions  governing  the  function  of  the  encoded  protein  (II).  In  SH2

domains,  the  pathogenic  nature  of  mutations  was  determined  to  be  related  to  the

dysfunction  in  binding  of  proteins  to  their  phosphopeptide  ligands.  This  causes

mutations to lead into defects in the corresponding signalling pathways in which the

SH2  domain  containing  proteins  serve  a  regulatory  function  (III).  An  exception

among  the SH2  domaining  proteins  was  found,  namely  the protein  SHP2,  which

has  a  selfregulated  enzymatic  function  distinct  from  the  other  SH2  domain

containing  proteins  analysed.  In  SHP2,  diseasecausing  amino  acid  substitutions

were not clustered in or around the ligand binding pocket, as in the other analysed

proteins,  but  on  the  interdomain  interface  regulating  enzyme  function,  causing

dysregulation of the enzyme, thereby acting as gainoffunction mutations.

5.4  Sequence conservation and mutations affecting
conserved positions

It  is  widely  accepted  that  sequence  positions  conserved  in  evolution  are

commonly  affected  by  diseasecausing  mutations,  because  these  positions  are

generally important for the structure and function of proteins. There are three types

of  conservation  that  can  be  detected  at  the  sequence  level.  The  first  type  of

conservation  is  invariance,  where  all  amino  acids  occurring  at  the  corresponding

position  in  a  multiple  sequence  alignment  are  the  same.  Conservation  of

physicochemical properties of amino acids, such as hydrophobicity or charge, is the

second  type.  The  third  mechanism  of  conservation  is  covariation,  where  upon
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mutation, a compensating mutation occurs at another sequence position. When two

or more positions in a protein family coevolve, they are often involved in structural

or functional networks in proteins.

We studied the  level of conservation of positions  that are affected by mutations

in the aforementioned diseases, in order to find explanations for the pathogenicity of

the mutations. Our results were  in  line with the general assumption that conserved

positions are often affected by mutations. However, in many of the diseases we have

studied here, a slight majority of missense mutations affect positions not conserved

in  evolution  (II,  III).  Furthermore,  there  is  variance  in  the  nature  of  affected

conserved positions in different proteins and diseases. In the TNF homology protein

family,  there are many evolutionarily  invariant positions (Type I conservation) the

majority  of  which  (60  %)  are  affected  by  mutations  in  XHIGM  (II).  In  contrast,

there  is only one  invariant position  in the  trypsin homology  family,  in which there

are  no  known  mutations  in  human  neutrophil  elastase  (HNE)  that  cause  cyclic  or

congenital  neutropenia  (I).    Only  two  mutations  in  CD40L  affect  positions  with

conserved physicochemical properties (Type II conservation) (II), whereas in HNE,

many  mutations affect  positions where  hydrophobicity  is  a conserved property  (I).

In CD40L, there are no mutations in covariant positions (Type III conservation) (II),

but five covarying positions are affected by mutations in HNE. In CD40L, although

many  conserved  positions  are  mutated  in  XHIGM,  the  majority  (63%)  of  all

XHIGMcausing  missense  mutations affect positions  that are not conserved  in  the

TNF homology family of proteins (II). In HNE, the majority (60%) of the disease

causing  mutations  affect  conserved  positions  (I).  The  differences  in  the  sequence

conservation patterns and the mutations affecting conserved positions in CD40L and

HNE  could  be  explained  by  the  fact  that  in  CD40L,  a  large  fraction  (37%)  of

diseasecausing  mutations  affect  residues  involved  in  receptor  binding  and

trimerisation of the protein (II); in other words, residues positioned at the surface of

the  protein.  On  the  other  hand,  HNE  mutations  mostly  affect  buried,  structure

maintaining  residues  (I).  The  variation  in  the  results  of  sequence  conservation

analysis  in  these  two  proteins  illustrates  the  importance  of  studying  evolutionary

conservation  at  different  levels  (Type  I,  Type  II  and  Type  III),  instead  of  simply

looking  at  the  frequency  of  a  particular  amino  acid  at  certain  positions  in  the

alignment. The different patterns of conservation can provide  insight  into possible

disease  mechanisms  in  different  proteins.  The  picture  is  not  always  as  simple,
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however, as illustrated by sequence conservation in SH2 domains and differences in

the effects of mutations in BTK and SH2D1A. There is only one invariant residue in

the  SH2  domain  family,  but  Type  II  and  Type  III  conservation  is  evident.  The

fraction of conserved positions affected by mutations  is approximately the same  in

both proteins (48 % and 46 %, respectively), but in BTK most of these positions are

involved  in  protein  function  (phosphopeptide  binding),  while  in  SH2D1A  the

positions  serve  a  structural  role  (III).  In  the  SH2  domain  family,  the

physicochemical  properties of  residues  in  the  ligandbinding  pocket  affect  protein

function, whereas the properties of residues in the protein core have an effect on the

structural  integrity of  the protein. Similarly,  in  the covarying network of  residues

both structuremaintaining and functionrelated positions are found (III).

5.5  The effects of missense mutations on structural
disorder

In studies of CD40L and HNE mutations, four and six methods for the prediction of

disorder were used, respectively (I,  II). The number was greater  in (I) because  the

studies for the publication were done later than those for (II) and new methods were

found. None of  the mutations were predicted  to cause disorder by all  the methods

used  in either  study.  If  the majority of  methods predicted the mutation  to  increase

disorder  propensity  in  the  protein,  the  mutation  was  considered  likely  to  cause

disorder.  25  %  of  the  HNE  mutations  (I)  and  23  %  of  the  CD40L  (II)  mutations

were  likely  to  increase  disorder  in  the  protein.  Mutations  introducing  a  proline

residue were overrepresented  in  the cases predicted to cause disorder  in proteins,

which  is  in  line with  the wellknown  fact  that prolines  act  as  structural disruptors

when placed the middle of secondary structure elements (Chou and Fasman 1974).

All of the mutations predicted to cause disorder were found to have other structural

effects on the corresponding proteins as well (I,II).
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5.6  The effects of mutations on   aggregation

The results of   aggregation propensities of mutated proteins were controversial. In

CD40L, five of the XHIGMcausing mutations were predicted to increase protein 

aggregation propensity using the Chiti method, but only one of them was predicted

to do so by the program TANGO (II). The results were parallel in HNE mutations: 4

missense  mutations  were  predicted  to  cause  protein    aggregation  by  the  Chiti

method, of  which  two  agreed  with  the  TANGO  results.  In  addition,  one  mutation

was predicted to increase aggregation propensity by TANGO, but not with the Chiti

method  (I).  All  mutations  predicted  to  increase  aggregation  propensities  of  the

corresponding proteins, were  found  to have additional effects on protein  structure,

predicted  by  other  methods  (I,  II).  It  has  been  suggested  that  formation  of  native

protein complexes and selfaggregation compete  in the cell, as missense mutations

affecting the interface or the stability of a protein complex, often lead to formation

of  toxic  aggregates  (Castillo  and  Ventura  2009).  The  missense  mutations  in

homotrimer interfaces of CD40L were mostly not predicted to cause aggregation by

the methods we used (II).

5.7  Mutations affecting protein structural stability

In general, the majority of missense mutations has been found to affect structurally

important  residues,  causing  loss  of  structural  integrity  or  stability  of  the  protein,

rather than those residues directly  involved  in protein  function (Mooney and Klein

2002; Wang and Moult 2001; Yue et al. 2005). Our results were mostly in line with

this  observation  (I,II),  with  the  exception  of  mutations  in  SH2  domains,  where  a

slight  majority  (56%)  of  missense  mutations  affected  residues  involved  in  ligand

binding  and  thus  protein  function  (III).  The  mutations  in  SHP2,  the  majority  of

which  were  found  to  be  involved  in  regulation  of  protein  activity  and  therefore

assigned  a  functional  role,  are  not  included  in  the  percentage.  SHP2  mutations

illustrate  the  problem  in  artificial  of  categorising  of  mutations  into  groups,

according  to  their  effect.  Diseasecausing  mutations  are  positioned  at  the
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interdomain  interface  in SHP2,  causing destabilisation of  the  inactive structure of

the protein,  thereby  leading to defective regulation of  its  function (III). Depending

on  the  point  of  view,  these  mutations  could  just  as  well  be  classified  as  structure

destroying mutations.

Effects  of  mutations  on  the  structural  stability  of  proteins  were  studied  by

programs  predicting  stabilising  residues  in  proteins  and  by  programs  evaluating

mutationinduced stability changes  in proteins  (I,  II). A substitution at a predicted

stabilising  residue  was  considered  to  destabilise  structure.  56%  of  missense

mutations in HNE were predicted to be structure destabilising by these methods. In

addition to these methods, rotamer analysis and modelling of mutations on proteins

were perfomed,  in order  to  study whether  the  introduced side chain would  fit  into

the structure, and if so, how the structuremaintaining contacts would change upon

mutation  (I,  II,  III).  In  HNE,  only  three  of  the  23  mutations  screened  could  be

adopted without significant rearrangements in the structure (I). Mutant residues that

cannot fit  into the structure lead to decreased stability of the protein,  if they do not

cause changes in folding or scaffolding of the protein, thereby causing the protein to

be  dysfunctional.  Interestingly,  an  experimental  study  of  a  number  of ELA2

missense mutations has been made after we published (I) and the results show that

the amino acid substitutions cause misfolding of the protein, leading to activation of

unfolded  protein  response  (UPR),  followed  by  apoptosis  of  granulocyte  precursor

cells (Grenda et al., 2007). This result supports our prediction of extensive structure

destabilising effects of neutropeniacausing mutations. The majority of mutations in

SH2D1A  were  found  to  have  similar  effects,  as  well  as  mutations  in  the  STAT

proteins (III). Of the CD40L mutations, about half  the mutations were  found to be

unable to fit into the structure (II).

The  contacts  formed  between  amino  acid  side  chains  constitute  the  major

structure  maintaining  and  stabilising effects  in  folded proteins.  As  a  consequence,

alterations  in  the  residueresidue  contacts  caused  by  mutant  side  chains  were

examined. Only those amino acid substitutions fitting into the structure according to

the  rotamer  analysis  were  examined.  Mutations  causing  loss  of  hydrophobic

interactions,  hydrogen  bonds  or  disulphide  bridges,  or  introducing  charge  in  the

protein core, thereby affecting the structural properties of proteins, were found to be

very common (IIII).
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The amino acid substitutions involving proline and glycine residues can be seen

as  a  distinct  group  of  conformationaffecting  mutations  because  of  the  special

characteristics  of  these  residues.  The  fraction  of  mutations  involving  prolines  was

rather large among the neutropeniacausing mutations (34.4%) (I), compared to their

occurrence  in  other  analysed  diseases  (8.5%  in  XHIGM  and  8.8%  in  the  diseases

caused  by  SH2  domain  mutations)  (II,III).  This  is  in  agreement  with  the  general

observation that missense mutations in ELA2 lead to structural destabilisation of the

protein (I), whereas in CD40L (II) and in the SH2 domain containing proteins (III),

amino acid substitutions in general have a functional, rather than structural role.

5.8  Mutations affecting protein electrostatic surface
potential and proteinprotein interactions

Our results show the electrostatic surface potential of proteins is commonly affected

by missense mutations. Many (37%) XHIGMcausing mutations were found to have

an  effect  on  the  electrostatic  surface  potential  of  the  protein,  mostly  causing  the

surface charge become more negative than the wild type (II). Results were  similar

for the SH2 domains (III). These mutations destabilise or hinder the interactions of

these  proteins  with  other  molecules,  because  the  interactions  are  driven  by  the

positive  charge  of  the  binding  surface  of  the wild  type protein,  which  attracts  the

negatively  charged  partner  molecule  (II,  III).  The  specific  contactforming  amino

acid  residues at  the  ligandreceptor  interface,  as well as  the  interacting  surfaces  in

the biologically active CD40L trimer, are well documented  in  literature. Of the 35

XHIGMcausing  mutations,  16  were  found  to  affect  these  residues,  thereby

influencing  the  molecular  interactions  essential  for  proper  protein  function  and

CD40L quaternary structure. Altogether, 54% of the CD40L mutations had an effect

on  the  molecular  interfaces.  Mutations  destabilising  interfaces  were  common  in

SHP2  as  well,  as  many  as  19  of  the  24  mutations  were  positioned  at  the  surface

between the NSH2 and protein tyrosine phosphatase (PTP) domains (III).  In SH2

domains  in  general,  34  of  the  103  analysed  mutations  presumably  disturb  ligand

binding. The proportion of  functional  mutations was substantially  smaller  in HNE

than in other proteins; only six mutations were  located at the substrate binding site

and affect  the specificity of  the enzyme. However, one quarter of  the neutropenia
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causing  mutations  were  predicted  to  cause  changes  in  the  electrostatic  surface

potentential of HNE, although the overall majority of the mutations had an explicit

structural role (I).

5.9  Genotypephenotype correlations

Genotypephenotype  (GP)  correlations  are  particularly  interesting  as  mutations  in

one  gene  can  lead  to  different  disease  phenotypes.  Cyclic  and  congenital

neutropenia are caused by mutations in the same gene (I), and the severity of XLA

varies among patients (III). Mutations in PTPN11 lead to Noonan syndrome, JMML

and sometimes both (III).

We were not able to elucidate clear GP correlations for the diseases studied, one

reason  being  that  the  same  molecular  event  can  cause  different  phenotypes  in

different  families,  or  the  phenotype  may  even  vary  within  certain  kindreds.  This

shows  GP  correlations  are  complicated  and  depend  on  factors  beyond  our

methodology. GP correlations for PTPN11 have been suggested to be dependent on

the  severity  of  the  mutation  considering  its  effect on  the  level  of gainoffunction

(Kratz et al.  2005). Because JMMLcausing  mutations are  sporadic,  they could  be

phenotypically more severe than the ones found in NS patients. We found a number

of  NScausing  mutations  could  be  considered  to  have  mild  effect  on  the  protein

product,  but  also  many  NSassociated  mutations  have  a  more  pronounced  effect.

Furthermore, some amino acid substitutions predicted to have a mild effect, lead to

JMML  (III).  Elucidation  of  GP  correlations  would  require  systematic  statistical

studies, and the existing datasets with approximately 30 mutations for each disease,

are not sufficient.

5.10  Reliability of missense mutation pathogenicity
predictors (V)

A subset of the evaluated methods developed was found to perform reasonably well

in  terms  of  accuracy,  precision  (or  positive  predictive  value,  PPV),  specificity,

sensitivity,  negative  predictive  value  (NPV),  and  Matthews  correlation  (MCC).
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According  to  our  results,  the  overall  best  performing  methods  were  SNPs&GO

(Calabrese et al. 2009), SNAP (Bromberg and Rost 2007) and PolyPhen (Ramensky

et al. 2002). SNPs&GO achieved an accuracy of 0.67, precision of 0.83, specificity

of  0.91,  and  MCC  of  0.39.  In  terms  of  sensitivity  and  NPV,  SNAP  was  the  best

method. The results indicate that more reliable prediction methods are needed.

The  methods  were  found  to  be  very  diverse  in  terms  of  performance,  and

interestingly,  no  convergence  was  observed  between  methods  based  on  similar

principles. For example, SNAP and Pmut (FerrerCosta et al. 2005) are both neural

network  based predictors  sharing  similar  structural  and  sequence  homology  based

attributes  in  describing  missense  variants.  However,  SNAP  was  one  of  the  best

performing  methods  (MCC 0.33) while Pmut was among  the worst, with MCC of

0.09.

There was no appreciable difference in accuracy or specificity for substitutions at

different  types  of  secondary  structural  elements,  buried  or  exposed  positions,  or

different types of substituted or substituting amino acid. Sensitivity and the MCC of

predictions  varied  according  to  these  descriptors.  MCC  values  also  varied

significantly  with  CATH  structural  class.  In  general,  results  of  the  prediction

programs do not correlate well and only a  small  subset of  the cases was correctly

predicted by all methods.
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6.  Discussion

We have used numerous methods for the prediction of several different mechanisms

by which missense mutations may affect protein  structure and  function. There are,

in  principle,  two  types  of  questions  that  could  be  answered  by  using  the

methodology  presented  in  this  study.  Firstly,  one  may  want  to  know  whether  a

certain coding variant  is pathogenic or benign, that is, whether  it causes some kind

of  negative  effects  on  the  structure  or  function  of  the  protein  product  or  not.

Secondly, one may be interested in why a certain pathogenic variant causes disease

(and why a neutral variant does not) and what kind of negative effects  it causes at

the protein level.

6.1  Pathogenic or not?

The  methods  to  be used  should  be  chosen carefully depending on  the question

one wants to find an answer for. For example, the results  from disorder prediction

methods  will  not  address  the  general  question  as  to  whether  a  missense  variant  is

pathogenic  or  benign,  but  may  be  useful  in  analysing  the  molecular  level

mechanisms  of  pathogenicity  for  a  mutation.  Likewise,  one  would  intuitively

assume the results  from the pathogenicity prediction methods would not be of any

use  when  analysing  the  effects  of  a  known  diseasecausing  mutation.  These

methods,  however,  are  based  on  different  aspects  and  parameters  describing

pathogenicity,  and  could  thus  provide  clues  on  the  molecular  level  effects  of  a

mutation.  Furthermore,  many  pathogenicity  prediction  methods  provide  valuable

information  about  the  basis  for  the  result;  particularly  those  including  structural

information  and/or  database  annotations  in  the  prediction  (see  IV  and  V  for  the

detailed  description  of  individual  methods).  When  addressing  the  question  of

whether a variant with unknown phenotypic effect is pathogenic or not, why follow

our approach and use a multitude of different methods, when using  just one of  the
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pathogenicity predictors can provide a simple solution? Firstly, none of the methods

is perfectly reliable, and secondly, none of them takes into account as many possible

mechanisms  of  pathogenicity  as  our  protocol  (IV,  V).  Using  a  multiple  method

approach, such as our protocol, provides insight into the putative disease mechanism

of  the  variant,  beyond  the  pathogenicornot  prediction  methods.  We  find  that  by

using  multiple  methods,  based  on  different  parameters  and  looking  at  various

properties  of  mutations,  probably  more  sophisticated  and  reliable  results  can  be

achieved. The finding that those missense variant pathogenicity prediction methods

that include several descriptors of the variant  in the prediction, perform better than

those describing missense mutations  in a more simple way also supports this view

(V).

6.2  Sequence analysis

We  used  experimentally  defined  structures  as  a  basis  for  interpretation  of  the

effects  of  mutations  (IIV),  but  modelled  structures  can  be  used  as  well,  when  a

structure has not yet been solved (Khan and Vihinen 2009). A subset of the methods

in our approach is based on protein amino acid sequence only (Figure 3), and these

can be employed in the absence of structural information. Sequencebased methods

for  identifying  deleterious  mutations  have  been  shown  to  be  as  reliable  as  those

methods  incorporating  structural  data,  in  some  studies  (Ng  and  Henikoff  2001;

Saunders and Baker 2002), but other studies have contradicted this view (Bromberg

and  Rost  2007;  Krishnan  and  Westhead  2003).  However,  when  studying  the

molecular  level  mechanisms  of  disease,  structurebased  methods  can  provide

valuable information above and beyond sequence level.

For sequencebased approaches, there are (usually) plenty of sequences available,

but  the  choice  of  sequences  used  in  multiple  sequence  alignment  (MSA)  can

drastically affect prediction accuracy. While an optimal alignment should use only

orthologues with the same function, paralogues can reduce prediction accuracy. This

is  because  a  change  in  function  would  yield  different  conservation  pressures  in

different  regions  of  the  protein.  Many  methods  presented  in  IV  make  automatic

BLAST  searches  to  generate  input  MSAs,  which  may  impose  problems  on  the

quality of the MSA. In addition to possibly incorporating paralogue sequences in the
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MSA, a common problem  in  running BLAST searches,  is  that  there  is  typically  a

variable amount of redundancy in the set of sequence hits because multipe versions

of  the  same  sequence  or  mutant  sequences  may  appear  in  the  result.  Duplicate

sequences  incorporated  in the MSA may distort the  sequence conservation profile.

There  are  numerous  methods  available  for  multiple  sequence  alignment  and

deciding  which  would  produce  the  most  accurate  results  is  a  difficult  task,  as

individual methods each have their specific strengths and weaknesses (Ahola et al.

2006,  2008) (discussed  in  IV).  One  approach  would  be  to  use a  service  that  runs

several MSA methods and combines them into a single model, such as the MCoffee

server (Moretti et al. 2007). We circumvented the problem in our analyses (IIII) by

obtaining  readymade curated MSAs  from  Pfam  (Bateman  et  al.  2004;  Finn et  al.

2010; Sonnhammer et al. 1997), when available.

6.3  2D structure and disorder

Secondary  structure  predictors  can  be  useful  in  predicting  the  structural

framework  in  which  missense  mutations  are  found,  in  order  to  make  hypotheses

about their role. These methods have not been used in (IIII), however, because the

structures  of  the  proteins  analysed  were  solved  experimentally.  According  to  our

experience,  the  existing  secondary  structure  prediction  methods  are  not  sensitive

enough to detect missense mutationinduced changes in 2D structural elements.

This observation leads to the question of whether disorder prediction methods are

sensitive enough, as disorder essentially refers to the  lack of an ordered secondary

structure. Furthermore,  these  methods have not been developed  for  the analysis  of

missense  mutations  on  disorder  propensity,  but  to  predict  whether  a  protein  of

unknown  structure  is  intrinsically disordered or contains disordered elements. The

performances of methods for disorder prediction have been evaluated and reported

in context of their development, but performance in the analysis of variants has not

been studied. In our studies (III) the results of different disorder prediction methods

were  inconsistent,  which  most  probably  results  from  different  methods

implementing  diverse  parameters  for  prediction,  and  even  the  concept  of  disorder

lacks  a  categorical  definition  (discussed  further  in  IV).  We  strongly  feel  the

accuracy  of  these  methods  should  be  evaluated,  firstly  because  we  do  not  know
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whether  they  are  suitable  for  analysis  of  missense  mutations  considering  their

sensitivity  and  secondly,  the  abundance  of  existing  methods  based  on  different

parameters  and  training  sets.  This  type  of  an  analysis  falls,  however,  outside  the

scope of this thesis. Until the disorder prediction methods have been evaluated, our

view is that they can be used qualitatively for generating hypotheses about possible

mechanisms  of  mutation  pathogenicity,  but  the  results  should  be  interpreted

critically  in  light  of  the outcome  of  other  methods. For  example,  if  a  mutation  is

predicted  to  increase  disorder  by  several  disorder  methods  (judged  by  a  majority

vote) and it is found to have conformational or stability decreasing effects as well, it

could  be  hypothesised  that  the  mutation  has  secondary/tertiary  structure

destabilising and disorderincreasing effects, causing dysfunctionality of the protein

and  thereby  disease.  Alternatively,  if  all  other  methods  failed  to  provide  any

explanation for the molecular mechanism of a mutation, the outcome of the disorder

methods could be used in speculating the possible structural effects of that mutation.

6.4  Structure analysis

The  structural  effects  of  missense  mutations  have  been  studied  by  modelling

amino acid substitution onto experimentally solved structures (IIII). With regards to

protein  folding,  can  it  be  assumed  that  despite  the  amino  acid  substitution,  the

protein  would  fold  into  a  threedimensional  structure  identical  to  the  wildtype

protein and structural details  (such as  interresidue contacts the substituting residue

forms)  could  be  studied  as  we  propose  in  our  procedure?  Before  modelling,  we

analysed whether it is theoretically possible to accommodate the substituting residue

into  the  existing  structure.  If  not,  those  cases  were  left  out  from  further  steps  of

structure  analysis,  because  our  method  cannot  predict  the  necessary  structural

changes  in  the  vicinity  of  the  substitution.  In  other  cases,  the  theoretically  best

fitting conformation of the residue side chain was employed. We acknowledge that

there are factors this theoretical approach does not take into account, but useful and

correct predictions about  the effects of  mutations have  been  reached  by molecular

modelling, even without an experimental structure  for  the wild type protein (Khan

and Vihinen 2009). The prediction of mutational effects is even more difficult when

using  modelled  proteins  because  even  with  high  sequence  homology  between  the



59

template and target proteins the positions of residue side chains cannot be precisely

computed.  More detailed information about the effects of amino acid substitutions

on protein structure, folding and dynamics, could be attained by molecular dynamics

simulations, which are computationally heavy. In this instance, cases to be analysed

should  be selected  carefully  by applying a procedure  for prioritisation of  the most

interesting cases – a procedure such as the one presented in this study.

6.5  Structural and functional mutations

The  classification  of  mutational  effects  into  structureperturbing  or  function

abolishing  categories  employed  in  (IIII)  is  controversial,  considering  the  intimate

relationship between protein structure and function. For example, should amino acid

substitutions in interdomain or intermolecular interfaces be classified as structural or

functional mutations? Substitutions affecting the interdomain interface in the SHP2

protein are predicted to lead to constant activation of the enzyme by abolishing the

regulatory  function  of  the  SH2  domain  when  interacting  with  the  phosphatase

domain  (III).  Thus,  these  mutations  have  been  classified  as  directly  related  to

function,  although  they  could  be  viewed  as  structureaffecting  (destabilisation  of

quaternary  structure)  as  well.  Similarly,  in  RasGAP  the  R398L  substitution  is

predicted to affect the structure of the phosphotyrosinebinding pocket, through loss

of  hydrogen  bonding  with  other  residues  involved  in  pocket  formation  (III).

Structural alterations in the binding pocket are predicted to lead to changes in ligand

binding  and  thereby  function,  so  the  mutation  is  classified  as  directly  related  to

protein function. In HNE, a neutropeniacausing mutation causes the substitution of

cysteine 71 by arginine. The residue is located at a site determining specificity of the

protein,  thus  the  substitution  is predicted  to alter  the  specificity of  the protein and

the mutation is classified to be functional (I). However, C71 also forms a disulphide

bond  with  C55,  the  breakage  of  which  probably  leads  to  destabilisation  of  the

protein. Thus, amino acid substitutions can have multiple effects on protein structure

and  function,  and  the  prediction  of  these  effects  sometimes  produces  overlapping

results.  In  cases  like  this,  our  method  cannot  determine  which  mechanism  is  the

primary causative effect of  the disease phenotype. The categorisation of mutations

into functional or structural classes according to effects at the protein level depends
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on  the  point  of  view  and  therefore  this  categorisation  is  a  relative,  rather  than

absolute statement of the nature of the mutation.

6.6  Reliability of the methods used

The  performance  and  accuracy  of  individual  methods  has  been  evaluated  and

reported by the developers. In order to assess the reliability of  the results obtained

by  our  approach  however,  fair  and  comprehensive  evaluation  of  the  reliability  of

each  prediction  method  in  the  procedure  should  be  performed,  followed  by

experimental verification of the predictive findings. Furthermore, there is a plethora

of bioinformatics methods available  for prediction of different aspects of missense

variant effects (IV) and the number of methods employed in the approach should be

diminished  for  efficiency.  Evaluation  of  methods  is  needed  in  order  to  be  able  to

select the most reliable ones. We started the evaluation task by studying reliability

of  missense  variant  pathogenicity  prediction  methods  in  (V)  employing  a  similar

approach as  in (Khan and Vihinen 2010), where  stability prediction methods were

evaluated.  Some  mutational  effects  we  have  predicted  in  (I)  have  been  studied

experimentally  (Grenda  et  al.,  2007),  providing  support  for  our  hypotheses  and

success of our procedure for the analysis of molecular effects of mutations (IIV).

6.7  Analysis of mutational effects

Study of the effects of missense mutations at the protein level can give useful and

interesting insight into the molecular basis of hereditary diseases as presented in (I

IV). The mutation analysis approach developed  in this study  is,  to our knowledge,

the most comprehensive  in terms of the number of methods used. Our approach is

also  novel  in  terms  of  employing  a  multitude  of  viewpoints  into  proteinlevel

consequences of a  missense  mutation.  In order  to  attain  more  accurate  results and

even more comprehensive insights about mechanisms of pathogenicity of mutations,

the analysis could be complemented with studies of effects of mutations at the DNA

and RNA level. Our method does not take into account any mutational effects on the

expression of the gene, but  is  based on the assumption that any mutation can have
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an effect at the protein level. Furthermore, given the redundancy of several cellular

pathways,  the molecular  consequences of  missense mutations should  be  viewed  in

the cellular context. A cellularlevel view of the mechanisms of pathogenicity could

be achieved by applying a systems biology approach.

We  feel  evaluation  and  verification  of  the  bioinformatics  approach  for  the

analysis  of  mutational  effects  is  of  utmost  importance,  so  that  computational

prediction  could  obtain  a  more  established  role  in  the  study  of  human  hereditary

disease,  accelerating  for  example,  the  identification  of  pharmaceutical  targets  for

relevant  treatments.  It  should  be  noted  that  despite  being  useful  in  providing

information  about  the  nature  of  mutations  as  such,  bioinformatics  analyses  could

also be helpful in guiding the design of further experimental research.
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7.  Summary and conclusions

In this  study we have developed a procedure  for analysis of  the effects of nsSNPs

and missense mutations on proteins. The analysis has provided  interesting  insights

into molecular level mechanisms of pathogenicity of diseasecausing mutations in a

number of hereditary diseases, comprising immunodeficiencies and diseases caused

by  mutations  in SH2 domains. Defects  in HNE structural  scaffolding and  stability

were  the  cause  for  pathogenicity  of  missense  mutations  in  cyclic  and  congenital

neutropenia.  In  Xlinked  Hyper  IgM  syndrome,  mutations  in  CD40L  have  wide

ranging  effects,  primarily  affecting  the  quaternary  assembly  of  the  protein  and

interactions  it  forms  with  its  receptor.  In  SH2  domain  containing  proteins,

pathogenicity of the mutations was mainly caused by effects on ligand binding and

subsequent  protein  activation  and  therefore  on  downstream  cellular  signalling

pathways.  A  special  case  among  the  SH2  domain  proteins  was  found,  SHP2,  in

which  the diseasecausing  amino  acid  substitutions were  found  to  have  a  gainof

function  effect  by  disrupting  the  interdomain  interface  involved  in  suppressing

activity  of  the  protein.  The  genomewide  analysis  of  pathogenic  SH2  domain

mutations also lead to the development of a mutation database dedicated for disease

causing  SH2  domain  mutations,  aiding  further  research  on  SH2  domains  and

pathologies associated with them.

In  addition  to  elucidating  the  molecular  basis  of  hereditary  diseases,  gaining

knowledge  about  possible  disease  associations  of  nsSNPs  detected  in  largescale

sequencing  efforts  is  another  major  research  problem.  Vast  amounts  of  variation

data  are  being  produced,  providing  invaluable  opportunities  to  gain  knowledge

about  genetic  determinants  of  phenotypic  variation  and  disease  susceptibility  in

humans.  For  the  time  being,  knowledge  of  the  effects  of  genetic  variants  on

phenotypes  is  lagging  behind  data  accumulation.    Many  pathogenic  variants  have

been  identified  (Hamosh  et  al.  2005;  Minoshima  et  al.  2001),  but  the  number  of

known  diseasecausing  variations  is  small  compared  to  the  number  of  known

polymorphisms and it  is still unclear which polymorphisms have biological effects.
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To  understand  the  molecular  basis  of  effects  of  human  genetic  variations  on

phenotype, predictive analysis of the effects of polymorphisms on gene function in

all human genes is needed. There are several methods available for the prediction of

missense  variant  pathogenicity  and  their  performance  was  evaluated.  The  results

indicate  that  although  some  of  the  methods  reach  reasonably  accurate  predictions

more reliable methods should be developed in order to meet the need for efficiency

and reliability in mutation research.

The  mutation  analysis  procedure  developed  in  this  study  is  a  comprehensive

approach  for  the  predictive  analysis  of  the  wideranging  mutational  effects  at  the

protein  level.  The  procedure  has  been  streamlined  during  the  course  of  this  study

and evaluation of  the performance of  its constituent programs has been started.   A

mutation  effect  metaserver  is  currently  being  developed  based  on  the  results  and

experiences  gained  herein.  The  novel  approach  for  the  predictive  analysis  of  the

effects of missense variants could be used in drawing hypotheses on the molecular

causes  of  disease,  with  prioritisation  of  cases  with  unknown  effects  for  further

study, guiding  the course of experimental  studies, or  aiding  the design of proteins

with novel properties for biotechnological applications.
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Cyclic and congenital neutropenia are caused by mutations in the human neutrophil elastase (HNE) gene
(ELA2), leading to an immunodeficiency characterized by decreased or oscillating levels of neutrophils in the
blood. The HNE mutations presumably cause loss of enzyme activity, consequently leading to compromised
immune system function. To understand the structural basis for the disease, we implemented methods from
bioinformatics to analyze all the known HNE missense mutations at both the sequence and structural level. Our
results demonstrate that the 32 different mutations have diverse effects on HNE structure and function, affecting
structural disorder and aggregation tendencies, stability maintaining contacts, and electrostatic properties.
A large proportion of the mutations are located at conserved amino acids, which are usually essential in
determining protein structure and function. The majority of the disease-causing HNE missense mutations lead
to major structural changes and loss of stability in the protein. A few mutations also affect functional residues,
leading into decreased catalytic activity or altered ligand binding. Our analysis reveals the putative effects of all
known missense mutations in HNE, thus allowing the structural basis of cyclic and congenital neutropenia to be
elucidated. We have employed and analyzed a set of some 30 different methods for predicting the effects of amino
acid substitutions. We present results and experience from the analysis of the applicability of these methods in
the analysis of numerous genes, proteins, and diseases to reveal protein structure–function relationships and
disease genotype–phenotype correlations. Hum Mutat 27(12), 1230–1243, 2006. rr 2006 Wiley-Liss, Inc.
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INTRODUCTION

Human cyclic neutropenia (MIM] 162800) is an autosomal
dominant disease in which blood cell production from the bone
marrow oscillates with 21-day periodicity [Haurie et al., 1998;
Palmer et al., 1996]. During the intervals of neutropenia, affected
individuals are at risk for opportunistic infections [Dale and
Hammond, 1988]. Both cyclic and congenital neutropenia (MIM]
202700) are caused by mutations in the ELA2 gene (MIM]
130130), which encodes the human neutrophil elastase (HNE)
protein (SWISSPROT P08246) [Horwitz et al., 1999; Dale et al.,
2000].

The azurophil granules in neutrophils, also called primary
granules, contain serine proteases HNE, cathepsin G (CG), and
proteinase 3 (PR3) in high concentrations [Wiedow et al., 1996].
The granules fuse with neutrophil phagolysosomes after ingestion
of foreign materials as a part of the phagocytic process [Dewald
et al., 1975]. The proteases are responsible for the degradation
of the internalized objects [Lehrer et al., 1988; Boxer and
Morganroth, 1987]. The HNE also acts extracellularly, particularly
at sites of inflammation [Weiss, 1989]. The human neutrophil
elastase degrades not only elastin, but also various other tissue
proteins such as collagens, proteoglycans, and plasma factors like
fibrinogen, fibrin, and antithrombin III [Wintroub et al., 1980;

Bach-Gansmo et al., 1996; Gillis et al., 1997], and bacteria
virulence proteins [Belaaouaj et al., 2000; Weinrauch et al., 2002].
A recently described novel mechanism explains how neutrophils
release granule proteins and chromatin, which together form
extracellular fibers to bind and kill bacteria [Brinkmann et al.,
2004]. Mutations in the HNE presumably cause loss or reduction
of the enzyme activity, consequently leading into compromised
immune system function.

HNE, encoded by the ELA2 gene, is a member of the trypsin
family. It is a 30-kDa serine protease predominantly expressed
in neutrophil granules [Bieth, 1998]. The 267-residue protein is
posttranslationally processed at both termini. The N-terminal
signal peptide (residues 1–27), as well as the C-terminal stretch
(amino acids 248–267), is eliminated by proteolysis during
processing the mature enzyme. The propeptide, amino acids

Published online 19 September 2006 in Wiley InterScience (www.
interscience.wiley.com).

DOI10.1002/humu.20407

Grant sponsor: Tampere Graduate School in Biomedicine and
Biotechnology (TGSBB); Grant sponsor: Medical Research Fund
of theTampere University Hospital, European Union.

�Correspondence to: Prof. Mauno Vihinen, Institute of Medical
Technology, FI-33014,University ofTampere, Finland.
E-mail: mauno.vihinen@uta.¢

rr 2006 WILEY-LISS, INC.



28–29, is cleaved off by the protease cathepsin C, in a step
corresponding to zymogen activation [Adkinson et al., 2002;
Salvesen and Enghild, 1990]. The remaining part of the protein,
the activated enzyme, consists of the leukocyte elastase domain
that is homologous to trypsin (amino acids 30–267). HNE folds
into two structurally similar, antiparallel b-barrel domains, and the
catalytic residues are localized in the crevice between the domains.
Across the crevice is the substrate-binding site, which includes
parts of both domains [Bode et al., 1986]. The crystal structure
of the HNE trypsin homology domain has been determined to an
1.8 Å resolution [Bode et al., 1986].

There is great diversity in the structures and properties of serine
proteases owing to the heterogeneity of their origins [Barrett and
Rawlings, 1995]. Common for all the trypsin-like serine proteases
is the catalytic triad (H70, D117, S202; HNE numbering), which
is arranged in a highly conserved three-dimensional structure,
providing the universal mechanism by which serine proteases
cleave their substrates [Kraut, 1977; Neurath, 1986]. Regions not
directly involved in the catalytic activity of the protease vary
significantly between the members of the serine protease super-
family, reflecting their different biological functions (sequence
homology 30–40%; reviewed by Bode et al. [1989]).

Our mutation registry for cyclic and congenital neutropenia,
ELA2base (http://bioinf.uta.fi/ELA2base), currently lists 135
patient entries with a total of 43 different HNE mutations. Most
disease causing mutations are found in exons (38), 32 of which are
missense mutations located mainly in the trypsin homology domain
of the protein (Table 1). We investigated the protein structural
consequences of all the HNE missense mutations by applying
structural and bioinformatics methods and herein we discuss
bioinformatics tools available for protein structure–function studies
and prediction and evaluation of the effects of missense mutations.

When exploring the effects of mutations on protein structure
and function, several aspects should be taken into account. A
disease phenotype can arise when an amino acid substitution
results in the loss of a critical protein function or structural
alterations. Even minor changes in the size or properties of the side
chain can alter or prevent the function of the protein. On the
other hand, protein folds are rather robust and allow insertions to
numerous sites without the loss of function [Poussu et al., 2004].
The effect of alterations varies by the type of the mutation and the
sequence and structure context. A mutation may also lead into
gain of function effects, such as functional dysregulation or the
formation of toxic aggregates [Forloni et al., 2002; Dobson, 2003;
Steward et al., 2003; Sanders and Myers, 2004]. Mutations to
posttranslationally modified positions also lead to diseases,
including immunodeficiencies [Aghamohammadi et al., 2004;
Vogt et al., 2005]. Evolutionarily conserved positions usually have
a critical role in protein structure and function [Miller and Kumar,
2001; Mooney and Klein, 2002; Shen and Vihinen, 2004]. Amino
acid substitutions at certain positions may lead into increased
disorder in the structure or aggregation tendency, or the
introduced side chains may have effects on protein scaffolding
and stability through steric clashes, altered charge, or loss of
critical interactions. Mutation-induced changes in electrostatic
surface potentials have a wide-ranging effect on protein folding
and stability and on protein–protein interactions. Knowledge of
the regions essential for specificity and function of the protein is
also needed, since mutations at these positions usually lead to loss
of or decrease in activity. Here we have applied and evaluated the
use and suitability of sequence and structure based methods for
the analysis of the consequences of disease-related missense
mutations.

MATERIALSANDMETHODS

The amino acid sequence and missense mutations for the
leukocyte elastase were obtained from our ELA2base database
(http://bioinf.uta.fi/ELA2base). The database lists all known
mutations for the ELA2 gene and stores patient information,
including clinical and immunological phenotype. The database has
been built based on the principles applied in our other
immunodeficiency mutation databases [Piirilä and Vihinen,
2006]. A total of 75 sequence homologs for the trypsin domain
(residues 30–242) and sequence alignments were from the Pfam
database [Bateman et al., 2004]. Alignments were visualized using
MultiDisp (Riikonen, P., Horvath, T., and Vihinen, M., unpub-
lished results) and ConSeq [Berezin et al., 2004] for illustration of
conserved amino acids in the sequence. The default parameters
were applied in all methods, if not otherwise stated.

The evolutionary conservation of the sequences was studied, in
addition to the visualization programs, by ProCon, a program for
calculating mutual information and entropy in amino acid
sequences [Shen and Vihinen, 2004]. Conservation indices were
calculated with the program al2co [Pei and Grishin, 2001] and the
ConSurf server [Glaser et al., 2003].

Structural disorder in the protein and the effects of mutations
were studied using six predictors, Disopred [Ward et al., 2004a],
DisEMBL [Linding et al., 2003a], Globplot [Linding et al., 2003b],
IUPred [Dosztányi et al., 2005a,b], DRIP-PRED, a web-based
predictor for disordered regions in proteins (www.sbc.su.se/
�maccallr/disorder) [MacCallum, 2006], and Ronn [Yang et al.,
2005]. We compared the results for the wild-type sequence to
those for mutant sequences.

The effects of mutations on aggregation propensities were
studied by TANGO [Fernandez-Escamilla et al., 2004; Linding
et al., 2004] and calculations presented by Chiti et al. [2003],
for which a helical propensities were calculated with the program
AGADIR [Muños and Serrano, 1994; Lacroix et al., 1998]. A
script was written to implement the method of Chiti et al. [2003].

The damaging effects of point mutations were analyzed using
SIFT [Ng and Henikoff, 2001], PolyPhen [Sunyaev et al., 2001;
Ramensky et al., 2002], and Pmut [Ferrer-Costa et al., 2005].

The effects of mutations on protein stability were predicted by
Scpred [Dosztányi et al., 1997], SCide [Dosztányi et al., 1997,
2003], Sride [Gromiha et al., 2004], PoPMuSiC [Gilis and
Rooman, 2000; Kwasigroch et al., 2002], FoldX [Schymkowitz
et al., 2005], and Dmutant [Zhou and Zhou, 2002].

Structural analyses were performed based on the crystal
structure of the protein (PDB 1PPF). The structure was visualized
and the mutations were modeled by PyMOL [DeLano, 2002].
Hydrogen atoms were added to the structures using Reduce [Word
et al., 1999a]. Mutant amino acid side chain w angles were rotated
at intervals of 101 by the Autobondrot function in PROBE [Word
et al., 1999b, 2000] and the best rotamers were selected for further
analysis. The acceptable conformations for a mutated side chain
have a total score above –1.0, allowing for small local perturba-
tions in the structure [Lovell et al., 2000]. The created structures
were verified by MolProbity [Lovell et al., 2003]. MolProbity adds
all atom contacts into the structures and flips asparagine and
glutamine side chains when necessary. Mutated structures were
visualized by the program KiNG [Lovell et al., 2003], with which
all atom contacts and clashes were analyzed.

Amino acid contact analysis for the mutant residues in the
trypsin homology domain was performed with CSU [Sobolev et al.,
1999], and the nature of the contacts, contact surfaces, as well
as solvent accessible surfaces, were elucidated. Contact energies
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between amino acids in the trypsin homology domain were
analyzed using RankViaContact [Shen and Vihinen, 2003]. By
analyzing the wild-type protein, we could determine structurally
important amino acids, which contribute to the stability of the
protein, or amino acids with strong contacts that may be important
for functional specificity. The analysis of changes in the contact
energies for mutant structures provided hypotheses for the roles of
the mutated amino acids. Electrostatic surface potentials were
calculated and visualized with the PyMOL program [DeLano,
2002] using the absolute electrostatic potential in a vacuum. For
web resources for the methods, see Table 2.

RESULTS
Sequence Conservation

Disease-causing mutations are typically located at conserved
positions within a protein family, since these positions are usually
essential for the structure and/or function of the protein [Miller
and Kumar, 2001; Mooney and Klein, 2002; Shen and Vihinen,
2004]. In the case of HNE, there are several homologs for the
trypsin homology domain, the signal peptide being less conserved.
Our alignments are for the trypsin homology domain only. There is
one invariant position in the protein family, G203 in HNE. There
are no known disease-causing missense mutations at this position.
However, several missense mutations affect positions that are
highly conserved by the agreement of all the methods used:
P42, C55, A57, C71, G85, G214, and P205 (Fig. 1). Many
missense mutations occur at positions where certain amino acid
physicochemical properties are conserved in the family. A total of
15 of the HNE missense mutations affect residues whose
hydrophobicity is highly conserved in the protein family. These
residues are mostly buried (the solvent accessible surface being
0.0–4.7 Å2, except for position 43, where the solvent accessible
surface is 25.1 Å2). Introduction of charged and polar amino acids,
as well as residues that may change the orientation of the main
chain, such as prolines, likely has a destabilizing effect at these
positions. A57T, I60T, C71S, and C151S/Y mutations introduce
polar residues; C71R, G85E, and G214R introduce charged side
chains; and L47P and L121P place prolines into positions where
hydrophobicity is a conserved property. In the positions 43, 101,
82, 206, and 219 the conserved hydrophobic nature of the
positions does not change, because the substituting amino acids
are hydrophobic as well (Fig. 1). Several methods have been
developed to predict hydropathic characteristics of proteins.
However, these predictions, just as those for secondary structures,
are of such low accuracy (Jääskeläinen, S., Riikonen, P., Salakoski,
T., and Vihinen, M., unpublished results) that they cannot be used
to analyze point mutations. There are 22 covarying residues in the
protein family, five of which are mutated in cyclic and congenital
neutropenia (Fig. 2). The majority of HNE missense mutations
occur at the conserved positions (Table 1).

Mutations Predicted toA¡ect Structural Disorder
and bAggregation

The effects of mutations on structural disorder were investi-
gated by six different methods. None of the mutations was
predicted to increase disorder by all the programs used. We
consider the following mutations likely to increase disorder in
HNE because they were predicted to do so by at least three
independent methods: L47P, I60T, R81P, V82M, L121P, A127P,
C151S, and L152P.

Substitutions S46F, H53L, A127P, and G210V were predicted to
increase b aggregation propensity in HNE when calculated by the

method of Chiti et al. [2003], and P42L, S46F, and G210V were
predicted to do so by the program TANGO (Table 1) [Fernandez-
Escamilla et al., 2004; Linding et al., 2004].

Mutations A¡ecting Protein Structural Stability

The loss of structural stability caused by mutations was
predicted by the programs Scide [Dosztányi et al., 1997, 2003]
and Scpred [Dosztányi et al., 1997], which predict stability centers
in proteins, as well as by Sride [Gromiha et al., 2004], which
predicts stabilizing residues. The programs Dmutant [Zhou and
Zhou, 2002], FoldX [Schymkowitz et al., 2005], and PoPMusiC
[Gilis and Rooman, 2000; Kwasigroch et al., 2002] evaluate
stability changes in proteins caused by mutations. A number of
disease-causing mutations are located at the predicted stability
centers, including S46F, L47P, A57T, R81P, V82M, V101M, L121P,
L152P, and G214R. These mutations are likely to affect protein
stability. Mutations S46F, L47P, A57T, I60T, C71R, C71S, R81P,
V82M, L84P, G85E, L121P, C151S, C151Y, L152P, P205R,
and R220Q were predicted to cause loss of stability by at least
three independent methods that predict destabilizing effects of
individual residues (Table 1; together with effects on essential
interresidue contacts). A substitution at a predicted stabilizing
residue was considered to destabilize structure.

Structural Mutations

The effects of mutations on protein structure and stability were
studied by rotamer analysis and determination of clashing side
chains. The best rotamers were used in the analyses. Most of the
mutated side chains do not fit into the structure without
deleterious changes to protein scaffolding, as determined both
computationally by the Probe score [Word et al., 1999b, 2000] and
by visual inspection. Of the 23 mutations screened, excluding
mutations introducing proline side chains, as well as mutations not
positioned at the structurally determined trypsin domain, only
seven gave an acceptable score above –1.0, which allows for small
local perturbations to take place in the structure [Lovell et al.,
2000]. Mutations H53L, C55Y, I60T, and V219I also caused
serious clashes with other side chains in spite of their positive
Probe scores, leaving V101M, S126L, and R220Q the only
mutations that do not cause significant rearrangements to the
structure (Table 1). Mutated amino acids that cannot fit into the
structure without clashes, lead to changes in protein scaffolding,
stability, and properties of the protein. Proline is a known secondary
structure breaker, and L47P, L84P, and L121P are located in the
middle of b strands, whereas R81 precedes a b strand.

Mutations Causing Changes in Contacts
Maintaining Stability

Amino acids located in the core of the protein, with a negligible
solvent accessible surface area, typically form several hydrophobic
interactions essential for the folding of the protein and for the
stability of the protein structure. Mutations to such residues may
cause detrimental changes to the structure-maintaining contacts.
The probability of a mutation to be pathogenic has been shown to
increase with a decrease in the solvent accessibility of the site
[Vitkup et al., 2003]. In addition, the introduction of charged side
chains into the hydrophobic core destabilizes protein structure
[Chasman and Adams, 2001]. Of the 29 HNE trypsin homology
domain mutations, four cause significant loss of hydrophobic
interactions: L47P, I60T, C71S, and L206F. All these residues are
located in the hydrophobic core of the protein, with a solvent
accessible surface of 0.0 to 4.7%. Mutations in cysteines 71, 55,
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and 151 lead to loss of stability-maintaining disulfide bridges
(Table 1).

Residues with strong contact energies are important for protein
stability [Shen and Vihinen, 2003]. Mutations that affect such

residues can thus be assumed to decrease stability. Of the 29
investigated mutations, seven affect residues from among the 10%
most stabilizing amino acids: A57T, L121P, C151S, C151Y, L152P,
L206F, and G214R.

FIGURE 2. Covarying residues in the trypsin homology protein family calculated with the program ProCon (p-value 0.001).
The residues and numbers correspond toHNE.The residues inwhich there aremissensemutations inHNE, are highlighted black.
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Mutations A¡ecting the Electrostatic Surface
Potential of HNE

Eight of the 29 missense mutations in the trypsin homology
domain cause changes in the electrostatic surface potential of
the molecule: A57T, A61V, C55Y, F43L, G85E, I60T, R81P, and
R220Q (Table 1). All of them cause the potential to become more
negative which might have an effect on the interactions with other
proteins (Fig. 3b). Surface charge-charge relationships are also
important in maintaining the stability of the protein [Strickler
et al., 2006].

Functional Mutations

V219 is located at the primary specificity site (S1) of HNE
(Fig. 3a), and its substitution into I is likely to have an effect on
the specificity of the enzyme. R220 is one of the amino acids that
forms the specificity pocket (Fig. 3a). It is mutated into Q in cyclic
and congenital neutropenia. The active site of HNE is surrounded
by a horseshoe-like surface arrangement of 19 arginines, which
contributes to the preference of the enzyme to bind linear sulfated
polysaccharides [Bode et al., 1989]. A substitution of one of these
arginines by a polar, noncharged residue may have an effect on the
specificity as well. Residues H53 and C55 are located next to F54,

an essential ligand binding site residue. Mutations H53L and
C55Y may alter the conformation of F54, thereby leading into
specificity change.

C71, which lies next to H70, a residue involved in forming the
specificity subsite (S2), contributes to the stability of the protein
by forming a disulfide bond with C55. The substitution of C71
with R or S leads into the breakage of the disulfide bond, which
is likely to have an effect on at least local structure and the
orientation of H70, thereby altering the substrate specificity and
affinity of the enzyme.

The C-terminal and N-terminal stretches of HNE (amino acids
1–27 in the N-terminus and 248–267 in the C-terminus) are
eliminated by proteolysis during the processing of the mature
enzyme. M1V is located in the N-terminal signal peptide.
Initiation codon mutation is likely to lead into protein expression
abnormalities [Bellanné-Chantelot et al., 2004]. There are two
missense mutations in the carboxy-terminal domain (P257L,
P262L). The functional consequences of these mutations cannot
be predicted, but Benson et al. [2003] suggested that, by analogy
with canine cyclic neutropenia, the C-terminal part of HNE might
interact with an adaptor protein complex 3 (AP3) involved in
protein trafficking. The mutations in the C-terminal part might,
thus, impair the intracellular trafficking of the protein. The

TABLE 1. Summary of the E¡ects ofHNEMutations onProtein Structure and Function

Mutation
Conserved
residue

Pheno-
type

Electrostatic
surface
potential

Contacts
and

stability Disorder Conformational
Aggre-
gation

Functional
mutations Other

M1V 1 Abnormal
expressiona

P42L X 1 X X
F43L X 2 X X
S46F 2 X X X
L47P X 1 X X
H53L 1 X X X X
C55Y X 1 X X X TMdomainb;

disul¢de bond
A57T X 1 X X X TMdomain
I60T X 1 X X X X TMdomain
A61V 1,2 X X
C71R X 1 X X X Disul¢de bond
C71S X 1 X X X Disul¢de bond
R81P 1 X X X
V82M X 2 X X X
L84P 1 X X
G85E X 1 X X
V101M X 1 X
L121P X 1 X X
S126L 1,2
A127P 1 X X
P139L X 1,2 X
C151S X 1 X X X Disul¢de bond
C151Y X 1 X X Disul¢de bond
L152P 1 X X
P205R X 1 X X TMdomain
L206F X 2 X X TMdomain
G210V 1 X X TMdomain
G214R X 1 X X
V219I X 2 X X X TMdomain
R220Q 2 X X X
P257L 1 Protein

tra⁄ckingb

P262L 2 Protein
tra⁄ckingb

aBellanneŁ -Chantelot et al. [2004].
bBenson et al. [2003].
Phenotype1, congenital neutropenia; Phenotype 2, cyclic neutropenia;TM, transmembrane domain.
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C-terminal stretch is not essential for folding, activation,
proteolytic activation or granular targeting of HNE [Gullberg
et al., 1995].

In order to interact with AP3, HNE may form transient
transmembrane conformations [Benson et al., 2003]. The
transmembrane domains are predicted to be placed just before
the C-terminal prodomain and near the N-terminus, but distinct
from the signal peptide [Benson et al., 2003]. The mutations
P205R, L206F, G210V, G214R, V219I, and R220Q are located at
the putative C-terminal transmembrane domain, and C55Y, A57T,
I60T, and A61V are located at the predicted N-terminal
transmembrane domain.

Mutations Predicted to BeDeleterious

We have studied a set of mutations that produce a disease
phenotype, thus they are all pathogenic. Pmut predicted 22 of the
mutations to be neutral, and seven mutations were predicted to be
tolerated by SIFT. PolyPhen predicted four of the mutations to be
benign, and all these mutations were also predicted to be neutral
by PMut. All the pathogenic mutations predicted by Pmut were
predicted to have damaging effects by the other methods, except
for S46F, which was tolerated by SIFT.

DISCUSSION

Study of the molecular basis of diseases by experimental
methods is laborious and time-consuming, and at the structural
level often nearly impossible, especially in cases where there are
several missense mutations causing the disease. By contrast,
precise and useful information about the effects of mutations on
protein structure and function can be readily obtained by
theoretical methods.

We have previously applied bioinformatics and structural
analysis methods to reveal the basis of, e.g., mutations in different
Bruton tyrosine kinase (BTK) domains in X-linked agammaglo-
bulinemia (e.g. [Vihinen et al., 1994a,b, 1995, 1997, 1999]), SH2
domain protein 1A (SH2D1A) mutations in X-linked lymphopro-
liferative disease [Lappalainen et al., 2000], Bloom syndrome
protein (BLM) mutations in Bloom syndrome [Rong et al., 2000],
mutations in the Wiscott-Aldrich syndrome protein (WAS)
protein in Wiskott-Aldrich syndrome [Rong and Vihinen, 2000],
mutations in the methyltransferase (DNMT3B) in immunodefi-
ciency, centromeric instability, and facial abnormalities (ICF)
syndrome [Lappalainen and Vihinen, 2002], and CD40L muta-
tions in X-linked hyperimmunoglobulin M (hyper-IgM) syndrome
(Thusberg, J., and Vihinen, M., unpublished results). We utilize
experience gained in all these studies to discuss the effects of
mutations and also the use and applicability of different methods.

The effects of 15 ELA2 missense mutations causing cyclic and
congenital neutropenia have been studied previously [Bellanné-
Chantelot et al., 2004], by looking only at sequence conservation,
effects of mutations on protein stability, secondary structure, and
ligand interactions. For sequence alignments they used only four
homologous sequences, and only one level of conservation
(identity) was studied. Structural aspects were studied by analysis
of the PDB structures and modeled mutant structures, and two
prediction methods (FoldX and PoPMuSiC) were employed for the
analysis of the effects of mutations. We investigated all the known
cases reported in literature and used more than 30 methods and
tools. Our results differ from the results of Bellanné-Chantelot
et al. [2004] in that our results suggest the residue 43 be
conserved, and residues 46, 53, 84, 127, and 152 not be conserved.
At position 43, hydrophobicity is a conserved property, calculated
by ProCon. The accuracy of the sequence conservation analysis is
much higher when a large set of homologous sequences is used. We
also used FoldX and PoPMuSiC, among other methods, for the
prediction of the effects of mutations on structural stability of the
protein. As a result of using six independent methods for stability
prediction, our results differ from the previous results. According
to our results from FoldX and PoPMuSiC, they considered a
mutation destabilizing when one of the methods predicted so. In
contrast, we require at least three of our methods to agree on the
effects. As a result, they predicted the mutations P42L, A127P,
and P139L to be destabilizing, where we disagree. Similarly, our
results indicate that mutations S46F and V82M cause loss of
stability, whereas according to Bellanné-Chantelot et al. [2004],
they do not.

We and others have applied numerous methods in this kind
of studies; however, systematic discussion of the reliability and
performance has been missing. We debate the available methods
and highlight our experience. As a study case we analyze ELA2
mutations but base our evaluation of the methods also to the
earlier studies on numerous diseases. However, this is not
a systematic statistical analysis of the reliability of analysis tools.
For that purpose hundreds or thousands of mutations would
be needed.

Mutation databases, such as our databases for immunodefi-
ciency-causing mutations (www.bioinf.uta.fi/base_root), serve as
the basis for bioinformatics research on the effects of mutations
and the structural basis of diseases. Conserved amino acids tend
to be essential for structure and function, which is why disease-
causing mutations often occur at these positions [Miller and
Kumar, 2001; Mooney and Klein, 2002]. The probability that a
random mutation can cause a genetic disease has been shown
to increase with an increase in the degree of site conservation

TABLE 2. Web Resources forMethods

Service URL

Conseq http://conseq.bioinfo.tau.ac.il/
ConSurf http://consurf.tau.ac.il/
CSU http://bip.weizmann.ac.il/oca-bin/lpccsu
DisEMBL http://dis.embl.de/
Disopred http://bioinf.cs.ucl.ac.uk/disopred/disopred.html
Dmutant http://phyyz4.med.bu¡alo.edu/hzhou/mutation
DRIPPRED www.sbc.su.se/�maccallr/disorder/
ELA2base http://bioinf.uta.¢/ELA2base
FoldX http://fold-x.embl-heidelberg.de
GlobPlot http://globplot.embl.de
KiNG http://kinemage.biochem.duke.edu/software/

king.php
IUPred http://iupred.enzim.hu/
MultiDisp http://bioinf.uta.¢/cgi-bin/MultiDisp.cgi
Pfam www.sanger.ac.uk/Software/Pfam/
PMut http://mmb.pcb.ub.es:8080/PMut/
PolyPhen http://coot.embl.de/PolyPhen/
PoPMuSiC http://babylone.ulb.ac.be/popmusic
PROBE http://kinemage.biochem.duke.edu/software/

probe.php
ProCon http://dna.uta.¢/ProCon/
PyMOL http://pymol.sourceforge.net/
RankVia
Contact

http://bioinf.uta.¢/RankViaContact.html

RONN www.strubi.ox.ac.uk/RONN
SCide www.enzim.hu/scide/ide2.html
SCpred www.enzim.hu/scpred/pred.html
SIFT http://blocks.fhcrc.org/sift/SIFT.html
SRide http://sride.enzim.hu/
TANGO http://tango.embl.de/
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FIGURE 3. A: Stereo view of HNE trypsin homology domain. On the left, the two b barrels forming the main fold of the protein are
colored pink and brown. Magenta: the catalytic triad. Red: the oxyanion hole. Black: the primary speci¢city site. Blue: other residues
involved in ligand binding. On the right, the HNE missense mutations are colored according to the primary e¡ects of the individual
mutations on protein structure and function. Orange: conformational mutations. Magenta: Mutations a¡ecting the stability-main-
taining contacts. Cyan: Mutations increasing structural disorder. Red: functional mutations. B: Electrostatic surface potentials
in wild-type (left) and mutated (right) HNE. In the mutated structures, all 29 missense mutations located in the trypsin homology
domain are included.The mutations alter the surface potential from positive to negative. C: Substitutions C55Yand S46F cause
serious clashes with the neighboring residues.
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[Vitkup et al., 2003]. The nature of the amino acid substitution at
an invariant site can reveal the effect of the mutation on protein
structure or function. The variable positions give insight into the
types of amino acids that can be freely exchanged without
negatively impacting protein function [Miller and Kumar, 2001].
In the case of HNE, most missense mutations occur at the
conserved positions (Table 1; Fig. 1). Sequence analysis can reveal
many details about the mutated sites, sequence conservation and
allowed/disallowed residues at the alignment positions. There are
several methods available for studying and visualizing the degree
of sequence conservation. Ready-made sequence alignments for
protein families and domains can be obtained from the Pfam
database [Bateman et al., 2004]. The MultiDisp program
(Riikonen, P., Horvath, T., and Vihinen, M., unpublished results)
visualizes sequence alignments for the detection of conserved
amino acids and highlights the chemical nature of the residues
(Fig. 1). MultiDisp contains numerous options for visualizing
sequence similarity and differences, physicochemical properties of
the alignment positions and position-wise conservation analysis.
Conseq and Consurf servers visualize sequence alignments by a
color scheme indicating the degree of conservation in the aligned
positions. Consurf also visualizes the conserved positions in the
query protein structure. Conseq features a prediction of the buried
and exposed positions on globular proteins based on a neural
network prediction scheme. This can be a useful feature if
structural information is not available. The program al2co
calculates conservation indices for sequence alignments by three
conceptually different approaches (entropy-based, variance-based
and matrix score-based) and by both weighted and unweighted
amino acid frequencies defined by the user [Pei and Grishin,
2001]. The determination of conservation within alignment
positions is not straightforward, although often somewhat arbitrary
frequency percentage has been used as a threshold. The situation
is more complex and therefore only statistical methods can reveal
weaker conservation [Ahola et al., 2003, 2004]. Since we studied
effects of mutations, protein family information was used to reveal
sites with a high level of conservation as well as to investigate
amino acid substitutions that appeared in some family members.

ProCon identifies amino acid conservation at three different
levels (identity, conservation of the chemical and physical nature
of amino acids, and covariant conservation). The conserved
positions can be visualized both at the sequence level and in the
protein structure. The method is based on entropy calculations for
amino acid positions in multiple sequence alignments [Shen and
Vihinen, 2004]. All these programs are very useful for protein
family analysis and sequence conservation study at position level.
The results also indicate which residues or properties of residues
are crucial for certain sequence positions. These methods are even
more useful when a structure of at least one family member is
known. A single analysis cannot reveal all sequence features,
therefore several tools should be applied or the different features
of, e.g., MultiDisp should be used.

Proteins fold to their typical three-dimensional structures, but
the structure is dynamic and in constant motion at different
amplitudes and frequencies. Many protein structures contain
segments which do not have a well-organized structure and some
proteins have even global disorder, i.e., do not fold in an ordered
way. Sequence-based prediction methods for protein structural
disorder and aggregation propensities are based on protein amino
acid composition and amino acid physicochemical properties and
energy profiles, missing X-ray coordinates and specific sequence
patterns. The DISOPRED server [Ward et al., 2004a] uses the
DISOPRED2 dynamic disorder prediction method [Ward et al.,

2004b] for amino acid sequences. The method identifies disorder
defined as missing coordinates in high-resolution X-ray crystal
structure electron density maps, by which the method has been
trained. The method runs PSI BLAST searches [Altschul et al.,
1997] and estimates the probability of a residue being disordered
by encoding each residue by the profile for a window of 15
positions in the sequence and classifying the residues using a
neural network [Ward et al., 2004b]. The major drawback of the
DISOPRED method is that the missing coordinates, which have
been used to define the concept of disorder, can also arise as an
artifact of the crystallization process.

DisEMBL is based on a neural network trained for predicting
several definitions of disorder. Like the DISOPRED method,
DisEMBL predicts disorder in protein sequences using missing
coordinates in X-ray structures. As additional criteria in the
DisEMBL method, the disordered regions must reside within loops
or coils. B factors are also taken into account, so that highly
dynamic loops are considered to be disordered [Linding et al.,
2003a].

Globplot, a tool for recognizing globular and disordered regions
within amino acid sequences, is based on Russell/Linding
secondary structure-forming propensities [Linding et al., 2003b],
where propensities presented by Deleage and Roux [1987] are
combined with propensities of amino acids to be in regular
secondary structures as defined by dictionary of protein secondary
structure (DSSP) [Kabsch and Sander, 1983] or outside of them
[Linding et al., 2003b]. In the DRIP-PRED method, self-
organizing maps (SOM) have been trained on protein sequences
with known structure. The target sequence windows are mapped
onto the SOM, and when sequence windows map onto regions not
well represented in the PDB, those sequence regions are predicted
to be disordered (www.sbc.su.se/�maccallr/disorder). The problem
with this approach is that PDB is biased and does not contain all
types of structures. It is likely that the disorder tools overpredict
and overestimate the effect of disorder at least in globular proteins.

IUPred estimates the capacity of polypeptides to form stabilizing
interresidue contacts based on amino acid chemical types and
their sequence environment. The sequence regions with less
contact-forming capacity are defined disordered [Dosztányi et al.,
2005a,b]. A regional order neural network, RONN, predicts
disorder by comparing the input sequence to other sequences of
known folding state: ordered, disordered, or a mixture of both
[Yang et al., 2005].

In the program TANGO, aggregation propensities for proteins
are estimated by amino acid physicochemical properties and
competition between different structural conformations: a-helix,
b-turn, b-sheet aggregates, and the folded state [Fernandez-
Escamilla et al., 2004; Linding et al., 2004]. The method of Chiti
et al. [2003] predicts changes in aggregation rates induced by
mutations using the change in hydrophobicity, in the propensity to
convert from a-helical to b-sheet structure, and in overall charge
as parameters.

Missense mutations may increase the structural disorder and
aggregation propensity in proteins, so that the protein fails to fold
correctly and there are regions lacking regular secondary structure.
Disorder may also be secondary and arise as a result of structural
alterations; e.g., due to sterical clashes of amino acids. Such
structural changes into the protein may have detrimental effects
on protein function. Protein disorder has been demonstrated to
play a central role in diseases mediated by protein misfolding and
aggregation, for example Alzheimer’s and Huntington’s diseases
and amyloidosis [Schweers et al., 1994; Kaplan et al., 2003; Bates,
2003; Grateau et al., 2005]. Of the missense mutations in HNE,
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25% are predicted to cause increase in structural disorder by most
of the methods (Table 1). Examples of the results provided by the
disorder and aggregation propensity prediction methods are
provided in Fig. 4. Although there are several methods available
for disorder prediction, they seldom agree on the effects of
mutations, which is to be expected because the concepts of the
methods are so different and so far the size of the training sets is
limited.

Compromised folding and decreased stability of the protein
are the major molecular pathogenic consequences of missense
mutations [Bross et al., 1999]. Structural stability is maintained
by interactions between amino acids, and the hydrophobic core
of the protein has a central role in protein structural integrity.
RankViaContact is a program that calculates contact energies
for amino acids in protein structures and also visualizes the
structure with the residues with highest or lowest contact energies
highlighted [Shen and Vihinen, 2004]. Mutations that affect
amino acids forming strong contacts and disulfide bonds or ionic
interactions can be considered destabilizing. Amino acids located
in the core of the protein, with a negligible or very small solvent
accessible surface area, typically form several hydrophobic
interactions essential for the fold and the stability of the protein
structure [Shortle et al., 1990; Serrano et al., 1992; Matthews,
1995; Sandberg et al., 1995]. Mutations in such amino acids may
cause detrimental changes to the structure-maintaining contacts.
Six missense mutations in HNE affect the residues forming the
strongest structure maintaining contacts (Fig. 4c). The more
buried a residue, the more likely are mutations of the site to be
pathogenic [Vitkup et al., 2003]. In addition, the introduction of
charged side chains into the hydrophobic core is known to
destabilize protein structure [Chasman and Adams, 2001].

The methods predicting protein stability are based on calculat-
ing the free energies of folding (FoldX), mutation-induced
thermodynamic stability changes and changes in free energy of
folding (PoPMuSic). The program DMUTANT utilizes distance-
dependent, residue-specific all-atom potentials [Zhou and Zhou,
2002]. The method uses finite ideal-gas reference state. It has
been tested with 895 disease-causing mutations in proteins for
which the three dimensional structure has been determined. The
correlation coefficient for experimentally studied and predicted
changes was shown to be 0.67 [Zhou and Zhou, 2002]. Stabilizing
amino acids can be predicted based on long-range interactions in
protein structures (Sride, Scide), and hydrophobicity and
conservation of amino acid residues (Sride) [Dosztányi et al.,
2003a; Magyar et al., 2005]. The Scpred method is based on
differences in sequential neighborhood [Dosztányi et al., 2003b].
Of the 32 analyzed HNE mutations, 18 seem to decrease protein
stability (Table 1). SIFT and Pmut evaluate the pathogenicity
of mutations by the occurrence of amino acids in sequence
alignments (SIFTand Pmut), and amino acid properties, secondary
structure and accessibility predictions (Pmut) [Ng and
Henikoff, 2001; Ferrer-Costa et al., 2005]. PolyPhen, another
method for distinguishing damaging mutations from neutral ones,
is based on knowledge of the functional sites of the protein,
positional residue variation in sequence alignments, and the 3D
structure of the protein [Sunyaev et al., 2001; Ramensky et al.,
2002]. When studying the effects of disease-causing mutations,
these predictors can be useful in determining the reason for
the pathogenicity of the mutation, even though the actual
predictions (pathogenic/tolerated) of these programs mostly do
not agree with each other or with results from other analyses.
The reliability of SIFT has been shown to be 78% [Saunders and
Baker, 2002].

The effects of mutations on the protein structure, especially the
fit of the introduced residues, can be studied quantitatively by the
Autobondrot function of the program PROBE, which rotates
each side chain w angle on the selected residue and scores each
combination of amino acid w angles by analyzing side chain
packing interactions [Word et al., 1999b, 2000]. The mutated
structures in which the introduced amino acid side-chain w angles
are optimized according to the best rotamer ranked by the PROBE
score are best visualized with KiNG. Visualization of the structure
allows qualitative analysis of the contacts between amino acids.
This is still a good approach for evaluating the effects of mutations,
but requires an expert in protein structures. Of the HNE missense
mutations, 90% cause major structural changes to the protein,
according to the Probe score for the best rotamer and analysis of
the side chain clashes caused by the mutations (Table 1; Fig. 3a
and c). Side chains with a low score do not fit into the structure in
any conformation, causing changes to the structure already during
the folding process.

Qualitative electrostatic surface potentials can be calculated,
e.g., with the program PyMOL [DeLano, 2002] or Delphi [Klapper
et al., 1986; Gilson et al., 1988; Gilson and Honig, 1988].
In addition to the shape, also charge properties are important,
e.g., for ligand (substrate, cofactor, inhibitor, etc.) interactions.
Mutations in many cases significantly reduce or even reverse
the local electrostatics, with consequent effects on binding,
specificity, etc. Changes in the electrostatic potential affect
the properties of a protein in many ways. Electrostatics is a signi-
ficant factor in protein folding and stability, and it has a crucial
effect on protein interactions. Changes in the electrostatic
surface potentials appear in 8 of the 29 analyzed mutations
(Table 1; Fig. 3b).

Missense mutations causing cyclic and congenital neutropenia
have rather a structural than functional character, many of them
affecting the stability and structural assembly of HNE. Of the 29
missense mutations located in the trypsin homology domain, 20
cannot fit into the structure in any conformation or lead to clashes
with neighboring residues. A total of 19 mutations are predicted to
cause decrease of structural stability, and six of the mutations are
likely to reduce the essential stability maintaining contacts
between residues. Disorder and aggregation propensities are
increased by 12 mutations (Table 1). Only one mutation directly
affects a specific functional site of the enzyme, and a few mutations
are located in the vicinity of the functional sites (Fig. 3a). Some
of the mutations have a putative role in intracellular protein
trafficking (Table 1).

Genotype–phenotype correlations are particularly interesting in
the case of HNE, because two different disease phenotypes arise as
an effect of the mutations. Cyclic and congenital neutropenia
are caused by mutations in the same protein, sometimes even
an individual substitution can cause both forms of the disease
in different families (Table 1). In this study we were not able to
a find clear correlation in the disease phenotype and the effects
of missense mutations on HNE structure and function.

We have utilized 31 methods for predicting the effects of
missense mutations at the sequence and structural level. Sequence
level predictions include methods for analyzing the degree of
conservation of the positions in multiple sequence alignments,
predicting the effects of mutations on protein disorder and
aggregation propensities, evaluating the pathogenicity of the
missense mutations, and predicting the effects of mutations on
the stability of the protein. On the structural level, we
implemented methods for optimizing the torsional angles for
the introduced side chains, analyzing the interresidue contacts
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FIGURE 4. A: Examplesof analysis ofmissensemutatione¡ects.ThemutationA127Pispredicted to increasedisorder in theproteinby
Globplot. B:The mutation L47P is predicted to increase disorder in the protein by Disopred. C: P42L increases HNE aggregation
propensity predictedbyTANGO.D:RankViaContact visualizes important contact-forming residues. Left: residues involved in forming
the structure-maintaining contacts in the core of the protein. Right: residues forming strong contacts on the surface of the protein.
[Color ¢gure can be viewed in the online issue,which is available at www.interscience.wiley.com.]
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essential for protein structural stability, visualization of the
structure and predicting the effects of mutations on the protein
electrostatic surface potential. There are still more bioinformatics
methods which can be used for this kind of analyses. Homology
modeling can be used to predict the three-dimensional protein
structure when no experimental structure is available. Then many
of the structure-based analyses can be performed by using the
model. Molecular dynamics simulations can be used to study
numerous dynamic structural features, catalytic activity and, e.g.,
binding affinity of wild-type and mutated proteins.

Effects of missense mutations on protein structure and function
can be analyzed even when the structure for the protein has not
been determined. However, structure-based analysis methods
provide more information on the effects and are likely more
reliable. Sequence-level prediction methods are limited to analysis
of residue conservation in protein families, and prediction of
aggregation and disorder propensities. Some of the methods for
predicting the stability of a protein can also be used with sequence
data only. The results obtained by sequence-based methods can be
evaluated based on the structural data, and by combining the
results from multiple analysis methods makes the predictions more
reliable. The effects of mutations on the residue-residue contacts
maintaining the stability of the protein and the ability of the
introduced side chains to fit into the structure are possible to
analyze only by structure-based methods. These aspects are crucial
for analyzing protein structure–function relationships and effects
of mutations, because the majority of disease-causing mutations
have structural, rather than functional effects [Wang and Moult,
2001; Mooney and Klein, 2002]. Several of the methods are very
specific and dedicated to the analysis of a single feature. However,
they may analyze the same property from different starting points.
For example, structural changes may originate from changes in side
chain size, charge, hydropathy, altered contact-forming properties,
aggregation, or introduced disorder.

One must be familiar with the theory and limitations of the
various prediction methods in order to be able to interpret the
results correctly. In addition, deep knowledge of protein structures
and chemistry are essential. This and our previous studies have
indicated that it is beneficial to use several analysis methods
whenever possible. There are numerous bioinformatics methods
available for a number of tasks. Even when the three dimensional
structure is solved at high resolution it is beneficial to use some of
the sequence-based methods, especially for conservation analysis
within the protein family. For some other features the structure
provides a superior starting point. All these methods provide
putative explanations for the diseases. Our experience indicates
that careful choice and understanding of the methods and their
limitations is important to avoid overprediction and to provide
insight to the causes of diseases.
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X-linked hyper-IgM syndrome (XHIGM) is a primary
immunodeficiency characterised by an inability to
produce immunoglobulins of the IgG, IgA and IgE iso-
types. It is caused by mutations of CD40 ligand (CD40L,
CD154), expressed on T-lymphocytes. The interaction of
CD40L on T-cells and its receptor CD40 on B-cells is
essential for lymphocyte signalling leading to immunoglo-
bulin class switching and B-cell maturation. To under-
stand the structural basis for XHIGM, we utilised
bioinformatics methods to analyse all the known CD40L
missense mutations at both the sequence and structural
level. Our results demonstrate that the 35 different mis-
sense mutations have diverse effects on CD40L structure
and function, affecting structural disorder and aggrega-
tion tendencies, stability maintaining contacts and elec-
trostatic properties. Several mutations also affect residues
essential in receptor binding and trimerisation.
Experimental study of effects of mutations is laborious
and time-consuming and at the structural level often
almost impossible. By contrast, precise and useful infor-
mation about effects of mutations on protein structure
and function can readily be obtained by theoretical
methods. In this study, all the XHIGM causing missense
mutations could be explained in terms of CD40L struc-
ture and function. Thus, the molecular basis of the syn-
drome could be elucidated.
Keywords: bioinformatical analysis/disease-causing
mutations/immunodeficiencies/structural basis of disease/
structure–function relationships

Introduction

X-linked hyper-IgM syndrome (XHIGM; OMIM 308230) is
a rare and severe primary immunodeficiency characterised by
the absence or low levels of IgG, IgA and IgE, normal or
elevated IgM level in serum, and defective immunoglobulin
class switch recombination (Notarangelo et al., 1992;
Fuleihan et al., 1993). XHIGM patients are highly suscep-
tible to recurrent bacterial infections and they are prone to
autoimmune diseases and neutropenia (Levy et al., 1997).
The syndrome is caused by mutations of CD40 ligand
(CD40L, CD154), expressed on T-cells, and the inability of
the mutated protein to bind to its receptor CD40 on B-cells
(Aruffo et al., 1993).

CD40L, a member of the tumour necrosis factor (TNF)
family of cytokines, is a 39 kDa Type II membrane glyco-
protein expressed primarily on activated CD4þ T-cells

(Noelle et al., 1992). The CD40L monomer consists of four
distinct structural domains: an N-terminal intracellular tail
(amino acids 1–22), a short transmembrane domain (amino
acids 23–46), a portion that forms the extracellular unique
domain (amino acids 47–122) and the extracellular,
C-terminal TNF homology (TNFH) domain (amino acids
123–261). The crystal structure of the CD40L TNFH domain
has been determined to 2.0 Å resolution (Karpusas et al.,
1995).

TNFH domain superfamily members have a highly con-
served jelly roll type structure, consisting of two b sheets
that have a Greek key topology. The TNFH domains are
responsible for receptor binding. The sequence identity
between family members is �20–30% (Bodmer et al.,
2002).

The CD40L–CD40 interaction is essential in B-cell acti-
vation and antibody isotype switching (Kroczek et al., 1994).
Isotype switching by B-cells stimulated by T-dependent
signals requires both the ligation of CD40 and a second
signal provided by a T-cell derived cytokine (Coffman et al.,
1993). CD40 is constantly expressed on B-cells (Clark and
Ledbetter, 1986), whereas CD40L is expressed only after
class II major histocompatibility factor (MHC)–T-cell recep-
tor (TCR) interaction and T-cell activation (Armitage et al.,
1992). The expression of CD40L is also regulated in an auto-
logous manner, so that the interaction of the ligand with its
receptor upregulates its own expression (Pinchuk et al.,
1996).

The ligand–receptor interaction triggers a signalling
cascade leading to the activation of several genes involved in
B-cell proliferation and antibody production (Allen et al.,
1993), and the downregulation of genes whose expression
has been shown to lead to cell cycle arrest (Dadgostar et al.,
2002). The expression of B7 proteins on the B-cell surface is
also stimulated by the interaction, which contributes to the
stability of the immunological synapse via the formation of
co-stimulatory B7–CD28 interactions between T-cells and
B-cells (Klaus et al., 1994). The ligation of CD40 stimulates
the production in B-cells of cytokines, such as IL2, IL6,
IL10, TNFa, LTa, LTb and TGFb (Clark and Shu, 1990;
Burdin et al., 1993; Kindler et al., 1995; Worm and Geha,
1995; Worm et al., 1998). The CD40–CD40L interaction
also induces T-cells to produce cytokines that determine the
antibody class to be expressed in B-cells, and contributes to
the proliferation of B-cells (Finkelman et al., 1990).

Signalling pathways activated by the ligation of CD40
originate from the interaction of the intracellular domain of
the receptor with TNF-associated proteins (TRAFs) (Harigai
et al., 2004). As a consequence of the interaction of CD40
with its trimeric ligand, it forms clusters at the B-cell mem-
brane. The clustering of the receptor involves the recruitment
and localisation of the TRAFs to membrane microdomains,
which enables them to initiate signalling cascades by inter-
acting with downstream signalling proteins (Hostager et al.,
2000). Like many TNFR family members, CD40 activates
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the JNK/SAPK and NF-kB pathways (Berberich et al., 1994,
1996). Both pathways involve protein serine/threonine
kinases that activate AP1 and Rel transcription factors,
thereby regulating gene expression. The p38 kinase pathway,
which leads to the activation of transcription factors such as
ATF2 (Raingeaud et al., 1996), has also been reported to be
activated by CD40 (Sutherland et al., 1996). The extracellu-
lar signal-regulated kinase/mitogen-activated protein kinase
pathway, which is also activated by CD40 (Li et al., 1996),
contributes to the activation of AP1, NF-kB and NF-AT, and
the subsequent induction of cytokine gene expression (Park
and Levitt, 1993).

The mutation registry for XHIGM, CD40Lbase (Piirilä
et al., 2006; Notarangelo and Peitsch, 1996) (http://bioinf.uta.
fi/CD40Lbase/), currently lists 212 XHIGM patient entries
with a total of 128 different mutations. Most disease causing
mutations are found in exons (106), 35 of which are mis-
sense mutations located mainly in the TNFH domain of the
protein (Fig. 1A). We investigated the consequences of all
the CD40L missense mutations by applying structural and
bioinformatics methods.

Materials and methods

The amino acid sequence and missense mutations for CD40L
were obtained from our database CD40Lbase (http://bioinf.
uta.fi/CD40Lbase/). The database lists all known mutations
for CD40L and stores patient information, such as clinical
and immunological phenotype, prognosis and treatment. The
database was updated with recently published cases.
Sequence homologues (33) were obtained by PSI-BLAST
(Altschul et al., 1997), and homologues for the TNFH
domain sequence were collected from the Pfam database
(Bateman et al., 2004) (seed: 52, full: 175 sequences).
Multiple sequence alignments were performed by Clustal W
(Thompson et al., 1994). Alignments were visualised using
MultiDisp (Riikonen, P. and Vihinen, M., in preparation) and
ConSeq (Berezin et al., 2004) for illustration of conserved
amino acids in the sequence.

The evolutionary conservation of the sequences was
studied, in addition to the visualisation programs, by ProCon,
a program for calculating mutual information and entropy in
amino acid sequences (Shen and Vihinen, 2004). For entropy
calculations, default parameters (p1 ¼ 0.01, p2 ¼ 0.05) were
used, whereas parameters for the mutual information were
readjusted to p1 ¼ 0.005 and p2 ¼ 0.020. Conservation
indices were calculated with the program al2co (Pei and
Grishin, 2001) and the ConSurf server (Glaser et al., 2003).

Structural disorder in the protein and the effects of
mutations on disordered regions were studied using four pre-
dictors, DISOPRED (Ward et al., 2004), DisEMBL (Linding
et al., 2003a), GlobPlot (Linding et al., 2003b) and PONDR
(Romero et al., 1997). The disorder prediction methods are
based on different principles, which are further discussed in
the corresponding papers and in Thusberg and Vihinen
(2006).

The effects of mutations on aggregation propensities were
studied by TANGO (Fernandez-Escamilla et al., 2004), and
calculations presented by Chiti et al. (2003), for which
a-helical propensities were calculated with the program
AGADIR (Muñoz and Serrano, 1997). A script was written
to implement the method of Chiti et al. (2003).

The damaging effects of point mutations were analysed
using SNPs3D (Yue et al., 2006), SIFT (Ng and Henikoff,
2001), PolyPhen (Sunyaev et al., 2001), PoPMuSiC (Gilis
and Rooman, 2000; Kwasigroch et al., 2002) and Pmut
(Ferrer-Costa et al., 2005).

Structural analyses were performed based on the crystal
structure of the protein (PDB 1ALY). The structure was
visualised and the mutations were modelled by PyMOL
(DeLano, 2002). Hydrogen atoms were added to the struc-
tures using Reduce (Word et al., 1999b). Mutant amino acid
side chain x angles were rotated at intervals of 108 by the
Autobondrot function in PROBE (Word et al., 1999a; Lovell
et al., 2000) and the best rotamers were selected for further
analysis. The acceptable conformations for a mutated side
chain have a total score above 21.0, allowing for small local
perturbations in the structure (Lovell et al., 2000). The
created structures were verified by MolProbity (Lovell et al.,
2003), which was also used for converting the PDB files into
Kinemage format. MolProbity adds all atom contacts into the
structures and flips asparagines and glutamine side chains
when necessary. Mutation structures were visualised by the
program KiNG (Lovell et al., 2003), to analyse all atom
contacts and clashes.

Amino acid contact analysis for the mutant residues in the
TNFH domain was performed with CSU (Sobolev et al.,
1999), and the nature of the contacts, contact surfaces, as
well as solvent accessible surfaces, were elucidated. Contact
energies between amino acids in the TNFH domain were
analysed using RankViaContact (Shen and Vihinen, 2003).
By analysing the wild-type protein, we could determine
structurally important amino acids, which contribute to the
stability of the protein, or amino acids with weak contacts
that may be important for functional specificity. The analysis
of changes in the contact energies for mutant structures pro-
vided hypotheses for the roles of the mutated amino acids.
Electrostatic surface potentials were calculated and visualised
with the PyMOL program (DeLano, 2002) using the absolute
electrostatic potential in a vacuum.

Results

Diseases can arise from numerous genetic defects. To under-
stand the basis of diseases, one has to study the effects of
mutations at the gene and/or protein level. Missense
mutations are, in this respect, the most interesting because of
the possibility to learn about functions and properties of the
protein. The effects of many other mutation types are self
evident, such as large deletions or insertions, frameshift
mutations and nonsense mutations, which affect the size and/
or sequence of the protein. All the reported missense
mutations causing XHIGM, altogether 35, could be
explained at the molecular level by means of sequence and
structure analysis.

Sequence conservation and mutations at the
conserved residues
Disease causing mutations are typically located at conserved
positions within a protein family, since these positions are
usually essential for the structure and/or function of the
protein (Miller and Kumar, 2001; Mooney and Klein, 2002;
Shen and Vihinen, 2004). In CD40L, the degree of
conservation depends on the protein domain. The CD40L
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TNFH domain (residues 123–261) has many more homol-
ogues than the IC and ECU domains, which are very differ-
ent from the corresponding domains of other family
members.

According to the full sequence alignment visualised with
MultiDisp (Riikonen et al, in preparation) (Fig. 1A) and
the conservation indices calculated by al2co (Pei and
Grishin, 2001) and ConSeq (Berezin et al., 2004), there are

Fig. 1. (A) MultiDisp visualisation of the sequence alignment for CD40L and its homologues. The height of the characters indicates the frequency of the
amino acids in the alignment positions, and the colour of the objects reflects the chemical nature of the amino acids. The CD40L domain boundaries and
secondary structures are presented according to Karpusas et al. (1995). The positions of CD40L missense mutations are indicated by arrowheads below the
alignment, together with all mutant forms. XHIGM-causing mutations are clustered almost exclusively to the TNFH domain. The protein consists of an
intracellular domain, IC; a transmembrane domain, TM; an extracellular unique domain, ECU; and a TNF homology domain, TNFH. (B) Structure of CD40
ligand (PDB code 1ALY). The residues involved in protein–protein interactions are coded as follows: trimer formation – orange; receptor binding – magenta.
(C) CD40L missense mutations coloured according to their principal effects on CD40L structure and function. Change in electrostatic surface potential – red;
conformational perturbation – cyan; loss of hydrophobic interactions and structural stability – yellow; protein–protein interactions – magenta. Secondary
structures are named according to Karpusas et al. (1995).
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10 invariant positions in the TNF family corresponding to
the amino acids W140, L161, G167, Y169, Y172, L205,
G226, G227, L231 and G257 in CD40L. There are missense
mutations at six of these positions: W140C/G/R, Y169D/N,
G226A, G227V, L231S and G257D/S. Type II conservation,
where the physicochemical nature of the amino acid is con-
served, was studied by calculation of information with an
alphabet in which amino acids are split into six groups based
on their physicochemical properties. Type II conserved
amino acids with known XHIGM causing mutations are
Q174, with polarity as the conserved property, and Y170 and
V237, the conserved property of which is hydrophobicity. In
Fig. 1A, the physicochemical nature of these positions is
represented by different colours.

Type III conservation refers to covariation of two or more
positions in the protein family. In the TNF family, Type III
conservation is evident, but almost all of the covarying
amino acids are not conserved in the CD40L sequence—only
at positions 222, 239 and 240 is the covarying amino acid
the same as in the other family members, but there are no
mutations in these amino acids.

Mutations predicted to affect structural disorder and protein
b-aggregation propensity
None of the mutations was predicted to cause disorder by all
the programs we used (DisEMBL (Linding et al., 2003a),
DISOPRED (Ward et al., 2004), GlobPlot (Linding et al.,
2003b) and PONDR (Li et al., 1999)). G116R is the only
mutation likely to cause disorder, because three of the four
programs agreed on the disorder-causing nature of the
mutation. In addition, V126D, W140G, L155P, A208D,
A235P, V237E and L258S might increase disorder in the
protein structure, being predicted to do so by half of the
programs. E129G, K143T, T176I, H224Y and G227V were
predicted to increase the protein aggregation rate when calcu-
lated by the methods of Chiti et al. (2003). T176I was also
predicted to cause aggregation by the program TANGO
(Fernandez-Escamilla et al., 2004; Linding et al., 2004). In
Fig. 1C, these effects are presented under the category of
structural stability loss.

Structural mutations
In the structure-based studies, only the 33 mutations located
within the structurally determined CD40L TNFH domain
(PDB ID 1ALY) (Fig. 1A and C) could be analysed. At the
position 116, where there are two known missense mutations,
the structure is not well defined (Karpusas et al., 1995).
Consequently, the effects of these mutations cannot be
reliably predicted at the structural level. Effects of mutations
on protein structure and stability were studied by rotamer
analysis and determination of overlapping side chains. The
best rotamers according to the PROBE scores were used in
the analyses. Most of the mutated side chains fit into the
structure without deleterious changes to protein scaffolding,
as determined both computationally by the PROBE score
(Word et al., 1999a; Word et al., 2000) and visually by the
program KiNG (Lovell et al., 2003). Of the 33 mutations
screened, 22 gave an acceptable score above 21.0, allowing
for small local perturbations in the structure (Lovell et al.,
2000). In the visual inspection, 17 of the mutations showed
very little or no effect on the structure.

According to PROBE scores, the S128R/E129G double
mutant, L155P, T176I, L195P, G226A, G227V, A235P,
T254M, G257D and G257S, do not fit to the structure in any
rotamer (example in Fig. 2A). In addition, mutations A173D,
W140C, W140R and A208D were shown to cause serious
clashes with other side chains (example in Fig. 2B). Proline
is a known secondary structure breaker, and L155 and A235
are located in the middle of b strands. Prolines in these pos-
itions have been suggested to cause structural disorder
(Karpusas et al., 1995). Mutated amino acids that cannot fit
into the structure without clashes, lead to changes in protein
scaffolding, stability and properties of the protein. These
mutations are indicated as conformation perturbating in
Fig. 1C.

Fig. 2. (A) Substitution of T176 by I causes serious clashes with neigh
bouring residues, also indicated by a negative PROBE score (218.604).
(B) Substitution of W140 by C causes serious clashes with V126, in spite of
a positive PROBE score (0.639). Yellow – negligible overlap; red –
significant overlap �0.25 Å; hot pink – serious clash overlap �0.4 Å.

J.Thusberg and M.Vihinen

136



Mutations causing changes in contacts maintaining stability
Amino acids located in the core of the protein, with a negli-
gible solvent accessible surface area, typically form several
hydrophobic interactions essential for the folding of the
protein and for the stability of the protein structure.
Mutations in such amino acids may cause detrimental
changes to the structure-maintaining contacts. The prob-
ability of a mutation being pathogenic has been shown to
increase with a decrease in the solvent accessibility of the
site (Vitkup et al., 2003). In addition, introduction of
charged side chains into the hydrophobic core is known to
destabilise protein structure (Chasman and Adams, 2001). Of
the 33 CD40L TNFH mutations, 10 cause significant loss of
hydrophobic interactions: V126A, V126D, W140G, W140R,
W140C, Y169D, Y169 N, A173D, L231S and L258S. All
these residues are located in the hydrophobic core of the
protein, with a solvent accessible surface of 0.0–1.4%, and
strong contact energies.

Residues with strong contact energies are important for
protein stability (Shen and Vihinen, 2003). Mutations that
affect such residues can thus be predicted to decrease stab-
ility. Of the 33 investigated mutations, five affect residues
from among the 10% most stabilising amino acids: V126D,
V237E, G257D, G257S and L258S. V237 forms several
hydrophobic interactions with neighbouring residues, but the
mutation does not change the number of these contacts.
Instead, the contact energy of the residue decreases from
223.850 to 25.550, which indicates a significant weakening
of the contacts as a consequence of the mutation. G257,
another residue with strong contact energy, is also

presumably structurally important. The hydrogen bonds it
forms with Y172 and L258 do not change upon substitution
with D or S, so the structure destabilising effects of the
mutations can be explained by side chain clashes and the
restriction of the mobility of the backbone (as usually
happens when glycine is replaced by an alternative amino
acid). The introduction of a charged residue (aspartate) into
the protein core would require another mutation to neutralise
the charge.

L258 and V126 form several strong hydrophobic contacts,
the number of which decreases markedly when mutated to an
S or D. The negative charge introduced by aspartate into the
hydrophobic core contributes to the destabilising effect of
the mutation V126D. The mutations, whose principal effect
is the loss of essential stability maintaining contacts, are
categorised as stability reducing in Fig. 1C.

Mutations affecting the electrostatic surface
potential of CD40L
G116R, A123E, H125R, V126D, S128R/E129G, K143T,
G144E, A173D, Q174R, R203I, A208D, V237E and G257D
introduce significant changes into the electrostatic surface
potential of CD40L (Figs. 1C and 3). Most mutations change
the surface potential more negative, whereas the arginine-
introducing mutations, G116R, H125R, Q174R and S128R/
E129G, make the potential more positive. W140R does not
introduce a significant change to the electrostatic surface
potential because the side chain of the mutated residue lies
inside the structure. However, the positive charge is not

Fig. 3. Electrostatic surface potentials in wild-type (A and C) and mutated (B and D) CD40L. In the mutated structures, all missense mutations are included,
except for the cases where a single position is affected by several mutations. In these positions, the following mutations are displayed: G116R, V126A,
W140R, Y169 N and G257D. A large proportion of the mutations alter the surface potential from positive to negative.

The structural basis of hyper IgM deficiency

137



neutralised by interactions with other residues in the protein
core.

Changes in the electrostatic potential affect the properties
of a protein in many ways. Electrostatics is a significant
factor in protein folding and stability, and it has an effect on
protein interactions. Electrostatic surface potential has a
major role in CD40 ligand–receptor interactions, since the
positive surface of the ligand attracts the negative surface of
the receptor (Singh et al., 1998).

Effects of mutations on protein–protein interactions
The function of the CD40 ligand is based on two different
kinds of protein–protein interactions. The interaction with
the receptor is essential for initiating the signalling cascade
leading to B-cell activation, and interactions between CD40L
monomers enable CD40L trimer formation, which has to
occur in order for the interaction with the receptor to take
place (Peitsch and Jongeneel, 1993).

The CD40L–CD40 interaction is based on electrostatic
interactions whereby basic side chains on the CD40L surface
attract acidic side chains on the surface of CD40. CD40L
residues K143, R203 and R207 form salt bridges with recep-
tor surface amino acids (Singh et al., 1998). K143 is mutated
to T in XHIGM, and thus a salt bridge with the receptor E66
is lost. K143T also affects the CD40L electrostatic surface
potential, which contributes to the loss of affinity between
the ligand and receptor. The substitution of R203 by I leads
to the loss of the ion pair formed with E74 of the CD40.
The mutation changes the surface potential more negative
as well.

In addition to the acid–base contacts formed between the
ligand–receptor pair, other direct contact (distance between
heavy atoms ,5 Å) forming CD40L residues are: I127,
S128, E129, E142, G144, Y145, Y146, C178, S185, Q186,
A187, R200, F201, C218, Q220, S248, H249, G250, T251
and G252 (Singh et al., 1998). XHIGM causing mutations
occur in residues 128, 129 and 144. When a glycine is
replaced by a glutamate; with a long side chain and a nega-
tive charge, it has an effect on the specificity of the inter-
action. The introduction of glutamate might result in the loss
of the conformational freedom necessary at that position in
order to form the corner of the AA00 loop (Karpusas et al.,
1995). The orientation of K143 and Y145 might conse-
quently change, making the ligand–receptor interaction less
likely to occur.

The essential contact-forming residues in homotrimer
interactions are Y170 and H224 (Karpusas et al., 1995), both
of which are mutated in XHIGM (Y170C and H224Y).
Neither of these mutations changes the polar nature of the
position, but specific contacts between the monomers are
potentially affected or hindered. Complex stabilising inter-
actions also important for CD40L trimerisation are formed
by Q121, H125, Y145, T147, Y172, Q174, L195, R203,
L205, L206, R207, A208, A209, N210, T211, A215, G219,
Q220, Q221, S222, L225, G226, G227, V228, F229, E230,
T251, G252, F253, L259 and L261 (Morris et al., 1999;
Karpusas et al., 2001). There are eight mutations at positions
125, 147, 174, 195, 203, 208, 226 and 227. The residues
involved in protein–protein interactions are presented in
Fig. 1B. The effects of mutations on the structure and func-
tion of CD40L are summarised in Fig. 1C and Table I.

Discussion

Here, we have investigated the structural effects and conse-
quences of disease-causing mutations in CD40 ligand. We
have collected information about disease-causing mutations
in immunodeficiencies to databases called IDbases (Piirilä
et al., 2006). Currently there are 115 IDbases and 4587
patient cases in them. We have previously applied bioinfor-
matics and structural analysis methods to reveal the basis of
e.g. Bruton’s tyrosine kinase mutations in X-linked agamma-
globulinemia (Vihinen et al., 1994a, 1994b; Väliaho et al.,
2006), SHD1A mutations in X-linked lymphoproliferative
disease (Lappalainen et al., 2000), BLM mutations in Bloom
syndrome (Rong et al., 2000), mutations in the WAS protein
in Wiskott–Aldrich syndrome (Rong and Vihinen, 2000) and
mutations in the methyltransferase domain of DNMT3B in
immunodeficiency, centromeric instability and facial abnorm-
alities (ICF) syndrome (Lappalainen and Vihinen, 2002). In
addition, we have tested and discussed the applicability of
sequence and structure-based bioinformatics methods to
reveal structure–function correlations of disease-causing
missense mutations (Thusberg and Vihinen, 2006). In
addition to understanding the molecular basis of disease, the
ability to predict the effects of amino acid substitutions is
useful for protein engineering purposes.

Most disease causing mutations affect the stability of
protein structure (Wang and Moult, 2001; Steward et al.,
2003). Thirteen of the thirty-five mutations (one being a
double mutant) in CD40L can be classified as functional,
directly changing amino acids involved in trimerisation and
ligand–receptor interactions. Eight of these mutated amino
acids are also involved in stabilisation of the CD40L trimer,
which is why they could also be classified as structural
mutations (Table I). Because of the correlation between
structure and function, the classifications are overlapping.

Conserved amino acids tend to be essential for structure
and function, which is why disease-causing mutations often
occur at the corresponding positions (Miller and Kumar,
2001; Mooney and Klein, 2002). The probability that a
random mutation will cause a genetic disease has been
shown to increase with an increase in the degree of site con-
servation (Vitkup et al., 2003). In the TNF family, sequence
conservation is evident, and 37% of CD40L mutations affect
Type I and Type II conserved amino acids (Table I,
Fig. 1A). There are many covarying positions in the protein
family, but only few of them are conserved in CD40L. None
of these sites has been shown to have disease-causing
mutations.

The members of the TNF family exhibit structural
conservation—all of them have a jelly roll fold and Greek
key topology. The specific functions of these proteins are
governed by the loops connecting the b strands. The length
and properties of the loops vary significantly among the
family members (Karpusas et al., 1995). Most of the disease-
causing mutations in CD40L are located in the b strands
(Fig. 1A and C), and are thus predicted to affect protein
structure and stability, thereby hindering protein function.

Some missense mutations may increase disorder in the
CD40L structure according to our predictions. Although
there are several methods available for disorder prediction,
they seldom agree on the effects of mutations. The structure-
based predictions of the effects of mutations gave further
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Table I. Summary of the effects of CD40L mutations on structure and function

Mutation Conserved
residue

Electrostatic
surface
potential

Contacts
and
stability

Disorder Conformational Aggregation Protein–protein
interactions

Other

M36R Lowered expression on the membranea

G38R Lowered expression on the membranea

G116R X X Structure not well definedb

G116S Structure not well definedb

A123E X
H125R X X
V126A X
V126D X X X Introduction of a charged residue into the

hydrophobic core
S128R/E129G X X X X Loss of conformational stabilityb

W140G X X X Loss of conformational stabilityb

W140C X X X
W140R X X X Loss of conformational stability.b Introduction of a

charged residue into the hydrophobic core
K143T X X X
G144E X X Loss of conformational freedom.b Possible change

in the orientation of residues 143 and 145 involved
in receptor contact

T147 N X
L155P X X Disruption of a b strandb

Y169D X X Introduction of a charged residue into the
hydrophobic core

Y169 N X X
Y170C X X
A173D X X X Introduction of a charged residue into the

hydrophobic core
Q174R X X X
T176I X X
L195P X X
R203I X X
A208D X X X X Introduction of a charged residue into the

hydrophobic core
H224Y X X
G226A X X X
G227V X X X X
L231S X X
A235P X X Disruption of a b strandb

V237E X X X X Contacts are preserved but weakened. Introduction
of a charged residue into the hydrophobic core

T254M X X
G257D X X X X Contacts are preserved but weakened. Restriction of

backbone mobility. Introduction of a charged
residue into the hydrophobic core

G257S X X X X Contacts are preserved but weakened. Restriction of
backbone mobility

L258S X X

aGarber et al. (1999).
bKarpusas et al. (1995).
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insight into their role in CD40L structure and function. The
three-dimensional structure has been determined only for the
TNFH domain, thus missense mutations outside the region
(M36R and G38R) could not be analysed at the structural
level. At the first residues of the structurally determined
domain, the structure is not well defined (Karpusas et al.,
1995), which is why the effects of the mutations G116R and
G116S cannot be reliably predicted at the structural level.
The mutations are likely to cause conformational rearrange-
ments into the structure. Mutations introducing arginine can
be predicted to affect protein structure, as problems in side
chain packing are common when the replacing residue is
larger than the one being substituted, especially when the
substituted amino acid is glycine. A positively charged side
chain may also change fundamental structure-maintaining
contacts. In the membrane spanning a-helix, the introduction
of positively charged amino acids may cause problems for
the stability of the helix or its insertion into the membrane. It
has been hypothesised that positively charged substitutions
in transmembrane helices act as signals guiding the protein
to be degraded in the endoplasmic reticulum (Bonifacino
et al., 1991). Indeed, CD40L forms with the mutations
M36R or G38R are expressed on the T-cell membrane to a
greatly reduced extent (10%) compared to the wild-type
protein (Garber et al., 1999) (Table I). The mutations in the
transmembrane helix probably cause the XHIGM phenotype
by reducing the expression of CD40L on the T-cell surface,
thereby decreasing the number of ligand–receptor contacts.

Forty percent of the missense mutations analysed cause
major structural changes to the protein, according to the
PROBE score for the best rotamer (Table I). Side chains
with a low score do not fit into the structure in any confor-
mation, causing changes to the structure already during the
folding process. Side chains predicted to cause clashes lead
to at least local rearrangements of the structure as well. Even
subtle changes in protein scaffolding may have an influence
on specific protein–protein interactions. The amino acid con-
tacts in the hydrophobic core are crucial for the folding and
stability of the protein. Thirteen of the mutations in CD40L
affect amino acids forming strong contacts in the hydro-
phobic core of the protein, thereby causing the loss of a
number of structure and stability maintaining contacts
(Table I).

Electrostatic surface potentials, calculated with the
program PyMOL, are suggestive and qualitative (DeLano,
2002). Electrostatic surface potential is an important property
of CD40L, since the ligand–receptor interaction is mainly
based on the attraction of molecular surfaces having opposite
charges (Singh et al., 1998). Our results indicate that the
changes in the potential were evident for many of the substi-
tutions (Fig. 3, Table I). Mutations that make the potential
more negative are likely to affect the affinity between the
ligand and receptor, because the positive surface potential of
CD40L attracts the negative surface of CD40 (Singh et al.,
1998).

The consequences of mutations are diverse and the differ-
ent effects on CD40L structure and function are equally
represented. Thirty-seven percent of the mutations affect resi-
dues known to be crucial for receptor binding or trimerisa-
tion (Table I). Electrostatic surface potential, which is also
an important factor in protein–protein interactions, is
affected by six additional substitutions (Table I). Thus, more

than 50% of XHIGM causing missense mutations are pre-
dicted to affect CD40L ligation and trimerisation (Table I),
the proportion of structural mutations being slightly bigger
(63%). Generally, the majority of pathogenic mutations
affect structural rather than functional residues (Wang and
Moult, 2001; Mooney and Klein, 2002). The analysis of
structural and functional consequences of the CD40L
mutations identified in XHIGM patients provides insights
into the molecular basis of the syndrome. Further analysis at
the experimental level will be needed to test our predictive
findings and to fully understand the mechanisms behind the
disease.
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INTRODUCTION

Src homology 2 (SH2) domains are about 100 residues in length sharing

on average 28% pairwise sequence identity. These domains associate almost

invariably to phosphorylated tyrosine residues in specific sequence contexts,

and thus specifically function in protein tyrosine kinase (PTK) pathways.

The binding of SH2 domains to their targets recruits the SH2 domain-con-

taining protein to its proper signaling complex and thereby initiates or reg-

ulates downstream signaling cascades. In addition to their role in assem-

bling activated complexes, particular SH2 domains can also form intramo-

lecular interactions that regulate enzyme activity.1

More than 100 SH2 domains have been found among the human gene

products. They usually appear in multidomain proteins, together with cata-

lytic domains, or other protein binding modules, such as Src homology 3

(SH3), phosphotyrosine binding (PTB), or pleckstrin homology (PH)

domains.2 Many SH2 domains have coevolved and multiplied simultane-

ously with SH3 and kinase domains in protein tyrosine kinases, which high-

lights the fact that these domains usually function in a concerted way.3

Genome wide search for mutations in the SH2 domains revealed eight

proteins, Bruton tyrosine kinase (BTK), SH2 domain-containing protein 1A

(SH2D1A), Ras GTPase activating protein (RasGAP), protein tyrosine kinase

ZAP70 (ZAP-70), SHP-2, signal transducer and activator of transcription 1a/b
(STAT1), STAT5B, and the p85a subunit of the phosphatidylinositol 3-kinase

(PI3-K), which have been shown to cause 10 distinct clinical phenotypes. The

affected genes, their protein products, and the diseases caused by the muta-

tions are summarized in Table I. All the affected SH2 domains either have a

crucial role during cell development process or regulate multiple signaling cas-

cades.4–9 The biological processes and partners of the disease-related SH2 do-

main-containing proteins are discussed in detail in the Supplementary text.

Disease-causing human SH2 domain mutation types range from large gross

deletions of the whole gene to single point mutations. Missense mutations

account for more than half of all mutation types (Table II).

The Supplementary Material referred to in this article can be found online at http://www.interscience.wiley.

com/jpages/0887-3585/suppmat/
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ABSTRACT

The authors have made a genome-wide

analysis of mutations in Src homology 2

(SH2) domains associated with human

disease. Disease-causing mutations have

been detected in the SH2 domains of cyto-

plasmic signaling proteins Bruton tyrosine

kinase (BTK), SH2D1A, Ras GTPase acti-

vating protein (RasGAP), ZAP-70, SHP-2,

STAT1, STAT5B, and the p85a subunit of

the PIP3. Mutations in the BTK,

SH2D1A, ZAP70, STAT1, and STAT5B

genes have been shown to cause diverse

immunodeficiencies, whereas the muta-

tions in RASA1 and PIK3R1 genes lead to

basal carcinoma and diabetes, respec-

tively. PTPN11 mutations cause Noonan

sydrome and different types of cancer,

depending mainly on whether the muta-

tion is inherited or sporadic. We collected

and analyzed all known pathogenic muta-

tions affecting human SH2 domains by

bioinformatics methods. Among the inves-

tigated protein properties are sequence

conservation and covariance, structural

stability, side chain rotamers, packing

effects, surface electrostatics, hydrogen

bond formation, accessible surface area,

salt bridges, and residue contacts. The

majority of the mutations affect positions

essential for phosphotyrosine ligand bind-

ing and specificity. The structural basis of

the SH2 domain diseases was elucidated

based on the bioinformatic analysis.

Proteins 2008; 72:779–792.
VVC 2008 Wiley-Liss, Inc.

Key words: SH2 domains; mutations; bio-

informatics; mutation analysis; mutation

database; structural basis of disease.
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Mutations can prevent the function of a protein in

many ways. Therefore, attempts have been made to dis-

tinguish functional mutations from structural ones in

SH2 domains.10–14 Functional mutations disrupt spe-

cific interactions between the ligand and SH2 domain

affecting specificity and activity, but have no impact on

protein fold, whereas structural mutations damage the

native structure and may lower or prevent expression of

the protein. The production and stability of mRNA is

essential as well. Analyses of the missense mutations

among SH2 domains dictate the structural basis for the

diseases as well as grant insight into the structure-func-

tion relationships of the SH2 domains.

Human disease-causing mutations typically affect

amino acid positions conserved among protein fami-

lies.15 The positions have been conserved in evolution

for protein function, stability and folding,16,17 or for

preventing aggregation.18 The physical and chemical

properties between the substituted residues have also

been shown to be more diverse among the disease-

causing mutations than for harmless substitutions, and

disease-causing mutations often affect intrinsic structural

features of proteins.19–24 Furthermore, the severity of

the substitution correlates with the likelihood of observ-

ing patients clinically.15,25

A generic registry of disease-causing mutations affect-

ing SH2 domains was developed, and the mutations were

collated also into corresponding locus-specific databases.

The SH2base provides tools linking results from the

mutational analyses to the locus-specific mutation data-

Table II
The Number of Reported Pathogenic Mutations in SH2 Domainsa

BTK SH2D1A SHP-2 RasGAP P85a ZAP-70 STAT1 STAT5B Total

Missense 32/70 25/27 33/214 3/3 1/1 1/1 1/1 1/1 97/318
Nonsense 11/20 5/27 16/47
Insertion 4/4 2/2 6/6
Deletion 23/25 33/41 1/1 57/67
Splice site 19/23 11/11 30/34
Total 89/142 76/108 33/214 3/3 1/1 1/1 2/2 1/1 195/472

aThe numbers are for unique mutations/unrelated families.

Table I
Diseases Related to SH2 Domains

Affected gene Protein Disease OMIM Inheritance Prevalence Phenotypes

BTK BTK X-linked agammaglobulinemia
(XLA)

300,300 X-linked 1:200,000
in males

Hypogammaglobulinemia,
antibody deficiency, recurrent
bacterial infections

SH2D1A SH2D1A
(SAP)

X-linked lymphoproliferative
disease (XLP)

308,240 X-linked 1:1,000,000
in males

Fatal infectious mononucleosis,
malignant B cell lymphomas,
dysgammaglobulinemia

ZAP70 ZAP-70 Severe combined
immunodeficiency (SCID)

600,802 Autosomal
recessive

n.a.a Severe pulmonary infection,
chronic diarrhea, failure to thrive,
persistent candidiasis

PTPN11 SHP-2 Noonan syndrome 163,950 Autosomal
dominant

1:1000–1:2500 Short stature, facial dysmorphia,
wide spectrum of congenital
heart defects

PTPN11 SHP-2 Noonan-like/multiple
giant-cell lesion
syndrome

163,955 Autosomal
dominant

n.a. In addition to main Noonan
syndrome phenotypes,
giant-cell lesions of bone and
soft tissues

PTPN11 SHP-2 Juvenile myelomonocytic
leukaemia (JMML)

607,785 n.a. n.a. �30% of myelodysplastic
syndrome and 2% of
leukaemia patients

PIK3R1 P85a Severe insulin deficiency — n.a. n.a. Acanthosis nigricans, hyperinsulinemia,
diabetes mellitus at the later stage

RASA1 RasGAP Basal cell carcinoma (BCC) 605,462 Sporadic n.a. Clusters of basal cell carcinoma,
development of tumours on the chest

STAT1 STAT1 STAT1 deficiency, complete 600,555 n.a. n.a. Susceptibility to viral and
intracellular bacterial infections

STAT5B STAT5B Growth hormone insensitivity
with immunodeficiency

245,590 n.a. n.a. Growth failure, recurrent bacterial
and viral infections

an.a., not available.
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bases. The SH2base is freely available at http://bioinf.

uta.fi/SH2base.

Several bioinformatic methods were applied to study

the effects and consequences of each of the SH2 domain

disease-related mutation. To analyze the putative struc-

tural effects of the pathogenic mutations, each missense

mutation was modeled onto the corresponding structure

and evaluated based on bioinformatic analysis. With the

exception of STAT5B, the three dimensional structures of

the SH2 domains studies here have been solved experi-

mentally.26–33 Furthermore, the inactive conformation

of the SHP-2 protein was revealed by X-ray crystallogra-

phy.34 The majority of the mutations in all SH2 domains

are located at positions involved in ligand binding and

specificity, or in the case of SHP-2, at the interdomain

interface. The disease-causing mutations were frequently

found to affect conserved and covarying positions. We

were able to elucidate the disease mechanism for each

SH2 domain mutation.

MATERIALS AND METHODS

SH2base, a comprehensive collection of
mutations affecting SH2 domains

The SH2base was built to provide a platform for the

analyses of several different locus-specific mutation data-

bases containing SH2 domain lesions. The SH2base web

site includes results based on the structural and sequence

analyses of mutations on corresponding protein struc-

ture. The database is freely available at http://bioinf.

uta.fi/SH2base.

The patient data of each affected gene is stored in spe-

cialized locus-specific mutation databases. The disease-

causing mutations identified in BTK, SH2D1A, ZAP70,

STAT1, and STAT5B genes have been previously collated

into BTKbase (http://bioinf.uta.fi/BTKbase/), SH2D1 Abase

(http://bioinf.uta.fi/SH2D1Abase/), ZAP70base (http://

bioinf.uta.fi//ZAP70base/), STAT1base (http://bioinf.uta.i/

STAT1base/), and STAT5Bbase (http://bioinf.uta.fi/STAT5B

base/), respectively.35–37 The analyzed pathogenic muta-

tions affecting p85a, PTPN11, and RASA1 genes were

collected from the literature into registries (http://bioinf.

uta.fi/PIK3R1; http://bioinf.uta.fi/PTPN11base; http://bioinf.

uta.fi/ RASA1base) according to the guidelines adopted in

BTKbase.36,38 The locus-specific SH2 databases are

patient-based registries. Each entry contains four main

items: identification of the patient and mutation, refer-

ence either to published article(s) or a submitting physi-

cian, mutation information, and data related to disease.

The databases have a systematic design, which allows the

use of the MUTbase program package39 to generate new

information and to distribute the data on the Internet. A

submission program has been developed to submit muta-

tion and patient information into databases.

Sequence alignments

For the sequence analysis, a ready-made sequence

alignment of 1669 SH2 domain sequences was extracted

from the Pfam database.40 Structural alignments for the

SH2 domains discussed here were made by the 3DCoffee

server.41

Secondary structure assignment

The secondary structural boundaries were determined

for each protein structure by the STRIDE algorithm.42

Determination of sequence conservation

For the analysis of sequence conservation, the entropy

and information at each position or mutual information

between any positions in the multiple sequence align-

ment was calculated as described in Ref. 43. For informa-

tion calculations, amino acids were categorized into six

physicochemically related groups: hydrophobic (V, I, L, F,

M, W, Y, C), negatively charged (D, E), positively charged

(R, K, H), conformational (G, P), polar (N, Q, S), and

other (A, T). The threshold P-value for mutual informa-

tion calculations was 0.01. The position-specific profiles

were analyzed with MultiDisp (http://bioinf.uta.fi/cgi-bin/

MultiDisp.cgi) (Riikonen et al., in preparation) and

ProCon.43 The frequencies of residues in each alignment

position were calculated, and when the frequencies of

other residues than the consensus residue were zero or

close to zero, the position was considered to be

conserved. The degree of conservation, as presented in

Figure 2(A), was determined by the ConSeq server,

employing the empirical Bayesian statistics method for

determining the conservation scores.44 The analyses con-

tained 1669 SH2 domain sequences extracted from the

Pfam database.40

Analysis of structural effects

The consequences of missense mutations on protein

structures were predicted based on structural analyses.

The corresponding crystal structures were used in the

analyses: SH2D1A (PDB code 1D4W),30 ZAP-70 N-

terminal SH2 domain (1M61),27 SHP-2 (2SHP),34 SH2

domain of p85a (2IUG),45 STAT1 (1YVL),46 and the so-

lution structures of the BTK SH2 domain (2GE9),33 and

RasGAP (2GSB).

Mutations either affecting proline or introducing a

proline in the ordered secondary structures were pre-

dicted to cause backbone strain. Overpacking was meas-

ured by rotating each of the mutated residues over full

range of side chain v angles. Only the substituted side

chain was allowed to move during the analyses. The ro-

tatable side chain was created with PREKIN 5.93 and an

automated sampling of torsional angles was done with

the Autobondrot procedure under PROBE 2.80.47 The
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acceptable conformations for a mutated side chain have a

total score of above 21.0 allowing for small local pertur-

bations in the structure.48 Mutations with possible

rotamer conformations were modeled on corresponding

wild type structure. The best rotamer was used to build

the mutated amino acid. The hydrogens were added by

using Insight II (Accelrys) or Reduce.49 The models were

then analyzed for positive van der Waals surfaces and

electrostatic effects by using PROBE and MAGE pro-

grams,47 or the PyMOL program.50 The changes in

hydrogen bonds, accessible surface area, and salt bridges

affecting contacts between residues were calculated with

program WhatIf,51 RankViaContact,52 and CSU serv-

ices.53 The ranked contact energies were used to estimate

the importance of the residue to the stability of the pro-

tein structure. The electrostatic surface potentials were

calculated and visualized with PyMOL.

RESULTS AND DISCUSSION

We have collated all reported pathogenic mutations

affecting SH2 domains into a database (http://bioinf.

uta.fi/SH2base), and analyzed the consequences of mis-

sense mutations on each affected protein by bioinfor-

matics methods.

The SH2 domains form a distinct well-characterized

protein domain family affected by a wide range of patho-

genic mutations. SH2 domain is a relatively small protein

interaction domain that folds into a distinct antiparallel

b-sheet structure sandwiched between two a-helices. The
structure has an elongated binding site for phosphotyro-

sine-containing peptides or proteins perpendicular to the

b-sheet. The SH2 domains are usually found in multido-

main proteins, together with kinase or phosphatase

domains and additional domains involved in mediating

the assembly of specific protein complexes (see Fig. 1).

SH2D1A is a small protein consisting solely of the SH2

domain with a C-terminal extension, whereas all the

other SH2-domain containing proteins discussed here

consist of several domains. There are two SH2 domains

in ZAP-70, SHP-2, RasGAP, and p85a, but only in SHP-

2 there are mutations in both the N- and C-terminal

SH2 domains.

The SH2 domains in BTK, SH2D1A, SHP-2, p85a,
RasGAP, ZAP-70, STAT1, and STAT5B are known to be

affected in different types of immunodeficiencies and

cancer, insulin deficiency, or growth hormone insensitiv-

ity (Table I). Currently, 195 unique molecular events in

472 unrelated patients have been reported (Table II). A

generic registry of disease-causing mutations affecting

SH2 domains was developed. In addition, all pathogenic

mutations were collated into corresponding locus-specific

mutation databases. The SH2base provides tools combin-

ing mutation analyses to the particular locus-specific

mutation database describing the defective gene and

patient data.

General overview of SH2 domain mutations

We have analyzed missense mutations in all eight

affected SH2 domains by using bioinformatic methods

on sequence and structural level. We have applied this

approach into the analysis of numerous diseases, for

example, Refs. 37,54–58. The sequence conservation of

each position was determined at three levels: identity,

conservation of amino acid physicochemical properties,

and covariant conservation. Positions involved in ligand

binding were elucidated from literature. Mutations caus-

ing steric clashes and over-packing were analyzed by

rotating the introduced side chain v-angles. In case the

introduced residue fitted on the structure, the model was

analyzed for loss of any favorable interactions to interpret

the putative consequences of a particular mutation.

The vast majority of the SH2 domain affecting muta-

tions is found in the BTK and SH2D1A genes, whereas in

p85a, RasGAP, ZAP-70, STAT1, and STAT5B there are

only few known mutations in each gene (Table II). In

SHP-2, all the known disease-causing mutations are mis-

sense mutations, which is in agreement with the gain of

function role of these mutations. The 29 unique intron

mutations affecting SH2 domains in 36 unrelated

patients cause aberrant splicing and lead to altered pro-

tein products or induce changes in transcriptional activ-

ity. Short deletions are more frequent than insertions as

has been shown for many diseases.59 The 16 different

nonsense mutations affect functional and structural posi-

tions in the SH2 domain structures. Of the 100 different

missense mutations, 46% are located on b-strands fol-

lowed by loop structures (27%), and a-helices (26%).

The single STAT5B mutation was excluded from this

analysis due to uncertain secondary structure alignment.

The majority of the disease-causing missense muta-

tions in SH2 domains affect functionally important

amino acids (71%) that are involved either in the ligand

binding or interactions between the N-terminal SH2 do-

main of SHP-2 and the phosphatase domain. Based on

Figure 1
The domain organization of the analyzed proteins. The SH2 domains in each

protein are highlighted black. TH, Tec homology domain; CCD, coiled coil

domain.
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our analyses of the SH2 domain structures, 29% of mis-

sense mutations were found to affect protein stability,

with backbone strain (12% of all the mutations), and

over-packing (8% of all the mutations) being the most

common defects. Most of the pathogenic missense muta-

tions affecting corresponding positions in several SH2

domains are located on the binding surface. These mis-

sense mutations affect highly conserved residues involved

in phosphotyrosine binding as well as unconserved posi-

tions related to SH2 domain specificity [Fig. 2(B,C)].

Furthermore, the probability of observing a covariant

pair when either of the residues is mutated is extremely

low. Many mutations also alter the electrostatic surface

potential of the protein, especially at the phosphotyrosine

binding pocket [Fig. 2(D,E)]. Electrostatic surface poten-

tials are crucial in ligand binding, and the surface

charge–charge relationships have a role in maintaining

the stability of the protein as well.60

The highest numbers of mutations appear in BTK,

SH2D1A, and the N-terminal SH2 domain of SHP-2.

The types of mutations differ among the three proteins.

In BTK, most missense mutations are located at the

ligand-binding surfaces, and can thus be regarded as

functional, having no impact on protein fold. The SHP-2

mutations are functional as well, most of them being

located at the NSH2-PTP-interacting surface, thereby reg-

ulating the protein activity. In contrast, the SH2D1A

mutations are mostly structural, affecting buried residues

in the protein core and leading to over-packing.

All eight analyzed SH2 domain structures shared the

typical SH2 domain fold. For the general nomenclature

of the mutated sites the system introduced by Eck

et al.61 was used. This system is based on the secondary

structures and regions connecting them (see Fig. 3). The

bA, bB, bC, and bD strands form an antiparallel b-sheet
with two a-helices on both sides of the b-sheet.62 The

phosphotyrosine-binding pocket is formed by amino

acids located in the aA helix, bB and bC strands, and in

the BC-loop [Fig. 2(A)]. Residues from aB-helix and the

EF and BG-loops are involved in binding of amino acids

C-terminal to the phosphotyrosine in the ligand. The

bD’, bE, and bF strands form an additional small b-sheet
that closes off one part of this side [Fig. 2(A)].

Mutations in different diseases

Missense mutations affecting SHP-2 are mainly located

on the surface between the N-terminal SH2 domain and

the phosphatase domain. The mutations favor the active

enzyme conformation and the wide spectrum of pheno-

types caused by PTPN11 mutations results from a con-

stantly active phosphatase in cells.63 In agreement, muta-

tions leading to the depletion of enzyme activity, such as

nonsense mutations or large deletions, have not been

identified from the NS patients. Four missense mutations

affect positions located in the phosphopeptide-binding

clefts (T42A, L43F, and T52S in the N-terminal SH2 do-

main, and E139D in the C-terminal SH2 domain), and

are thus predicted to perturb phophopeptide binding

specificity or/and affinity (Table III). Two of these muta-

tions have been shown to increase SHP-2 activity after

stimulation compared with the wild type protein.64 In

contrast to PTPN11, defects affecting BTK and SH2D1A

genes range from gross deletions of the whole gene to

single point mutations.

The effects of several XLP causing missense mutations

on protein stability and ligand binding have been studied

in vitro and in vivo.12,28,65–67 As expected, mutations

involved directly in ligand binding appear to be stable

in vivo abolishing the interaction between the SH2D1A

and the cytoplasmic tail of SLAM family members.

Mutations outside ligand-binding areas were shown to

share a significantly reduced half-life indicating more

rapid proteolysis of the mutated proteins inside the cells.

The SH2 domain of BTK has also been found to tolerate

XLA causing mutations poorly in vitro, although the

mutated full-length protein appears to be more stable

in vivo.11

The missense mutations in BTK mainly affect surface-

exposed residues involved in phophopeptide binding and

specificity. Interestingly, almost all the mutant side chains

could be adopted into the structure without major struc-

tural rearrangements. Substitutions introducing a proline

are quite common, and these are predicted to cause alter-

ations in the structure, since proline is a known second-

ary structure breaker. Mutations to/from proline are usu-

ally deleterious.68 One of the proline substitutions is at

the BG-loop, which is involved in ligand binding in all

SH2 domains. The RasGAP mutations are all located at

the specificity-determining bD-strand, and are expected

to have a functional role.

The single SCID-causing ZAP-70 missense mutation

P80Q has been demonstrated to have a structural, rather

than functional role. The mutant protein is unstable

in vivo, leading to decreased half-life and rapid degrada-

tion of the protein.69

The STAT1 and STAT5B mutations both introduce

prolines in b-strands. In STAT1, the L600P mutation is

positioned close to the phosphopeptide-binding R602

(RbB4), and the inserted proline could alter the orienta-

tion of the strand as a result of the introduced backbone

strain, thereby changing the position of the critical argi-

nine. The leucine and the affected bB-strand amino acids

are conserved in all STATs. On the other hand, the mu-

tant protein could not be detected in patient cells,70

which suggests that the protein is not stable and it is

quickly degraded after synthesis. Thus, the introduced

proline would not only prevent the function of the pro-

tein by disrupting the local structure, but also cause

more extensive structural damage to the protein. The

STAT5B mutation, A630P, is located at bC5, by homol-

ogy. This position probably has a role in maintaining the
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Figure 2
(A) Stereo view of SH2D1A. On the left, the residues involved in phosphotyrosine binding in any of the SH2 domains discussed are colored cyan. Residues involved in

specificity are colored white. On the right, the color coding refers to sequence conservation in SH2 domains. The most conserved positions are colored gray followed by

yellow, orange, magenta, and the most variable regions are colored red. The secondary structures are indicated. (B) The SH2 domain of SH2D1A (magenta) in complex

with a SLAM receptor derived phosphopeptide ligand (red). All known pathogenic missense mutations reported from the SH2 domains are shown. Mutations affecting

only one SH2 domain are shown in white, whereas mutations found in more than one SH2 domain are in yellow. (C) Surface representation of the SH2 domain of

SH2D1A showing the two binding pockets. Mutations are colored as in Figure 2(B). (D) Electrostatic surface potential of wild type SH2D1A. The blue color indicates

positive potential, and the red color indicates negative potential. (E) Electrostatic surface potential of mutated SH2D1A. All the missense mutations affecting any of the

analyzed SH2 domains are included. The mutations have a net effect of changing the surface potential more negative, especially at the phosphotyrosine binding pocket

and its surroundings.
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phosphotyrosine binding pocket structure (see below).

The mutation has been shown to cause loss of thermody-

namic stability as well as aberrant folding and aggrega-

tion of the protein.71 Interestingly, in XLA the bC5 posi-

tion is mutated to proline as well.

Amino acid conservation

Amino acid conservation was determined with the

program ProCon on three levels, namely invariant posi-

tions (only RbB5), physicochemically conserved sites,

and the network formed by covariant residues (see Fig.

4). The degree of sequence conservation, as determined

by the program ConSeq, is illustrated in Figure 2(A).

The most conserved sites are generally the ligand-binding

residues and the residues surrounding them, whereas the

most variable regions are situated at the outer edges of

the helices, and loop regions. In BTK, 48% of the muta-

tions affect conserved positions, most of which are func-

tional positions involved in phosphopeptide binding. The

number is about the same in SH2D1A, where 46% of the

mutations affect conserved positions. The conserved posi-

tions in SH2D1A are mainly structural, and many muta-

tions affect covariant positions. Only four of the SHP-2

mutation positions are conserved, two are involved in

phosphopeptide binding and the other two are posi-

tioned at the N-SH2-PTP-interaction surface.

The majority of SHP-2 missense mutations are located

at the interdomain interface, thereby destabilizing the

inactive structure. This mechanism of regulation of activ-

ity, exhibited by SHP-1 and SHP-2, is unique among the

SH2 domains,72 and therefore positions involved in the

interdomain binding are generally not conserved among

the SH2 family. In the aB2 position, which is mutated in

ZAP-70 (P80Q), hydrophobicity is a conserved property,

and no charged residues appear among the SH2

domains. Of the three mutated positions in RasGAP, two

are conserved (bD4 and bD7). The STAT1 L600 is con-

served among the STAT proteins (see Fig. 5).

There are 19 covariantly conserved positions in the

SH2 family (see Fig. 4), 11 of which are affected by the

disease-causing mutations. The covarying positions bB6,
bC3, bD4 are all mutated in SH2D1A, and there are

mutations in these positions in at least one other SH2

domain, as well. Almost every position in the bC strand

is covariantly conserved, excluding bC1. This reflects the

important role of the bC strand in forming the phospho-

tyrosine binding pocket together with residues from the

bB and bD strand [Fig. 2(A,B)]. For example, the posi-

tions bB4, bC2, bC4, and bD7 form a separate covary-

ing group (see Fig. 4), and are involved in a network of

hydrophobic contacts in the protein core right below the

phosphotyrosine-binding pocket.

Mutations affecting phosphotyrosine
binding

The residues interacting with the phosphotyrosine are

generally conserved and form a positively charged bind-

ing pocket on the SH2 domain surface.62 Thirty-four

different missense mutations in 23 positions presumably

affect phosphotyrosine binding. Five of these positions

showed statistically significant covariance (P < 0.01) with

at least one other position (see Fig. 4).

Figure 3
Structural sequence alignment of the defective SH2 domains, excluding STAT1 and STAT5B. The boxes indicate common secondary structural elements used for defining

the nomenclature in the text and in the Figures 2 and 4. The gray highlights indicate the secondary structural boundaries for each protein, calculated from atomic

coordinates of each protein by the program STRIDE. The positions of disease-causing mutations are shown in bold. SwissProt codes are given after corresponding

sequence.
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Table III
Summary of the Mutations and their Effects

Protein Mutation Position Structurala Functionalb Phenotype

BTK R288Q aA2 X Classical XLA
R288W aA2 X Mild/classical XLA
L295P aA9 X Classical XLA
G302E AB6 X Classical XLA
G302R AB6 X Classical XLA
R307G bB5 X Classical XLA
R307K bB5 X Classical XLA
R307T bB5 X Classical XLA
D308E bB6 X XLA
S318F bC5 X Classical XLA
S318P bC5 X Classical XLA
V319A bC6 X Classical XLA
Y334S bD5 X Classical XLA
C337G bD01 X Classical XLA
L346R bE4 X Classical XLA
L346P bE4 X Classical XLA
L358F aB5 X Classical XLA
Y361C aB8 X XLA
Y361D aB8 X Classical XLA
H362Q aB9 X Classical XLA
H362R aB9 X XLA
H364D aB11 X Classical XLA
H364P aB11 X XLA
N365Y aB12 X Classical XLA
S366F BG1 X XLA
L369F BG4 X Classical XLA
I370M BG5 X XLA
S371P BG6 X Classical XLA
R372G BG7 X XLA
K374N BG9 X Classical XLA

SH2D1A Y7C bA2 X XLP
H8D bA3 X XLP
H8P bA3 X XLP
G16D aA5 X XLP
G27S AB6 X XLP
S28R bB1 X XLP
L31P bB4 X XLP
R32T bB5 X XLP
D33Y bB6 X XLP
S34G bB7 X XLP
S34R bB7 X XLP
G39V BC5 X XLP
C42W bC3 X XLP
G49V CD2 X XLP
T53R bD4 X XLP
Y54C bD5 X XLP
R55L bD6 X XLP
S57P bD01 X XLP
E67D EF1 X XLP
T68I EF2 X XLP
I84T aB6 X XLP
F87S aB9 X XLP
G93D BG3 X XLP
Q99P BG9 X XLP
P101L bG2 X XLP
V102G bG3 X XLP

P85a R409Q aB10 X Severe insulin
deficiency

ZAP-70 P80Q aB2 X SCID
SHP-2 T42A bC3 X NS

L43F bC4 X NS
T52S bD3 X JMML
N58D bD02 X NS
N58Y bD02 X ALL
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The most frequently mutated positions among the

XLA and XLP patients are located in the phosphotyrosine

binding-pocket. The second arginine at the aA helix is con-

served in almost all SH2 domains and it is involved in

coordinating the phosphotyrosine. The R288Q and R288W

(aA2) mutations in BTK disturb phosphopeptide bind-

ing,33 although they both can be fitted into the binding

pocket. Both mutations at aA2 have also been shown to

cause severe loss of binding affinity in biochemical stud-

ies.73 In the SH2D1A structure, the phosphate group from

the phosphotyrosine is rotated and the RaA2 interactions

are replaced by R55 (bD6). XLP patients have two different

mutations at this position; the codon is either changed to

leucine or termination codon. The leucine mp-rotamer

conformation can be fitted into the binding pocket, but the

coordinating interactions to the phosphate group are lost.

The XLA and XLP mutations in the aA2 and bD6 posi-

tions contain CpG sites at the DNA level. Methylated cyto-

sines appear with high frequency in CpG dinucleotides,

and spontaneous deamination of methylcytosine to thy-

mine underlies in many primary immunodeficiencies74 or

in different types of cancer.75 The majority of CpG muta-

tions affect arginine residues. In many cases, the substitut-

ing residues cannot replace the long and charged side chain

without affecting protein function.76–78

The arginine at the fifth position of the bB strand

(RbB5) is the only invariant residue among the SH2

domains. This arginine is situated in the bottom of the

phosphotyrosine-binding pocket and is responsible for

binding and identification of the phosphorylated tyrosine

of the ligand.62 The isothermal titration calorimetry

binding studies with high affinity show that the phos-

photyrosyl group contributes about 60% of the free

energy of the interaction.79,80 In five unrelated patients

Table III
(Continued)

Protein Mutation Position Structurala Functionalb Phenotype

N58H bD02 X NS
N58K bD02 X NS
G60R DE1 X JMML
G60V DE1 X MDS/JMML
G60A DE1 X NS
D61G DE2 X NS/JMML/MPD
D61N DE2 X NS/JMML
D61Y DE2 X ALL/JMML
D61V DE2 X ALL/JMML/MDS
Y62D bE1 X NS/JMML
Y62N bE1 X NS
Y63C bE2 X NS
E69Q bF1 X NS
E69K bF1 X ALL/JMML/MDS
F71L bF3 X MDS/NS
F71K bF3 X AML
A72G FB1 X NS
A72S FB1 X NS
A72T FB1 X ALL/JMML
A72V FB1 X ALL/JMML/AML
A72D FB1 X ALL
T73I aB1 X NS/JMML/MPD
E76Q aB4 X ALL/JMML
E76K aB4 X ALL/AML/JMML
E76V aB4 X JMML
E76G aB4 X ALL/JMML
E76A aB4 X JMML/MDS
E76D aB4 X NS
E76M aB4 X NS
Q79P aB7 X NS
Q79R aB7 X NS
E139D bB6 X NS/JMML

RasGAP R398L bD4 X BCC
K400G bD6 X BCC
I401V bD7 X BCC

STAT1 L600P bB2 X STAT1 deficiency
STAT5b A630P bC5 X Growth hormone insensitivity

aMutations that do not fit into the structure or cause loss of important contacts between residues are designated as structural.
bMutations that affect ligand-binding residues or SHP-2 residues involved in N-SH2-PTP interaction surface are considered

functional.
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with XLA, the RbB5 position has been mutated to gly-

cine, lysine, or threonine, whereas the XLP patient has

threonine. In both domains, the substitutions cause the

disease by removing the crucial interaction required for

the recognition and binding of the phosphotyrosine. In

agreement with the predictions, the XLA causing muta-

tion to glycine was shown to abolish binding of phos-

photyrosine in vitro, although the mutated and wild type

proteins had identical CD spectra.11 The binding affin-

ities of the mutants introducing glycine or threonine at

RbB5 were also shown to be greatly reduced.73 The

patient monocytes expressing the R307G mutant also had

normal amount of BTK protein.81 Mutation of the argi-

nine to lysine or alanine has been shown to abrogate the

regulatory role of BTK in sustained intracellular Ca21

signaling and Fas-mediated apoptosis in B cells.82

In addition to defects at the bB5 position, other muta-

tions affecting residues involved in the formation of the

phosphotyrosine binding pocket cause functional defects

in the protein, without necessarily causing large pertur-

bations into the structure. As an example, the conserved

bD4 position is typically occupied by an amino acid

with a large hydrophobic moiety that can interact with

the phenol ring of phosphotyrosine.62 The position

shows significant covariation with bC5 (see Fig. 4), a

position that most probably has a role in stabilizing the

structure of the binding pocket, since the two residues

are in extensive contact. In BTK and RasGAP (C-SH2),

the bD4 position is occupied by a histidine and arginine,

respectively, whereas SH2D1A has threonine. In the Ras-

GAP SH2 domain, the BCC-causing R398L mutation at

this position can be fitted into the structure, but numer-

ous hydrogen bonds formed by the arginine are lost as a

consequence of the substitution, including the hydrogen

bond with Y389 in the covarying bC5 position. The XLP

causing substitution H333L at the corresponding position

can be accommodated into the structure as well, but cru-

cial hydrogen bonds with residues 288 and 292 are lost,

which is predicted to lead to alterations in the orienta-

tion of the pY-binding R288. The SH2D1A bD4 position,

on the contrary, is solvent accessible. The T53 at this

position interacts with the pY 12 residue from the

ligand.28,30 Biochemical analyses have shown that the

mutated protein is stable in vivo and the substitution

only abolishes binding to the unphosphorylated SLAM

receptor.12 Based on the SH2D1A structure with target

peptide (1D4W), the side chain of isoleucine collides

with the two residues preceding phosphotyrosine in all

rotamer conformations indicating a dynamic process at

the binding surface that our method cannot predict.

Mutations affecting SH2 domain specificity

The residues involved in binding of the third residue

following phosphotyrosine (pY 13) are located in the

Figure 4
The positions among the SH2 domains showing statistically significant

covariance. Positions involved in binding of the phosphotyrosine in any of the

analyzed SH2 domains are inside squares, whereas positions related to specificity

are inside diamonds. Positions carrying disease-causing mutations are indicated

by a black background.

Figure 5
A MultiDisp visualization of the sequence alignment for the SH2 domains of the STAT family of proteins (human STAT1, STAT2, STAT3, STAT4, STAT5A, STAT5B, and

STAT6). The height of the characters indicates the frequency of the amino acids in the alignment positions, and the color of the objects represents the chemical nature of

the amino acids (physicochemically related amino acids have the same color). Arrowheads below the alignment, together with the mutant forms, indicate the positions of

STAT SH2 domain mutations.
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aB helix and in the EF and BG loops. These residues are

highly variable and respond to individual SH2 domain

specificity [Fig. 2(A,B)]. In the SH2 domains of BTK,

SH2D1A, p85a, ZAP-70, and RasGAP, the ligand-binding

residues come close together forming another binding

pocket on the SH2 domain surface.14,27,30,32 In SHP-2,

the residues move away from each other opening up a

binding groove on the SH2 domain surface and let the

interactions between the ligand and SH2 domains extend

beyond the pY 13 position.29 The first residue following

the phosphotyrosine (pY 11) is bound on the surface

between the two binding pockets. In STAT1, the phos-

phopeptide-SH2 interaction is primarily attributed to res-

idues pY, pY 11, and pY 14 of the peptide.46

The majority of the peptide-binding motifs for indi-

vidual SH2 domains have been identified by using

in vitro oriented phosphopeptide library assays.83 Based

on these results, together with structural analyses of dif-

ferent ligand-binding models, the bD5 position has been

shown to play a crucial role in the determination of

specificity. In BTK and SH2D1A SH2 domains, the tyro-

sine forms part of the pY 13-binding pocket and inter-

act with the pY 11 residue from the ligand as well. The

XLA (Y334S) and XLP (Y54C) mutations at this position

affect specific interactions between the SH2 domain and

the ligand. The BTK mutation Y334S was shown to

reduce binding of the wild type preferred ligands, and

the mutated protein preferred hydrophobic residues at

pY 11 position.73 Furthermore, transient expression of

the mutated full-length protein in COS-7 cells showed

wild-type stability and was not prone to aggregation.11

The XLP causing mutation Y54C reduces the thermody-

namic stability and affinity to the SLAM receptor derived

peptide.65 The surrounding residues bD4 and bD6,
which are involved in forming the binding pocket, are

affected by disease-causing missense mutations as well.

The bD4 mutations in BTK, SH2D1A, and RasGAP all

cause a change of charge in the binding pocket, which

likely affects ligand binding as well. There are mutations

affecting the bD6 position in RasGAP and SH2D1A, and

these substitutions affect the charge of the binding

pocket as well.

Several residues forming the hydrophobic pocket for

the ligand pY 13 residue have been mutated causing

XLA and XLP (Y334S, Y361C, Y361D, L369F, and I370M

in XLA, and E67D, T68I, and G93D in XLP). The major-

ity of these defective residues in BTK are located in the

N-terminus of the aB helix or in the BG-loop. In con-

trast, the XLP causing mutations are located in the EF

and BG loops. There are two XLP mutations in the aB
helix: I84T (aB6) and F87S (aB9). The threonine 84 can

be accommodated into the structure, the best rotamer

having almost identical positions for Cb and Cg as the

wild type isoleucine. The mutation has been shown to

cause reduced half-life of the protein, and the ability of

the mutated protein to induce downstream signaling

through SLAM is approximately fourfold less than that

of the wild type protein in spite that the mutated protein

was able to bind SLAM.66 The increase in polarity of the

buried side chain probably causes loss of structural stabil-

ity in the protein. In the best rotamer conformation, the

Cb and the hydroxyl group of the serine 87 were in iden-

tical conformation as the Cb and Cg of the wild type

phenylalanine, but the hydroxyl group of the serine is

oriented into the hydrophobic binding pocket. The XLP

causing mutation was shown to decrease binding affinity

and thermal stability in vitro.65 The H362Q and H362R

(aB9) mutations in BTK are likely to disrupt the binding

pocket conformation. In agreement with the predictions,

the H362Q mutation has been shown to abolish phos-

photyrosine binding in vitro and the mutated protein has

an nonnative-like CD spectrum indicating changes in the

secondary structures in relation to each other.11

Genotype–phenotype correlations

In XLA, there most likely are some genotype–pheno-

type (GP) correlations, because the severity of the disease

varies among patients.84 In the severe (classical) form of

XLA, the susceptibility to severe infections is greater and

the levels of B-lymphocytes and/or immunoglobulin are

lower than in the mild form. The age at diagnosis also

corresponds to the severity of the disease. However, the

GP correlations are difficult to elucidate, since the same

molecular event may result in different forms of the dis-

ease in different families, or the phenotype may vary

even within certain kindreds.84

GP correlations have also been found in PTPN11

mutations with patients with NS, JMML, and NS/

MPD.85 The somatically acquired JMML-causing muta-

tions have been suggested to have a strong gain-of-func-

tion effect that might affect embryonic or fetal develop-

ment if they were transmitted in the germ line, which is

why these mutations are not observed in NS patients.

The hereditary NS-causing mutations are supposed to

have a weaker effect, and the effects of NS/MPD-causing

mutations would have intermediate effects on the protein

function.85 For example, the NS causing mutations

N58D, G60A, D61N, E69Q, A72G, and E76D could be

considered to have a mild effect on the protein, since the

substituting amino acid resembles the wild type amino

acid biochemically. Yet there are cases where a more pro-

nounced change in amino acid properties causes NS, and

some substitutions predicted to have a mild effect lead to

JMML or AML (e.g., E76Q). However, the dataset of 35

individual substitutions is not sufficient for a systematic

statistical study of the GP correlations. Similarly as in

XLA, the GP correlations in PTPN11 mutations are not

clear because some mutations cause different phenotypes

in different families. For example, the mutations D61G

and T73I cause NS, NS/MPD, and JMML in different

kindreds.
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CONCLUSIONS

We have shown that many pathogenic mutations

affecting SH2 domains are located either in strictly con-

served positions or influence covariant pairs. In general,

a disease-causing mutation at a covariant pair decreases

the probability of finding the mutated residue and its

complementing residue to zero. The pathogenic muta-

tions were found to frequently affect covarying pairs

among the SH2 domains.

The majority of the substitutions in the SH2 domains

affect residues involved in ligand binding and specificity.

In the SHP-2 SH2 domain, 19 of the 24 mutations are

positioned at the N-SH2-PTP-interacting surface, thereby

involved in the regulation of protein activity. Four of the

mutations affect phosphotyrosine binding. Few XLA

causing mutations were predicted to lead into dramatic

changes in the protein structure. Twenty of the mutations

in BTK affect residues involved in ligand binding,

revealed by biochemical studies,11,73 and the NMR

structure.33 The mutations in RasGAP also cluster in

and around the ligand-binding pocket. There are more

structural mutations in SH2D1A, leading to overpacking

and loss of favorable interactions maintaining the proper

structure. In the proteins with only one known disease-

causing mutation, the effects are predicted to be struc-

tural, because they all, excluding p85a, affect or intro-

duce prolines. The structural effects of these mutations

have also been demonstrated in biochemical stud-

ies.69,70,86 Clearly, more biochemical analyses are

required to understand the biophysical properties of each

defective SH2 domain to test our predictive findings, and

to fully understand the molecular mechanisms behind

the diseases.
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SUPPLEMENTARY TEXT

GENOME  WIDE  ANALYSIS  OF  PATHOGENIC  SH2  DOMAIN

MUTATIONS

Ilkka Lappalainen, Janita Thusberg, Bairong Shen, and Mauno Vihinen

Biological processes of the diseaserelated SH2 domaincontaining
proteins

BTK and ZAP70 proteins are cytoplasmic tyrosine kinases having a profound role in B and T cell

maturation,  respectively. Mutations  in all  five domains of BTK  have been shown to block B cell

maturation  after  preBcell  causing  Xlinked  agammaglobulinemia  (XLA).1  BTK  participates  in

signal  transduction  pathways  regulating  activation,  proliferation,  differentiation,  and  apoptosis,

initiated by the binding of a variety of extracellular ligands to cell surface receptors.2  Mutations in

the SH2 domain of BTK have been shown to abrogate sustained Ca2+ mobilization and disrupt the

binding to the Fas  receptor.3 The ZAP70 protein consists of  two SH2 domains  followed by a C

terminal kinase domain4 (Figure 1). Association of both SH2 domains to the   chain of activated T

cell antigen receptor  (TCR) regulates multiple different downstream pathways.4 Alterations  in the

ZAP70  gene  lead  to  a  rare  autosomal  recessive  form  of  severe  combined  immunodeficiency

(SCID).5

The gene defective in Xlinked lymphoproliferative syndrome (XLP) encodes a protein, SH2D1A,

or  SAP,  expressed  mainly  in  the  T  cells  and  natural  killer  (NK)  cells.68  The  SH2D1A  protein

belongs to a family of small regulator proteins together with Ewing’s sarcomaactivated transcript 2

(EAT2) and EAT2related transducer (ERT). ERT is functional in rodents, but the human ERT is
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a  pseudogene.9  The  three  proteins  consist  of  a  single  SH2  domain  and  a  Cterminal  extension9,10

(Figure  1).  According  to  the  mutational  and  structural  data,  the  function  of  the SH2D1A  protein

seems  to  compete  with  SHP1  and  SHP2  for  binding  to  the  same  consensus  motifs  in  the

cytoplasmic  tail of several members of  the  immunoglobulin superfamily,  including SLAM (signal

lymphocyteactivator molecule), 2B4, CD84,  and Ly9.8,1113 These receptors have  been shown to

function as activators and adhesion molecules in the immune synapse between the T and NK cells

and  the  antigen  presenting  cells.  SH2D1A  affects  downstream  signalling  in  several  ways and

therefore its dysfunction leads to the broad clinical spectrum of XLP.

The PTPN11 gene encodes SHP2, a ubiquitously expressed cytoplasmic tyrosine phosphatase that

consists  of  two  tandemly  arranged  SH2  domains  at  the  Nterminus,  a  catalytic  domain,  and  a  C

terminal  tail  containing  a  prolinerich  region  and  two  tyrosyl  residues  that  undergo  reversible

phosphorylation14 (Figure 1). SHP2 is a critical component in several signalling pathways involved

in the control of developmental processes,1519 hematopoiesis,18,20,21 and metabolism.22 Mutations in

PTPN11  cause  Noonan  syndrome  (NS),  a  developmental  disorder  characterized  by  facial

dysmorphisms,  short  stature,  skeletal  and  haematological  defects,  and  cardiovascular

abnormalities.23,24 Noonan syndrome  is  also  caused by  mutations  in  GTPase KRas  (KRAS),25  and

son of  sevenless  homolog 1  (SOS1)26 which does not contain an SH2 domain. Leopard  sydrome

(LS),27,28 a clinically related disorder,  is caused by mutations  in the SHP2 PTP domain. PTPN11

mutations  also  occur  in  several  human  cancers,  including  juvenile  myelomonocytic  leukaemia

(JMML),  myelodysplastic  syndrome  (MDS),  Bcell  acute  lymphoblastic  leukaemia  (BLL),  and

acute  myelogeneous  leukaemia  (AML).29  The  activating PTPN11  mutations  play  a  broad  role  in

cancer, because SHP2 acts as a signalenhancing signalling component  in pathways that regulate

cell growth, transformation, differentiation, and migration. The protein is also required for normal

Ras activation in many of these pathways.14
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The  class  Ia  PI3kinase  plays  a  pivotal  role  in  signal  transduction  pathways  linking  insulin  with

many  of  its  specific  cellular  responses,  including  GLUT4  vesicle  translocation  to  the  plasma

membrane and the inhibition of glycogen synthase kinase3.30 Moreover, PI3kinase is necessary, if

not  sufficient,  for  the  insulinstimulated  increase  in  glucose  uptake,  and  glycogen  synthesis  in

insulinsensitive  tissues.31,32  The  PI3kinase  is  heterodimeric,  consisting  of  a  catalytic  subunit

(p110), and a regulatory subunit (p85 ).33 A missense mutation has been found  in the Nterminal

SH2  domain  (NSH2)  of  p85 ,  leading  to  a  severe  insulin  resistance.34  The  multiple  genetic  and

environmental  influences on  insulin  sensitivity are reflected by the  fact  that even  in  families with

pathogenic  insulin receptor mutations there  is enormous  interindividual variability  in the severity

of hyperinsulinemia.35

Basal  cell  carcinoma  (BCC)  is  the  most  frequent  skin  cancer  in  the  white  population.36,37  BCCs

mostly  occur  sporadically  in  relation  to  sun  exposure,  although  their  incidence  is  increased

significantly  in some rare genetic disorders.3840 Mutations within the Cterminal SH2 domain (C

SH2) of the GTPase activating protein RasGAP have also been found in a subset of BCCs. RasGAP

acts by enhancing the intrinsic GTPase activity of Ras,  leading to the hydrolysis of bound GTP to

GDP and downregulation of Ras activity.4143 The  region  in which  the  mutations are clustered  is

A/T rich; raising the possibility that UV radiation may be a contributing factor in the development

of the tumours.44

The STAT SH2 domains are divergent in sequence from most other SH2 domains,45,46 but the basic

architecture  and  the  mechanism  for  recognizing  the  phosphotyrosyl  polypeptide  are  both

fundamentally the same as that elucidated for other SH2 domains.47 The STAT SH2 domains act as

phosphorylationdependent  switches  that  control  receptor  recognition  and  DNA  binding.48  Upon
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cytokine and growth factor stimulation of cells, STAT molecules become tyrosine phosphorylated,

dimerize  through reciprocal phosphotyrosineSH2  interactions,  accumulate  in  the nucleus, bind  to

DNA, and activate gene transcription.49

STAT1  mediates  interferon  signalling  as  a  part  of  the  JAKSTAT1pathway.  After  being

phosphorylated,  STAT1  undergoes  dimerization  through  its  SH2  domains,  translocates  to  the

nucleus and regulates gene expression by binding to  activated sequence elements in the promoters

of  IFN   regulated  genes.48,50,51  STAT1  knockout  mice  develop  normally,  but  lack  the  classical

responses  to  IFN   and  IFN  ,  and  are  therefore  extremely  susceptible  to  viral  and  bacterial

infections,52,53 which  illustrates the critical  role of STAT1  in  the  function of  the  immune  system.

The complete STAT1 deficiency causes impaired response to IFN , leading to severe viral disease

and mycobacteriosis. The deficiency has been described only in two unrelated patients.54 STAT5B

acts  as  a  part  of  the  growth  hormone  signalling  pathway  leading  to  stimulation  of  insulinlike

growth factor I (IGFI) gene transcription.55 The absence of STAT5B is associated with diminished

postnatal  growth,  as  demonstrated  by  mouse  knockout  models,56,57  and  defects  in  the  STAT5B

SH2 domain in humans lead to growth hormone insensitivity with immunodeficiency.58
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ABSTRACT: Many gene defects are relatively easy to
identify experimentally, but obtaining information about
the effects of sequence variations and elucidation of the
detailed molecular mechanisms of genetic diseases will be
among the next major efforts in mutation research.
Amino acid substitutions may have diverse effects on
protein structure and function; thus, a detailed analysis
of the mutations is essential. Experimental study of the
molecular effects of mutations is laborious, whereas
useful and reliable information about the effects of amino
acid substitutions can readily be obtained by theoretical
methods. Experimentally defined structures and molecu-
lar modeling can be used as a basis for interpretation of
the mutations. The effects of missense mutations can be
analyzed even when the 3D structure of the protein has
not been determined, although structure-based analyses
are more reliable. Structural analyses include studies of
the contacts between residues, their implication for the
stability of the protein, and the effects of the introduced
residues. Investigations of steric and stereochemical
consequences of substitutions provide insights on the
molecular fit of the introduced residue. Mutations that
change the electrostatic surface potential of a protein
have wide-ranging effects. Analyses of the effects of
mutations on interactions with ligands and partners have
been performed for elucidation of functional mutations.
We have employed numerous methods for predicting the
effects of amino acid substitutions. We discuss the
applicability of these methods in the analysis of genes,
proteins, and diseases to reveal protein structure–func-
tion relationships, which is essential to gain insights into
disease genotype–phenotype correlations.
Hum Mutat 30:703–714, 2009. & 2009 Wiley-Liss, Inc.

KEY WORDS: missense mutation; mutation analysis;
bioinformatics; computational methods; effects of muta-
tions; structural basis of disease

Introduction

The knowledge of the complete human genome sequence
and the rapid accumulation of variation data allow a more
mechanism-based approach to the understanding of the
relationship between genotype and disease. With powerful
strategies for elucidating genetic defects such as whole genome
association studies and high-throughput, low-cost sequencing,
genotyping ceases to be the bottleneck for the understanding
of genetic disease. Gene defects are being identified at an
increasing pace, and obtaining information about the effects of
sequence variation and elucidation of the detailed molecular
mechanisms of genetic disease will be the next major efforts in
mutation research. The effects of large changes, such as gross
deletions or insertions, are relatively easy to explain, but the
consequences of missense mutations require more detailed study
at the protein level.

There are about 10 million single nucleotide polymorphisms
(SNPs) in the human genome that have an appreciable frequency
(i.e., 41%) [The International HapMap Consortium, 2003], of
which 67,000–200,000 have been estimated to be nonsynonymous
coding SNPs (nsSNPs) [Cargill et al., 1999; Halushka et al., 1999;
Livingston et al., 2004]. A nonsynonymous, missense variant is a
single base change in a coding region that causes an amino acid
change in the corresponding protein. Missense mutations, in
contrast to SNPs, are rather rare events. However, numerous single
gene diseases have been attributed to missense mutations. Testing
of the possible association of all the nonsynonymous genetic
variants with disease or experimental characterization of their
effects on protein function would be extremely expensive, time
consuming, and difficult—especially in diseases that are caused by
a large and varying number of mutations, such as cancer. The
computational study of their putative effects would be beneficial
in prioritizing the most probable disease-causing variations for
association with diseases. On the other hand, those missense
mutations already known to be associated with disease can be
studied computationally in order to identify pharmaceutical
targets for relevant treatments and to gain insight into the
molecular disease mechanisms. Predicting the effects of amino
acid substitutions is also essential for the rational design of novel
proteins by site-directed mutagenesis.

A disease phenotype may arise when an amino acid substitution

affects a residue critical in protein function, for example, a residue

in the catalytic site of an enzyme or a residue involved in crucial

interactions with partner molecules. Alongside with the diseases

caused by mutations leading to loss of function, gain of function

may result from irregular or tighter binding of ligands or loss of
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specificity of a protein. In addition to the direct functional effects
a substitution may have, a missense mutation may also lead to
alterations in the protein structural properties, causing abnormal
folding, structural instability, or aggregation of the protein. Even
minor changes in the size or chemical nature of an amino acid side
chain can alter or prevent the function of the protein. On the
other hand, protein molecules are rather robust, and allow
insertions to numerous sites without any effect on protein
function [Pajunen et al., 2007; Poussu et al., 2004]. Furthermore,
missense mutations may affect protein posttranslational modifica-
tions, for example, by inserting or deleting phosphorylation or
glycosylation sites or protease cleavage sites, or altering signals
guiding cellular localization. It should be noted that in addition to
the direct effects on the protein molecules discussed in this paper,
genetic variations may also cause disease phenotypes by affecting
pretranslational processes, such as altering transcriptional regula-
tion, mRNA stability, mRNA splicing, or translation rates.
According to the data for monogenic diseases in HGMD, all the
pretranslational effects account for less than 10% of cases [Stenson
et al., 2003]. However, although alterations in the structure,
function, or expression of the protein often cause a disease, this is
not always the case, given the multiple redundancies of cellular
pathways.

Bioinformatics methods can be helpful at several steps of the
analysis (Fig. 1). Mutation databases serve as a starting point,
providing the data for the analysis. Databases often contain
curated information about the phenotypic effects of the muta-
tions, together with information about the gene and protein in
question. Sequence analysis provides information about the sites
that are conserved in evolution that often have a crucial role in
protein structure or function. There are numerous sequence-based
predictors available for the prediction of the effect of a mutation
on various biochemical properties of a protein, such as
aggregation propensity, disorder, or stability. When there is an
experimentally determined structure available for the protein of
interest, the mutation analysis can be taken to the structural level,

making the analysis more reliable and complete. Alternatively, a
modeled structure can be used. The mutations can be modeled
into the structure, and after optimizing the side chain angles the
role of the new residue can be studied in the context of its
surroundings. It can be seen whether the new side chain fits into
the structure at all, and the effects of the amino acid substitution
on side-chain interactions can be studied in detail. Many
programs predicting the effects of mutations also require the 3D
coordinates of the wild-type protein as input. Bioinformatics
methods, despite being useful in providing information about the
nature of mutations as such, may also be helpful in guiding the
design of further experimental research.

Several recent studies have applied computational methods to
predict potentially deleterious effects of nonsynonymous SNPs in
humans [Chasman and Adams, 2001; Hyytinen et al., 2002; Lau
and Chasman, 2004; Miller and Kumar, 2001; Ng and Henikoff,
2001; Sunyaev et al., 2001a, b; Terp et al., 2002; Torkamani and
Schork, 2007; Wang and Moult, 2001; Wood et al., 2007; Worth
et al., 2007]. Until now, the research has mainly concentrated on
using just one or a few methods in one study, but the emerging
trend in mutation analysis is to utilize a more extensive set of
prediction methods in order to attain more reliable results
[Burke et al., 2007; Lappalainen et al., 2008; Tavtigian et al.,
2008a, b; Thusberg and Vihinen, 2006, 2007; Worth et al., 2007].
In this paper we present the current methodology and services
available for mutation analysis and discuss their applicability in the
analysis of genes, proteins, and diseases to reveal protein
structure–function relationships, which is essential to gain insights
into disease genotype–phenotype correlations. The missense
mutation analysis approach is based on our experience during the
last 15 years in studying and interpreting mutations and their effects
in numerous diseases, especially including immunodeficiencies and
cancers [Lappalainen et al., 2000, 2008; Lappalainen and Vihinen,
2002; Rong et al., 2000; Rong and Vihinen, 2000; Thusberg and
Vihinen, 2006, 2007; Vihinen et al., 1994a, b, 1995, 1999].

Methods for the Analysis of Mutations

Databases

Mutation databases serve as the basis for bioinformatics
research on the effects of mutations and the structural basis of
diseases. Central mutation databases (CMDBs), the most
prominent being the Human Gene Mutation Database (HGMD)
[Stenson et al., 2008] and Online Mendelian Inheritance in Man
(OMIM) [Hamosh et al., 2005], collect variants in all genes,
mainly from the literature. The UniProtKB/Swissprot database
contains manually annotated protein entries that feature partial
lists for known sequence variants [Yip et al., 2008]. There are also
databases available that aim at annotating human variation data
with phenotype variations and protein structural and functional
information, such as MS2PH-db (http://ms2phdb-pbil.ibcp.fr/
cgi-bin/home), MutDB [Dantzer et al., 2005], SAAPdb [Cavallo
and Martin, 2005], and KMDB/MutationView [Minoshima et al.,
2001]. Locus-specific databases (LSDBs) list variants in specific
genes and are typically manually annotated. General recommen-
dations for the generation and curation of such databases have
been proposed [Cotton et al., 2008], and rules for nomenclature of
mutations are discussed in [den Dunnen and Antonarakis, 2000].
The Human Genome Variation Society maintains a list of available
LSDBs (around 700) and CMDBs (19) on their Website (http://
www.hgvs.org/dblist/dblist.html). Genome browsers, such as the

Figure 1. A schematic figure of the groups of methods for
analyzing the effects of missense mutations. Our approach can be
divided into sequence- and structure-based sections (dark gray and
light gray backgrounds, respectively), which in part overlap.
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University of California, Santa Cruz (UCSC) Genome Browser
[Kent et al., 2002], the National Center for Biotechnology
Information (NCBI) Map Viewer [Wheeler et al., 2003], and the
Ensembl Genome Browser [Stalker et al., 2004], can also be used
to obtain information about genes, their products, and sequence
variants. PhenCode [Giardine et al., 2007] is a service that
connects human phenotype and clinical data in LSDBs with data
from the UCSC Genome Browser.

Sequence Conservation

Disease-causing mutations have been shown to be over-
abundant at evolutionarily conserved positions, because these
positions are usually essential for the structure or function of the
protein [Miller and Kumar, 2001; Mooney and Klein, 2002; Ng
and Henikoff, 2003; Shen and Vihinen, 2004; Sunyaev et al.,
2001b; Vitkup et al., 2003] (example in Fig. 2C), whereas there is a
general underabundance of disease-associated mutations in
positions that show any potential to change in evolution [Briscoe
et al., 2004; Miller and Kumar, 2001]. Furthermore, the amino
acid changes caused by disease-causing mutations are more radical
in terms of the differences in their physicochemical properties
from the wild-type amino acids, compared to the differences
observed between species [Briscoe et al., 2004; Miller and Kumar,
2001; Tang et al., 2004]. For studying the pathogenicity of a
missense mutation, knowledge of the level and type of
evolutionary conservation of the position is valuable in order to
gain insight into the possible role of that position in the structure
or function of the protein (Fig. 2C), and what types of amino
acids can be exchanged freely without negatively impacting
protein function [Miller and Kumar, 2001] (Fig. 2B). In addition
to the conservation of a particular amino acid in a sequence
position, the physicochemical properties of the amino acids (e.g.,
hydropathy, charge, size) can be conserved for structural integrity
or function (Fig. 2B). Another mechanism of conservation is
covariation, where a compensating mutation occurs at another
position in the protein. Networks of covariant amino acids may
reveal positions important for protein structure or function when
the role of these positions is not obvious when looking at the
protein structure, because the positions may be linked either
functionally, energetically or by forming a physical interaction in
some important conformation of the protein [Gloor et al., 2005;
Lockless and Ranganathan, 1999; Suel et al., 2003]. The coupling
of two sites in a protein should cause these two positions to
coevolve [Lichtarge et al., 1996; Marcotte et al., 1999; Pellegrini
et al., 1999].

There are numerous methods available for multiple sequence
alignment (MSA) and subsequent analysis of sequence conserva-
tion. Classic methods such as ClustalW [Thompson et al., 1994]
can give reasonably accurate results for similar sequences, but fail
to produce accurate alignments for divergent sequences
[Thompson et al., 1999]. Many efforts have been made to
characterize the accuracy of the various MSA methods
[Ahola et al., 2006; Golubchik et al., 2007; Nuin et al., 2006;
Raghava et al., 2003], but the overall outcome of these studies is
that a perfect MSA method does not exist and that individual
methods have their specific strengths and weaknesses. This
makes the choice of the most suitable alignment method
difficult. There are services available for running several
MSA methods and combining their output into a single model,
for example, the M-Coffee Web server [Moretti et al., 2007]. The
most widely used and state-of-the-art sequence alignment
methods are listed in Table 1. Alternatively, a ready-made

sequence alignment can be obtained from the Pfam database
[Finn et al., 2008].

There are several alternative methods for the detection of
positional sequence conservation and identification of individual
conserved residues within a position [Ahola et al., 2004]. The
visualization of MSAs makes it convenient to interpret the
information contained in them, for example, the visualization
tools (see Table 1) calculate conservation indices for each position
in the alignment, and add color codes into the alignment for
different levels of sequence conservation. Some methods, for
example, ConSurf [Glaser et al., 2003; Landau et al., 2005], apply
the color-coding scheme to protein structures, so that the user can
visualize the structure color coded by the level of conservation of
individual residues. Physicochemical conservation of amino acids
can be detected by those visualization methods that assign distinct
colors for groups of each type of amino acid (e.g., hydrophobic,
hydrophilic, charged) and display them according to their
prevalence in the alignment. An example of this kind of tool is
MultiDisp (P. Riikonen and M. Vihinen, in preparation) (Fig. 2B).

Calculation of mutual information between pairs of sites in the
multiple sequence alignment and subsequent building of covariant
networks of amino acids can be done by the methods aaMI [Gloor
et al., 2005] or ProCon [Shen and Vihinen, 2004]. MatrixPlot
[Gorodkin et al., 1999] is a method for generating mutual
information plots for sequence alignments.

Protein Localization

To function in its proper context, a protein must be
translocated to the appropriate cellular compartment after
translation. Proteins are typically directed to the right location
by short peptide sequences that act as targeting signals. A missense
mutation in the signal peptide might lead to the disruption or
alteration of the signal. If the protein fails to be transported to the
correct subcellular location, central reactions may be inactivated
or signaling cascades misregulated. On the other hand, the
mislocalized protein may be active in the wrong cellular
compartment, causing harmful effects. Alterations to localization
signals are rare, but the effects of mutations on them should be
studied as part of the analysis of the effects of missense mutations
[Laurila and Vihinen, submitted].

Several methods have also been developed for the prediction of
the protein subcellular localization. These methods are discussed
in detail in the review article by Schneider and Fechner [2004].
Recently, a protocol was introduced to combine several predictors
[Emanuelsson et al., 2007], which was implemented by Laurila
and Vihinen [submitted].

Disorder

Many globular proteins contain segments that lack an ordered
secondary structure, and some proteins even have global disorder,
that is, do not fold in an ordered way. Instead of folding into fixed
3D structures, disordered proteins or protein segments exist as
ensembles of interchanging structures (example in Fig. 2F).
Intrinsically disordered proteins function in molecular recogni-
tion, molecular assembly/disassembly, protein modification, and
entropic chains [Dunker et al., 2002], and they also have scavenger
[Tompa, 2002] and chaperone [Tompa and Csermely, 2004]
functions. Mutations may introduce disorder into usually ordered
parts of a protein, thereby causing alterations in the protein fold,
leading to possible changes in protein function. Increased
flexibility of the protein may lead to differences in specificity, or
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Figure 2. A: Screenshot of the Pathogenic-or-Not Pipeline (PON-P). B: A part of a MultiDisp visualization of the sequence alignment for
CD40L and its homologs. The height of the characters indicates the frequency of the amino acids in the alignment positions, and the color of the
objects reflects the chemical nature of the amino acids. Arrowheads below the alignment indicate positions of missense mutations in CD40L,
together with mutant forms. Mutations are found in invariant positions and a charged residue (glutamic acid) is introduced in a position where
hydrophobicity is the conserved amino acid property. C: The SH2D1A protein in complex with a phosphopeptide ligand (PDB ID 1D4W). The level
of sequence conservation can give clues on the function of the protein. In the SH2 domains, the most conserved regions are involved in ligand
binding. The color coding refers to sequence conservation in SH2 domains [Lappalainen et al., 2008]. The most conserved positions are colored
red, followed by light pink, magenta, cyan, and the most variable regions are colored blue. The phosphopeptide ligand is colored gray. The figure
is created by PyMOL [DeLano, 2002]. D: The substitution of G227 by V in CD40L causes serious clashes with the neighboring side chains. Left:
wild-type protein. Right: mutated protein. Yellow—negligible overlap; red—significant overlap Z0.25 Å; hot pink—serious clash overlap Z0.4 Å.
The figure is created by KiNG [Lovell et al., 2003]. E: Schematic representation of amino acid side chain w angle rotation. The arrows indicate the
bonds that can be rotated over the full range of angles by the Bondrot function in Probe [Word et al., 1999, 2000]. F: Homodimeric structure of
type IIb phosphatidylinositol phosphate kinase (PDB ID 1BO1) coloured according to the B-values of individual residues (red—highest B-values,
followed by orange, yellow, green, light blue, and dark blue—lowest B-values). The disordered regions in the protein are seen as missing
electron densities (indicated by white arrows), surrounded by regions with high B-values. The C-terminal domains in each monomer have high
thermal factors as well, because they are more flexible than the rest of the enzyme (black arrows) [Rao et al., 1998].
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Table 1. Methods for the Analysis of Missense Mutations and Their Effects

Service name URL Description Reference

Pathogenic or not predictors

nsSNPAnalyzer http://snpanalyzer.utmem.edu/ Pathogenic or not (Bao et al., 2005)

Panther http://www.pantherdb.org/tools/csnpScoreForm.jsp Conservation analysis, pathogenic or not (Thomas et al., 2003)

PhD-SNP http://gpcr.biocomp.unibo.it/cgi/predictors/PhD-

SNP/PhD-SNP.cgi

Pathogenic or not (Capriotti et al., 2006)

PMut http://mmb2.pcb.ub.es:8080/PMut/ Pathogenic or not (Ferrer-Costa et al., 2005)

PolyPhen http://coot.embl.de/PolyPhen/ Pathogenic or not (Ramensky et al., 2002)

SIFT http://blocks.fhcrc.org/sift/SIFT.html Pathogenic or not (Ng and Henikoff, 2001)

SNAP http://cubic.bioc.columbia.edu/services/SNAP/ Pathogenic or not (Bromberg and Rost, 2007)

SNPs3D http://www.snps3d.org/ Pathogenic or not (Yue et al., 2006)

Sequence alignment methods

M-Coffee http://www.tcoffee.org/ Multiple sequence alignment (Wallace et al., 2006)

MAFFT http://align.bmr.kyushu-u.ac.jp/mafft/online/server/ Multiple sequence alignment (Katoh et al., 2002, 2005)

PROBCONS http://probcons.stanford.edu/ Multiple sequence alignment (Do et al., 2005)

PROMALS http://prodata.swmed.edu/promals/ Multiple sequence alignment (Pei et al., 2007)

ClustalW2 http://www.ebi.ac.uk/Tools/clustalw2/index.html Multiple sequence alignment (Larkin et al., 2007)

MUSCLE http://www.ebi.ac.uk/Tools/muscle/index.html Multiple sequence alignment (Edgar, 2004)

Conservation analysis

ClustalX http://www.ebi.ac.uk/Tools/clustalw2/index.html Conservation analysis and visualization (Larkin et al., 2007)

ConSeq http://conseq.tau.ac.il/ Conservation analysis and visualization (Berezin et al., 2004)

ConSSeq http://sms.cbi.cnptia.embrapa.br/SMS/STINGm/

consseq/

Conservation analysis and visualization (Higa et al., 2004)

ConSurf http://consurf.tau.ac.il/ Conservation analysis and visualization (Glaser et al., 2003; Landau et al., 2005)

Jalview http://www.jalview.org/ MSA visualization (Clamp et al., 2004)

MatrixPlot http://www.cbs.dtu.dk/services/MatrixPlot/ Conservation analysis and visualization (Gorodkin et al., 1999)

MultiDisp http://bioinf.uta.fi/cgi-bin/MultiDisp.cgi Conservation analysis and visualization (Riikonen and Vihinen, in preparation)

ProCon Conservation analysis and visualization (Shen and Vihinen, 2004)

Stability changes prediction

Auto-Mute http://proteins.gmu.edu/automute/AUTO-

MUTE.html

Stability changes prediction (Masso and Vaisman, 2008)

CUPSAT http://cupsat.tu-bs.de/ Stability changes prediction (Parthiban et al., 2006)

Dmutant http://sparks.informatics.iupui.edu/hzhou/

mutation.html

Stability changes prediction (Zhou and Zhou, 2002)

Eris http://troll.med.unc.edu/eris/login.php Stability changes prediction (Yin et al., 2007)

FoldX http://foldx.crg.es/ Folding and stability changes prediction (Guerois et al., 2002)

I-Mutant 2.0 http://gpcr2.biocomp.unibo.it/cgi/predictors/I-

Mutant2.0/I-Mutant2.0.cgi

Stability changes prediction (Capriotti, et al., 2005a, b)

MuPRO http://www.ics.uci.edu/%7Ebaldig/mutation.html Stability changes prediction (Cheng et al., 2006)

PoPMuSiC http://babylone.ulb.ac.be/popmusic/ Stability changes prediction (Gilis and Rooman, 2000)

SCide http://www.enzim.hu/scide/ide2.html Stability changes prediction (Dosztányi et al., 2003)

SCpred http://www.enzim.hu/scpred/pred.html Stability changes prediction (Dosztányi et al., 1997)

SRide http://sride.enzim.hu/ Stability changes prediction (Magyar et al., 2005)

Disorder prediction

CAST Disorder prediction (Promponas et al., 2000)

DisEMBL http://dis.embl.de/ Disorder prediction (Linding et al., 2003a)

Disopred http://bioinf.cs.ucl.ac.uk/disopred/disopred.html Disorder prediction (Ward et al., 2004)

DISpro http://scratch.proteomics.ics.uci.edu/ Disorder prediction (Cheng et al., 2005)

Disprot http://www.ist.temple.edu/disprot/predictor.php Disorder prediction (Obradović et al., 2003; Peng et al., 2005;

Vucetic et al., 2003)

DRIPPRED http://www.sbc.su.se/�maccallr/disorder/ Disorder prediction

FoldIndex http://bip.weizmann.ac.il/fldbin/findex Prediction of folding (Prilusky et al., 2005)

FoldUnfold http://skuld.protres.ru/�mlobanov/ogu/ogu.cgi Disorder prediction (Galzitskaya et al., 2006)

GlobPlot http://globplot.embl.de/ Disorder prediction (Linding et al., 2003b)

iPDA http://biominer.bime.ntu.edu.tw/ipda/ Disorder prediction (Su et al., 2007)

IUPred http://iupred.enzim.hu/ Disorder prediction (Dosztányi et al., 2005)

NORSp http://cubic.bioc.columbia.edu/services/NORSp/ Disorder prediction (Liu and Rost, 2003)

PONDR http://www.pondr.com/ Disorder prediction (Obradović et al., 2005; Romero et al.,

2001)

POODLE http://mbs.cbrc.jp/poodle/poodle.html Disorder prediction (Hirose et al., 2007; Shimizu et al., 2007a,

b)

PrDOS http://prdos.hgc.jp Disorder prediction (Ishida and Kinoshita, 2007)

PreLink http://genomics.eu.org/spip/PreLink Disorder prediction (Coeytaux and Poupon, 2005)

RONN http://www.strubi.ox.ac.uk/RONN Disorder prediction (Yang et al., 2005)

SEG http://mendel.imp.ac.at/METHODS/seg.server.html Disorder prediction (Wootton, 1994)

Spritz http://protein.cribi.unipd.it/spritz/ Disorder prediction (Vullo et al., 2006)

Analysis of interatomic contacts

CMA http://ligin.weizmann.ac.il/cma/ Analysis of interatomic contacts (Sobolev et al., 2005)

CSU http://bip.weizmann.ac.il/oca-bin/lpccsu Analysis of interatomic contacts (Sobolev et al., 1999)

KiNG http://kinemage.biochem.duke.edu/software/

king.php

Molecular graphics (Lovell et al., 2003)

MolProbity http://molprobity.biochem.duke.edu/ Analysis of interatomic contacts and packing, structure

validation

(Davis et al., 2004)
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the protein may become vulnerable to protease digestion.
Disorder is further discussed in the reviews by Bourhis et al.
[2007], Dosztányi et al. [2007], and Ferron et al. [2006].

The methods predicting protein structural disorder are based on
protein amino acid composition as well as energy profiles and
physicochemical properties of the amino acids, specific sequence
patterns, missing X-ray coordinates, and B-factors. A number of
disorder prediction methods are based on machine learning methods,
such as support vector machines (SVM) and self-organizing maps
(SOM). As no clear definition of the concept of disorder exists, the
different methods predict disorder by varying means. It should be
noted that the methods discussed here have not been developed for
the study of the effects of missense mutations but, according to our
experience, they can be used for that purpose with certain
reservations. Given that several of these methods would predict a
mutation to increase or decrease the disordered structure content of a
protein, one could conclude that the mutation probably has
damaging effects on the structure and thereby function of the protein.

Several attempts have been made to build disorder predictors
that would operate solely on sequence data. These methods, for
example, SEG [Wootton, 1994] and CAST [Promponas et al.,
2000], divide sequences into regions of low or high complexity.
Low-complexity regions are compositionally biased regions that
are rarely defined in protein 3D structures [Saqi and Sternberg,
1994]. SEG and CAST mainly detect repetitive segments in
sequences, which often exhibit structural disorder. However, not
all regions with low sequence complexity are disordered, and vice
versa [Romero et al., 2001]. Other prediction methods operating
on sequence information, PONDR [Obradović et al., 2005;
Romero et al., 2001], iPDA [Su et al., 2007], and POODLE-L
[Hirose et al., 2007], analyze disorder propensities based on amino
acid properties and neural networks (NNs) (PONDR), radial basis
function networks (iPDA), or SVMs (POODLE-L, Spritz) [Vullo
et al., 2006], that have been trained on a set of disordered and
ordered sequences. PreLink assigns probabilities for amino acid
residues to occur in disordered regions combined with the
distance of each amino acid from the nearest hydrophobic cluster
[Coeytaux and Poupon, 2005]. Globplot is a tool for recognizing
globular and disordered regions within amino acid sequences
based on Russell/Linding secondary structure-forming propensi-
ties [Linding et al., 2003b]. Another method using secondary
structure-forming capacity as a parameter is NORSp, which
estimates the secondary structure content of the amino acid
sequence, and assigns those sequence segments with no predicted

2D structure as disordered [Liu and Rost, 2003]. IUPred
[Dosztányi et al., 2005a] estimates the capacity of polypeptides
to form stabilizing interresidue contacts based on amino acid
chemical types and their sequence environment. The sequence
regions with less contact-forming capacity are defined as
disordered [Dosztányi et al., 2005b]. FoldUnfold utilizes expected
packing densities for amino acid sequences [Galzitskaya et al.,
2006a], such that weak expected packing densities point to
disordered regions [Galzitskaya et al., 2006b].

RONN predicts disorder by comparing the input sequence to
other sequences of known folding state, and the alignment scores
against these sequences are used to classify the input sequence as
ordered or disordered using a neural network [Yang et al., 2005]. The
PrDOS method [Ishida and Kinoshita, 2007] utilizes template
proteins (assuming that disorder is conserved in protein families)
complementing the amino acid sequence profile generated by a SVM.

In the DRIP-PRED method [MacCallum, 2004], self-organizing
maps have been trained on protein sequences with known
structure. The target sequence windows are mapped onto the
SOM, and when sequence windows map onto regions not well
represented in the PDB, those sequences are predicted to be
disordered. This approach may be problematic because the PDB is
biased and does not contain all types of structures.

The methods POODLE-S [Shimizu et al., 2007a], DisPRO [Cheng
et al., 2005], DISOPRED2 [Ward et al., 2004], and DisEMBL
[Linding et al., 2003a], are NN-based methods that define disorder
as missing coordinates in high-resolution X-ray crystal structure
electron density maps. The DisEMBL method requires that the
disordered regions must reside within loops or coils, and both
POODLE-S and DisEMBL also take B-factors into account so that
highly dynamic loops are considered to be disordered.

The regions lacking coordinates in crystal structures are
commonly classified as disordered both in the prediction methods
and in experiments assessing the reliability of the methods, such as
in the Critical Assessment of Techiques for Protein Structure
Prediction (CASP) [Bordoli et al., 2007; Jin and Dunbrack, 2005].
However, missing electron density is not a perfect definition of
disorder, because crystallization may impose order on regions that
would be disordered in solution, and conversely, missing electron
density may not necessarily prove the lack of ordered structure.
Some regions may be disordered with respect to the rest of the
structure in a crystal, although they may be internally ordered [Jin
and Dunbrack, 2005]. The disadvantage in using B-factors in
disorder prediction is that they can vary greatly within a single

PROBE http://kinemage.biochem.duke.edu/software/

probe.php

Analysis of interatomic contacts and packing (Word et al., 2000; Word et al., 1999)

PyMOL http://pymol.sourceforge.net/ Molecular graphics (DeLano, 2002)

RankViaContact http://bioinf.uta.fi/RankViaContact.html Analysis and visualization of interatomic contacts (Shen and Vihinen, 2003)

Aggregation prediction

Aggrescan http://bioinf.uab.es/aggrescan/ Aggregation prediction (Conchillo-Sole et al., 2007)

PASTA http://protein.cribi.unipd.it/pasta/ Aggregation prediction (Trovato et al., 2007)

TANGO http://tango.embl.de/ Aggregation prediction (Fernandez-Escamilla et al., 2004)

Waltz http://switpc7.vub.ac.be/cgi-bin/submit.cgi Aggregation prediction (Maurer-Stroh et al., submitted for

publication)

Other

ExPASy

Proteomics tools

http://ca.expasy.org/tools/#ptm Posttranslational modification prediction tools

SABLE http://sable.cchmc.org/ Prediction of solvent accessibilities, 2D structures and

transmembrane domains

(Adamczak et al., 2004, 2005; Wagner et al.,

2005)

SNPeffect http://snpeffect.vib.be Prediction platform (metaserver) and database (Reumers et al., 2006)

Table 1. Continued

Service name URL Description Reference
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structure as a result of the effects of local packing [Smith et al.,
2003] and, for example, a residue side chain may have alternative
conformations leading into an elevated B-factor that does not
indicate disorder (Fig. 2F).

Aggregation

An increased level of b-structure is characteristic of different types
of protein aggregates, such as amyloid fibrils and amorphous
aggregates [Jiménez et al., 1999; Ohnishi and Takano, 2004; Rousseau
et al., 2006]. In addition to those proteins involved in amyloid
diseases (which include Alzheimer Disease, Parkinson Disease, and
type II diabetes, as well as the spongiform encephalopathies), it has
been shown that diverse proteins not related to amyloid disease can
aggregate under destabilizing conditions [Chiti et al., 1999; Fandrich
et al., 2001; Guijarro et al., 1998], and that normal proteins can
become toxic upon fibrillation [Bucciantini et al., 2004].

Missense mutations can change the properties of a protein so
that its tendency to aggregate increases. It has been suggested that
the composition and the primary structure of a protein determine
to a large extent its propensity to aggregate, and even small
alterations may have a considerable effect in the solubility of the
protein. Aggregation has been shown to be modulated by very
short stretches of specific amino acids that can act as facilitators or
inhibitors of amyloid fibril formation [Ivanova et al., 2004;
Ventura et al., 2004].

A number of algorithms have been developed for the prediction
of aggregation propensities of proteins [Chiti et al., 2003; DuBay
et al., 2004; Tartaglia et al., 2005; Thompson et al., 2006; Yoon and
Welsh, 2004]. The following methods are also available as Web
services: The AGGRESCAN [Conchillo-Solé et al., 2007] method
is based on aggregation propensity values assigned to each amino
acid residue determined by experimental studies [de Groot et al.,
2006]. TANGO [Fernandez-Escamilla et al., 2004] is a method
based on secondary structure propensities and estimation of
desolvation energy. PASTA [Trovato et al., 2007] is based on
sequence-specific interaction energies between pairs of protein
fragments calculated from statistical analysis of the native folds of
globular proteins [Trovato et al., 2006].

The methods for the prediction of b-aggregation are mostly
based on physicochemical properties of the input sequences. They
are relatively straightforward because of the regular structural
arrangement and the important role of side chains in b-sheet
aggregates [Azriel and Gazit, 2001; Gazit, 2002; Gsponer et al.,
2003; López de la Paz and Serrano, 2004; Williams et al., 2006].

Structural Considerations

When a residue is replaced by another residue in a missense
mutation, many of its chemical and physical properties may be altered
(Fig. 1). The substitution may cause major structural arrangements,
especially when the wild-type residue is smaller than the substituting
one. Whether the new side chain can be fitted into the structure
without major structural rearrangements, and how this can be
achieved, can be studied by rotamer analysis. The new side chain is
modeled into the structure by, for example, PyMOL [DeLano, 2002],
KiNG [Lovell et al., 2003], Discovery Studio (Accelrys, San Diego,
CA), or Swiss-PDB-Viewer [Guex and Peitsch, 1997], and hydrogens
are added to the structure by, for example, Reduce [Word et al., 1999].
Overpacking can be measured by rotating each of the mutated side
chains over full range of side chain w angles (Fig. 2E). Only the
substituted side chain is allowed to move during the analyses. The
rotatable side chain is created and an automated sampling of torsional

angles is done with, for example, the Autobondrot procedure under
PROBE [Word et al., 1999, 2000). The acceptable conformations for a
mutated side chain have a total score of above �1.0, allowing for
small local perturbations to take place in the structure [Lovell et al.,
2000]. A lower score indicates that the side chain does not fit into the
structure in any conformation without deleterious changes in the
protein scaffolding. The highest scoring rotamers are then selected
and modeled into the structure for further analysis (Fig. 2D). The
created structures can be verified by MolProbity [Davis et al., 2007], a
Web server providing all-atom contact analysis as well as Ramachan-
dran and rotamer distributions. The quality of the structure can be
studied by the protein structure verification tools PROCHECK
[Morris et al., 1992] or WHAT_CHECK [Hooft et al., 1996]. When
available, experimentally solved structures are used as templates in the
analysis of structural effects caused by mutations. Protein structure
prediction and molecular modeling can provide valuable information
when the 3D structure of the protein of interest has not been
determined [Baker and Sali, 2001]. Structural and biological/medical
interpretations can also be quite accurate when based on modeled
protein structures [Khan and Vihinen, submitted].

Residue Contacts and Stability

Compromised folding and decreased stability of the protein
product are the major molecular pathogenic consequences of a
missense mutation [Bross et al., 1999; Wang and Moult, 2001; Yue
et al., 2005]. Protein folding and stability are closely coupled and, for
disease mutants, folding can be slowed so much that most molecules
are targeted for recycling by the quality control machinery in the
endoplasmic reticulum [Plemper and Wolf, 1999]. Alternatively, the
protein fails to fold correctly as a result of a mutation, which may
have a detrimental impact on protein function.

Missense mutations may have an effect on the stability of the
protein via overpacking (Fig. 2D), altered contacts between amino
acid side chains, reduction in hydrophobic area, altered structural
strain in the protein backbone introduced by proline residues, or
changes in electrostatics. These alterations may have an effect on
the free energy difference between the folded and unfolded states
of the protein by causing changes in interaction energy between
amino acids, or affecting the entropy of the system or local rigidity
of the structure [Yue et al., 2005].

Chemical bonds and interactions between amino acid side
chains determine the two- and three-dimensional fold and
detailed shape of a protein. Hydrophobic interactions in the
protein core are crucial in maintaining the overall structural
stability of the protein, and introducing a charged residue into the
core generally destabilizes the protein [Chasman and Adams,
2001]. The net effect of a number of hydrophobic interactions
determines the stability of the protein core, and even the more
subtle alterations in these interactions could have a detrimental
effect on the structural integrity of a protein [Matthews 1995;
Sandberg et al., 1995; Serrano et al., 1992; Shortle et al., 1990]. The
vulnerability of the hydrophobic core is illustrated by the fact that
the probability of a mutation to be pathogenic increases with a
decrease in the solvent accessibility of the site [Vitkup et al., 2003].
The interactions between side chains on the surface of a protein
define and maintain local structure, the details of which may be
crucial for ligand or substrate binding or for interactions with
partner proteins or DNA.

After modeling the mutated side chain into the structure, its
effect on the chemical bonds with neighboring residues and changes
in the solvent accessible surface of the residue atoms can be studied
by the CSU service [Sobolev et al., 1999], or visually by the MAGE/
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PROBE system [Word et al., 2000], KiNG [Lovell et al., 2003], or
molecular modeling software packages. RankViaContact is a service
for calculation of residue–residue contact energies [Shen and
Vihinen, 2003]. Strong contacts are favorable for stability, while
weaker contacts between residues may point to functional regions
[Beadle and Shoichet, 2002]. The effects of mutations on contact
energies can provide insight into the structure–function relation-
ships of the mutated positions at the protein level.

There are several services available for the prediction of the
effects of mutations on protein stability. Cupsat [Parthiban et al.,
2006], Eris [Yin et al., 2007], FoldX [Schymkowitz et al., 2005],
DMUTANT [Zhou and Zhou, 2002], and PoPMuSic [Gilis and
Rooman, 2000] calculate mutational free energy changes of the
protein based on its 3D structure. I-Mutant 2.0 [Capriotti et al.,
2005a, b], MuPro [Cheng et al., 2006], and the method developed
by Shen et al. [2008] utilize support vector machines or neural
networks to predict the effect of the substitution on protein
stability. Auto-Mute [Masso and Vaisman, 2008] is a method that
combines a knowledge-based statistical potential with machine
learning techniques in the prediction. SRide [Magyar et al., 2005]
and SCide [Dosztányi et al., 2003a] predict stabilizing
residues based on long-range interactions in protein structures.
SRide includes hydrophobicity and conservation of residues as
additional parameters. SCPred is a method based on differences in
sequential neighborhood [Dosztányi et al., 2003b].

Electrostatics

Patches of electrostatic potential are often indicators of a
binding surface, usually to a molecule with a potential of opposite
sign [Honig and Nicholls, 1995]. However, this is not always the
case. Some interfaces exploit electrostatic interactions to drive
binding, while in others hydrophobic residues appear to be the
dominant surface feature [Sheinerman and Honig, 2002]. Surface
charge–charge relationships are also important in maintaining the
stability of the protein [Strickler et al., 2006]. Changes in
electrostatic potential affect the properties of proteins in many
ways. Mutations that induce local changes in electrostatic surface
potential may have a crucial effect on ligand binding or specificity,
and electrostatic alterations may affect protein folding and
stability. Qualitative measures of electrostatic surface potentials
can be calculated, for example, with PyMOL [DeLano, 2002] or
Delphi [Rocchia et al., 2002].

Pathogenic-or-Not Predictors

Several prediction methods that aim at sorting mutations
according to their pathogenicity, such as SIFT [Ng and Henikoff,
2001] and MAPP [Stone and Sidow, 2005], are based on
phylogenetic information, mainly assuming that the majority of
substitutions observed between humans and closely related species
are functionally neutral. The PhD-SNP method [Capriotti et al.,
2006] utilizes SVM classifiers based on sequence environment and
conservation. It has been shown that combining information
obtained from the multiple sequence alignment with structural
information can increase the prediction accuracy [Saunders and
Baker, 2002]. Some methods, for example, nsSNPAnalyzer [Bao
et al., 2005], PolyPhen [Ramensky et al., 2002], and SNPs3D [Yue
et al., 2006], combine available structural information with the
multiple sequence alignments to reach more accurate results. Align-
GVGD [Mathe et al., 2006] and SNAP [Bromberg and Rost, 2007]
combine information about the biochemical properties of the wild-
type and the substituting residue with evolutionary information.

Some methods use structural and functional annotation from
the Swiss-Prot database in addition to structure and sequence
modelling [Ferrer-Costa et al., 2002, 2004; Sunyaev et al., 2000,
2001b; Wang and Moult, 2001]. The functional annotation is used
to identify the residues that are part of a binding site, active site, or
disulfide bond. It is presumed that changes at these positions
would have a major effect on protein function.

These prediction methods can be useful, in addition to their
obvious function of predicting whether a mutation is pathogenic,
in deducing the mechanism by which a mutation causes a disease.
Indeed, some of these methods may predict a known pathogenic
mutation to be benign, but this information can be valuable in
ruling out some possible disease mechanisms.

PON-P: Pathogenic-or-Not Pipeline

We are currently developing a service providing simultaneous
access to the numerous prediction methods described in this
paper. When studying the effects of mutations by bioinformatics
methods, submitting sequence and mutation data to the various
predictors requires a considerable amount of work and time,
especially when the number of mutations in a given sequence is
large. A service that simultaneously submits the input data
provided by the user to selected prediction methods, as well as
parses the outputs of individual methods into a single output,
will simplify the process and provide results faster and
more conveniently. PON-P—the Pathogenic-or-Not Pipeline
(Fig. 2A)—will initially feature all the pathogenic-or-not pre-
dictors described in the previous chapters, as well as links and
descriptions for all prediction methods described in this article. In
the near future there will be a user-friendly submission form for
analyses of different kinds of mutations. PON-P is currently being
developed to contain all the available predictors for disorder,
aggregation, tolerance, and stability. The Pipeline will be freely
available at http://bioinf.uta.fi/PON-P.

Conclusion

As the number of known variants in the human genome
increases, the determination of positions likely to be disease-
associated has become an important and challenging problem.
There are numerous bioinformatics methods available for the
analysis of the molecular consequences of missense mutations.
Several of the methods are very specific, and dedicated to the
analysis of a single feature. However, they may analyze the same
property from different points of view. For example, structural
changes may originate from changes in side-chain size, hydro-
pathy, altered contact-forming properties, aggregation, or intro-
duced disorder. To make sophisticated choices of the most suitable
prediction methods and to be able to interpret the results
correctly, it is of utmost importance to be familiar with the theory
and limitations of the various methods. The Pathogenic-or-Not
Pipeline (PON-P) is a service providing access to various
mutation analysis methods, facilitating their use.
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Dosztányi Z, Magyar C, Tusnády GE, Cserzo M, Fiser A, Simon I. 2003b. Servers for

sequence–structure relationship analysis and prediction. Nucleic Acids Res

31:3359–3363.
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Magyar C, Gromiha MM, Pujadas G, Tusnády GE, Simon I. 2005. SRide: a server

for identifying stabilizing residues in proteins. Nucleic Acids Res 33:

W303–W305.

Marcotte EM, Pellegrini M, Ng HL, Rice DW, Yeates TO, Eisenberg D. 1999.

Detecting protein function and protein-protein interactions from genome

sequences. Science 285:751–753.

Masso M, Vaisman II. 2008. Accurate prediction of stability changes in protein

mutants by combining machine learning with structure based computational

mutagenesis. Bioinformatics 24:2002–2009.

Mathe E, Olivier M, Kato S, Ishioka C, Hainaut P, Tavtigian SV. 2006. Computational

approaches for predicting the biological effect of p53 missense mutations: a

comparison of three sequence analysis based methods. Nucleic Acids Res

34:1317–1325.

Matthews BW. 1995. Studies on protein stability with T4 lysozyme. Adv Protein

Chem 46:249–278.

Miller MP, Kumar S. 2001. Understanding human disease mutations through the use

of interspecific genetic variation. Hum Mol Genet 10:2319–2328.

Minoshima S, Mitsuyama S, Ohtsubo M, Kawamura T, Ito S, Shibamoto S, Ito F,

Shimizu N. 2001. The KMDB/MutationView: a mutation database for human

disease genes. Nucleic Acids Res 29:327–328.

Mooney SD, Klein TE. 2002. The functional importance of disease-associated

mutation. BMC Bioinformatics 3:24.

Moretti S, Armougom F, Wallace IM, Higgins DG, Jongeneel CV, Notredame C. 2007.

The M-Coffee web server: a meta-method for computing multiple sequence

alignments by combining alternative alignment methods. Nucleic Acids Res

35:W645–W648.

Morris AL, MacArthur MW, Hutchinson EG, Thornton JM. 1992. Stereochemical

quality of protein structure coordinates. Proteins 12:345–364.

Ng PC, Henikoff S. 2001. Predicting deleterious amino acid substitutions. Genome

Res 11:863–874.

Ng PC, Henikoff S. 2003. SIFT: predicting amino acid changes that affect protein

function. Nucleic Acids Res 31:3812–3814.

Nuin PA, Wang Z, Tillier ER. 2006. The accuracy of several multiple sequence

alignment programs for proteins. BMC Bioinformatics 7:471.
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