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SCA and dystonia are both genetically very heterogeneous disorders for which there is, 
as yet, no therapy available. Currently, 45 SCA types have been described and mutations 
found in 31 separate genes (see chapter 1). Dystonia is in a similar situation: 21 genes 
are mutated in 29 dystonia subtypes (see chapter 1). Despite the genetic heterogene-
ity, the symptoms of all SCA types are relatively homogeneous, as all patients exhibit a 
cerebellar ataxic syndrome accompanied by a wide range of other features. In dystonia, 
the clinical presentation is more heterogeneous as it can affect multiple body parts; 
head, trunk, legs or arms, or even fingers or vocal cords. Currently, despite the imple-
mentation of so-called ataxia gene panels for diagnostic sequencing, approximately 
25% of all SCA patients are still without a genetic diagnosis. For this group it would be 
beneficial to identify novel disease genes as this would improve the genetic counseling 
they are given, while knowing the underlying molecular cause of the disease can be the 
starting point for the development of new therapies. We have shown that it is not easy 
to pinpoint the disease-causing variant from exome sequencing data. However, using 
a combined approach of whole exome sequencing and targeted resequencing of likely 
candidates, we did identify seven putative novel SCA genes (chapter 2 and chapter 4) 
and one dystonia gene (chapter 3). Moreover, the pathogenicity of variants should be 
validated by functional analysis, as shown in chapter 5 for a range of potential SCA13 
mutations.

The clinical homogeneity between various SCA types, the overlap in symptoms with 
dystonia, and the role of the cerebellum in both disorders are reasons to search for 
common pathological mechanisms underlying these disorders. However, the majority 
of the reported disease genes have completely different biological roles, so that, to 
date, no singular molecular mechanism has been identified for either SCA or dystonia. 
Based on co-expression data of known disease genes, the pathway involving most 
of the disease genes is synaptic signaling, followed by nervous system development 
(chapter 1). This finding shows that not all the known disease genes are involved in 
a single pathway, which complicates the use of targeted resequencing of all genes in 
a particular pathway as a gene identification strategy (as shown in chapter 4). In this 
chapter we found that mutations in genes encoding components of the glutamatergic 
signaling system do not frequently cause SCA, but are more often linked to intellectual 
disability, which raises questions about the hypothesis of glutamatergic signaling as a 
common mechanism in SCAs.

The quest for new genes

Not so long ago, the search for causal genes in diseases was mainly carried out by 
linkage analysis in large families. This analysis yielded large chromosomal areas in which 
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the disease gene was presumed to be located. However, these intervals commonly 
contained many genes, and Sanger sequencing all those genes one by one was a la-
borious job and, in most cases, did not lead to identification of the disease-causing 
mutation. Nowadays, sequencing multiple genes has become much easier with the 
introduction of next generation sequencing (NGS) techniques, which are high through-
put and therefore time- and cost-effective. Whole exome sequencing (WES), in which 
the entire coding region of the DNA is sequenced, is now common practice when it 
comes to identifying genes for Mendelian forms of dystonia and SCA. So far, 20 ataxia 
and dystonia genes have been identified using exome sequencing, including recently 
discovered mutations in COL6A3 (DYT27)1 and TRPC3 in SCA41.2 With the realization 
that WES yields long lists of candidate variants, linkage analysis is still commonly used 
to pinpoint the region of interest and to filter exome sequencing results, as described 
in the identification of CACNA1G in SCA42.3 We have successfully used WES to identify 
CACNA1H as the causal gene in writer’s cramp (chapter 3). The success rate of WES in 
the identification of novel disease genes is not 100%, possibly due to several reasons. 
On the technical side, variants can be missed by lack of sequence coverage, or because 
of a large deletion or duplication, which is not seen with sequencing. Other variants 
might be missed by bioinformatic variant-calling issues or by misinterpretation in the 
variant-filtering steps. Moreover, the causal variant may be located outside the coding 
regions of the genome.4 

An alternative for WES is Whole Genome Sequencing (WGS) in which the entire 
genome is sequenced, including the non-coding regions. WGS does not depend on 
target enrichment before sequencing and therefore shows a more uniform coverage of 
the entire genome, independent of the GC percentage. This means that all exons will 
be covered whereas first exons are regularly missed with WES, and it makes WGS more 
suitable for copy number analysis.5 Furthermore, WGS has been shown to be able to 
identify coding variants in intellectual disability patients that had been missed by WES 
analysis.6 However, WGS yields a vast amount of data, i.e. ~4 million variants with WGS 
compared to 40,000 in WES,6,7 and the interpretation of non-coding variants is still a 
huge challenge. Despite the efforts of the Encyclopedia of DNA elements (ENCODE) 
and the NIH Roadmap Epigenetics project, which showed that non-coding parts of 
the genome are involved in all kinds of regulatory processes influencing many genes,8,9 
we still do not know what the consequences are for the majority of variants seen 
in our genome. One way to overcome this issue is to link genetic variation to gene 
expression, since variants that correlate with specific changes in gene expression are 
more likely to be disease-causing than variants that have no effect on gene expression. 
Adding RNA sequencing data to WES data gives insight into the relative expression of 
the sequenced variants compared to non-mutated genes, and offers the possibility to 
examine the specific tissue of interest. However, for neurological disorders, this would 
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imply the need for brain samples which are not easy, if not impossible, to obtain unlike 
blood samples, for example. Nonetheless, many ataxia genes are expressed in blood, 
rendering RNA sequencing a promising option in the identification of novel ataxia 
genes. 

One method that does not incorporate the entire genome, but only a predefined 
subset of genes, is targeted resequencing (TRS). This method reduces the cost and 
time needed for sequencing and data analysis. TRS is frequently used and is an effec-
tive method for screening using so-called gene panels for genetically heterogeneous 
disorders in diagnostic settings, such as cardiomyopathy,10 peripheral neuropathies,11 
or focal epilepsy.12 However, if the disease-causing variant is not found within this 
predefined set of genes, WES or WGS is still needed, which will double the cost and 
time, and needs more genetic counseling as WES and WGS entail the risk of unsolicited 
findings. Therefore, in current diagnostic settings, so called “clinical exomes” are rising in 
popularity. In these WES is used to screen initially the predefined set of genes for muta-
tions but when the disease-causing variant is not identified in these genes, the rest of 
the exome is available for analysis. We used TRS in combination with WES (described in 
chapter 2) to identify five novel putative SCA genes, while in chapter 4 we describe a 
pathway-oriented gene search using TRS to identify two new SCA genes.

The disadvantages of all NGS methods are that large deletions and duplications can-
not be efficiently detected as yet and it remains very difficult to sequence coding or 
non-coding repetitive sequences, rendering these methods unsuitable for diagnosing 
multiple common SCA types, such as SCA1, 2, 3, 6, and 7. For disorders that are solely 
caused by conventional missense or nonsense mutations, NGS can completely replace 
conventional methods in DNA diagnostics. 

The struggles of variant selection

The main challenge in performing any kind of NGS approach is the filtering and selec-
tion of long lists of genetic variants for follow-up studies. The first step is to assess the 
quality of the sequencing reads and include variants with a read depth of at least 20x 
to reduce the amount of false-positive calls. Furthermore, the zygosity of the variants 
needs to be in line with the expected mode of disease inheritance in the patient. 
Moreover, variants outside the coding and splice regions and those that do not result 
in amino acid changes (synonymous) are usually eliminated from further analysis, since 
it is assumed that these will have minimal impact on protein function.4

The following step in the filtering is to assess the frequency of the variants in common 
genetic databases, since its frequency is highly predictive of the variant’s severity.4,13,14 
As both spinocerebellar ataxia and dystonia are rare disorders with disease frequencies 
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of 1-3 and 16 in 100,000, respectively, and they show dominant inheritance patterns, 
we expect the disease-causing variants to be present only at a very low frequency 
(<0.01%), if at all, in genetic databases like 1000Genomes, dbSNP, EVS, and ExAC.15–18 
However, according to the disease frequency, we might go down to 0.001% for SCA, al-
though this increases the risk of eliminating the disease-causing variant since database 
frequencies depend highly on their population size and in smaller databases frequen-
cies will thus be higher. The newest database is the Reference Variant Store (RVS), which 
contains 473 million distinct variants from 82,600 samples and includes resources such 
as ClinVar, OMIM, COSMIC, and prediction scores from dbNSFP.19 However, as these 
databases continue to grow and the disease status of the individuals is not monitored, 
the chance that a database will house disease-causing mutations grows, and variants 
should therefore not be excluded from further analysis by only their (rare) presence in 
databases. We encountered this situation in the work described in chapter 3, in which 
the p.Arg481Cys mutation in CACNA1H was found as a cause for writer’s cramp. This 
variant is present twice in the ExAC database, with a frequency of 0.0001134, and we 
therefore used functional tests to prove its pathogenicity.

Recently, an elegant method linked to genetic databases was published; it labels genes 
with a gene damage index (GDI). This is based on the notion that 58% of variants in 
a single patient’s exome data are found in 2.4% of all genes, rendering these genes 
highly unlikely to be the cause of monogenic disorders. The genes with the lowest GDI 
score are thus more likely to be disease genes for monogenic disorders and, not surpris-
ingly, these genes are mostly highly conserved and indispensable genes involved in 
ribosomes, chemokine signaling, proteasome, and spliceosome.20 However, this model 
does not take gene size into account, which will yield higher GDI scores for larger genes 
as they have more chance of accumulating genetic variation over time and, therefore, 
they might be assigned a false-positive status more easy. Not surprisingly, from the 
novel genes we identified and reported in chapter 2, the very large genes, FAT1 and 
FAT2, were assigned a high mutation level, whereas the other candidates, including 
CACNA1H from chapter 3, were assigned a medium mutation level.

To estimate the functional effect of non-synonymous SNVs, multiple computational 
prediction programs have been developed. These are either based on amino acid 
conservation such as PolyPhen2,21 SIFT,22 MutationAssessor,23 and MSRV,24 or on DNA 
sequence alignments such as PhyloP,25 GERP,26 SiPhy,27 and SInBaD;28 they differ from 
each other mainly by their algorithm and training data sets.29 However, these programs 
return different outcomes for single variants making it very difficult to interpret the 
results. Therefore, one should consult multiple programs and set an arbitrary cut-off at 
which a variant is predicted to be damaging by the majority of programs. In chapter 
2 we report using SIFT, PolyPhen2 and MutationTaster (these are commonly used pro-
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grams and available via the Alamut diagnostic software) and our follow-up on variants 
which all three programs assigned a damaging prediction to.

To overcome the discrepancies in predicted variant effect of the various programs and 
return a comprehensible output, multiple tools have been developed to integrate 
several predictions, these are the so-called ensemble tools. For example, combined 
annotation-dependent depletion (CADD) integrates a range of data types including 
transcript information, conservation scores, regulatory information, and protein-level 
prediction scores.30 This method is suitable for most types of variants, including non-
coding variants, unlike PolyPhen and SIFT, for example, that can only be used to predict 
the effect of missense variants. Moreover, deleterious annotation of genetic variants 
using neural networks (DANN), a program that is based on CADD, uses another algo-
rithm to capture non-linear relationships among the features and it therefore has a 
more detailed prediction of the variant’s impact.31 Furthermore, SnvForest integrates 
eleven functional scores at the variant level and eight association scores at the gene 
level, which are fewer than CADD or DANN.32 Intriguingly, in addition to SIFT and Poly-
Phen2, CADD was one of the functional scores, meaning that SIFT and PolyPhen2 are 
integrated twice, which leads to a bias towards the SIFT and PolyPhen2 training sets. 
We did not use any of these ensemble scores in our work, as we had already analyzed 
our data before these tools were available, however, unsurprisingly, post-selection 
analysis showed high (>20) CADD-Phred scores for ten out of twelve variants in novel 
SCA genes reported in chapter 2. The ensemble tools are very promising for analyzing 
single cases and we will use them to further analyze our unsolved families. However, 
a major drawback of all prediction tools is that they only analyze single nucleotide 
variants, whereas alterations of two adjacent nucleotides may cause pathogenic amino 
acid changes that might be missed by filtering and analyzing single nucleotides only.

Other models have been built that integrate phenotypic data into the analysis, 
enhancing candidate gene prioritization, as they will search for genes involved in 
phenotypes similar to that of the investigated patient. Examples of these predictors 
are eXtasy, Phen-Gen, PhenIX, Phevor, and Exomiser, which were reviewed by Smedley 
and Robinson;33 they all make use of the Human Phenotype Ontology (HPO) database. 
PHenotypic Interpretation of Variants in Exomes (PHIVE) performs cross-species analysis 
approaches with HPO and the Mammalian Phenotype Ontology (MPO) database to 
identify similarities between human disease characteristics and phenotypes seen in 
genetically modified model organisms, mainly rodents.34 This could be really helpful, 
although of course it relies highly on the number of rodent experiments and which 
phenotypic traits have been taken into account. Furthermore, the recently published 
OMIMexplorer makes use of protein interaction networks of genes involved in diseases 
that are phenotypically closely related to the disease seen in the patient, as determined 
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with semantic searches in the Online Mendelian Inheritance in Men (OMIM) database.35 
This method comes very close to our approach, described in chapter 2, of creating 
a set of higher prioritized genes based on co-expression with known ataxia genes. 
However, we did not take other similar phenotypes into account and we think that this 
tool is very promising for the analysis of single cases.

Although the computational prediction tools are becoming more accurate in discrimi-
nating damaging variants from those that are likely benign, the outcome is still a pre-
diction and not ‘real biology’. Therefore, functional analysis is highly recommended in 
order to validate the severity of the variant at the protein-, cell- or even organism-level, 
although many new disease genes are being published guided only by computational 
predictions.36 

The proof of variant causality

Whenever a list of prioritized variants is created, the challenge of proving causality 
of the variant with the disease starts. MacArthur et al. have established guidelines to 
describe causality of sequence variants involving assessments on the gene and vari-
ant level.36 The most conventional starting point, that we also used in chapter 2 and 
chapter 3, is to confirm the presence of the variants in the patient’s genome by Sanger 
sequencing. Thereafter, available family members can be tested for co-segregation, as 
segregating variants should be correlated with the disease (i.e. all affected family mem-
bers should carry the variant and unaffected family members preferably not). However, 
this is rather tricky in late-onset disorders such as SCA since currently non-symptomatic 
family members may become affected in the future. Consequently, we prefer not to 
include supposedly unaffected family members in our validation, although multiple 
studies use the absence of a variant in non-affected family members as proof of vari-
ant pathogenicity in the affected members. Moreover, low penetrance of the disease 
mutations is seen in dystonia, indicating that not all mutation carriers go on to develop 
symptoms.37,38

In the situation that a variant is highly likely to be the disease-causing variant in a family, 
another predicted damaging variant in the same gene should preferentially be present 
in an independent case or another independent family. If variants in a gene can be 
found in independent patients with the same phenotype, this makes a much stronger 
case for that gene being involved in the pathology.36 However, because of the rarity of 
SCA and dystonia, finding a second mutation in the same gene in an independent case 
or family is not always possible, as reported in chapter 2 and chapter 3. Moreover, 
in chapter 5, we show that screening a large cohort of patients (n=848) to find vari-
ants in KCNC3 yielded twelve novel variants, of which only one was validated as a new 
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mutation after functional studies. In chapter 6 we show that even for genes that are 
published as being associated with disease, such as ARSG in writer’s cramp, finding the 
disease-causing variant is a tough job. Out of eleven sequenced variants, we were only 
able to prove association of a single variant to the disease phenotype and we failed to 
identify a causal variant. However, this could also be due to the fact that the original 
study was a GWAS and the causal mutation was not necessarily located in ARSG.39

For the family-based analyses, it is extremely important that the medical doctor makes 
an accurate clinical characterization of all the available family members. To be able to 
perform co-segregation analysis we need to know which family members are affected 
and which ones are certainly not. When establishing a cohort to screen for additional 
variants in a putative candidate gene, the cases in the cohort should suffer from the 
same disease as the probands, and the cohort should preferably not include patients 
who only show part of the expected phenotype. Moreover, these patients should not 
have a genetic diagnosis for another subtype of the disease or have been referred only 
for exclusion of the disease: as we have seen in chapter 4 this can be misleading and we 
identified a predicted damaging variant in GRIA3 in a person suffering from intellectual 
disability instead of cerebellar ataxia. The importance of the clinical characterization 
also highlights the importance of clear communication between medical doctors and 
research/diagnostic scientists.

If no additional affected family members are available, the list of validated variants will 
remain rather extensive and, in this situation, gene prioritization by computational 
prediction programs that include phenotypic data might be highly beneficial (see 
section above). Additionally, genes can be manually selected based on their function 
and expression — although this is not very efficient. However, genes can have multiple 
functions in different tissues or even within the same tissue and a gene should there-
fore not be excluded based on only its known function. The prioritization approach that 
we describe in chapter 2 included analysis of gene co-expression networks based on 
the assumption that genes co-expressed with known SCA genes are more likely to be 
involved in the same biological pathways, and therefore more likely to be novel disease 
genes.

The next step in variant validation is to determine the true effect of the variant by func-
tional analyses.36 The most commonly used follow-up at protein level is to determine 
the effect of the variant on gene function in a cell model. This permits the expression 
and localization of the mutated protein to be assessed, as changes in these parameters 
will give clues that the variant is not benign. We did this for the variants in GRIN3B 
and GRIK1 in chapter 4 and for variants in several genes in chapter 2. However, these 
results are not conclusive since not all damaging variants affect protein levels, but if the 
function of the protein is known, the effect of the variant on protein function can be 
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determined via activity measurements. These could involve electrophysiological experi-
ments for ion channels, for example, as shown in chapter 2, chapter 3 and chapter 
5, or enzyme activity measurements, as described in chapter 2. The proper cell model 
should, however, be chosen carefully, as easy-to-handle models such as HEK293 or 
HeLa are not always the best representation of the disease. For brain disorders, brain 
cells should preferably be used, but these are not often available and more difficult to 
maintain in culture. 

Ultimately, we need to generate in vivo models that mimic the patients’ phenotype. In 
the case of an autosomal dominant disease, the putative disease gene can be overex-
pressed or knockout models can be generated. But the generation and characterization 
of in vivo models, such as mouse models, is very expensive and takes a long time, and 
therefore they cannot be used in a high-throughput fashion for each variant that is 
slightly interesting.

CRISPR/Cas9 is a new technique based on clustered, regularly interspaced, short palin-
dromic repeats  and their associated protein 9. This method has shown great potential 
in genome editing in a wide variety of cell types and organisms.40–42 It is based on 
RNA-guided, targeted double-strand DNA breaks that are repaired by either non-
homologous end joining, inducing insertions or deletions, or homology-directed repair 
when a donor template is present, leading to induction of specific insertions, deletions 
or mutations.42,43 This method allows a disease model to be created that carries the 
same mutation as patients and the model is therefore a better representation of the 
disease than the traditional overexpression or knockout models. Moreover, mutations 
can be generated in a heterozygous state, simplifying the possibility to study dominant 
negative effects which are probably causing several SCA types, e.g. SCA19.44 In patient 
cell lines, this technique can be used to undo the mutation, which will hopefully rescue 
the phenotype.

NGS beyond gene identification

In addition to the identification of novel disease genes, NGS techniques are suitable for 
other genetic applications, such as research on putative genetic modifiers of disorders. 
In many diseases, patients with the same mutation show differences in disease presen-
tation regarding age at onset (AO), disease severity, disease progression, and secondary 
manifestations.45 In SCA3, for example, age of onset is mainly determined by the length 
of the CAG-repeat stretch in ATXN3,46,47 however, not all patients with the same repeat 
length have the same AO, which suggests there are disease-modifying factors.45,47,48 
We have used WES plus targeted sequencing of the promoter regions of 262 genes of 
interest to identify potential modifiers in 32 SCA3 patients who showed a deviation of 
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some 10 years from the expected AO based on their repeat length (data not shown in 
this thesis). We compared the distribution of variants between 16 relatively early onset 
cases and 16 relatively late onset cases using Fisher’s exact test and we corrected for 
multiple testing. Unfortunately, our cohort was too small to obtain significant results. 
The top hit associated with early AO was an intergenic TA-insertion (rs35443981) located 
between zinc finger genes ZNF818P and ZNF677, but we did not detect any obvious 
candidates in the top-10 variants. However, in a large, seven-generation Dutch family 
we used WES to detect three variants in four early AO cases that were absent in five 
late AO cases in the same family. Unfortunately, none of the three variants segregated 
completely with the phenotype in the rest of the family. A major problem in such an 
analysis is the arbitrary definition of AO and the observational bias that is seen in this, 
as people are more aware of disease symptoms and onset if a disease runs in the family. 
In other disorders, such as Huntington’s disease, in which the presence of modifiers was 
investigated, several were identified that all have a very small effect on the AO but their 
functions remain unexplained.49 This demonstrates the difficulty of this kind of research, 
but it presents a great opportunity for using new methods to interpret non-coding 
variants and for using RNA-sequencing, given that gene expression might well explain 
a substantial part of the phenotypic variance. 

Therapeutic strategies in SCA and dystonia

Despite the efforts to identify more disease genes in SCA and dystonia, both disorders 
are still incurable. This illustrates the need to elucidate the molecular pathways involved 
to aid the development of therapies suitable for many, if not all, patients. Common 
themes that we have identified that involve most of the known SCA and dystonia dis-
ease genes are synaptic transmission and development of the nervous system. Neither 
is easy to target on a general level since there is normally a perfect balance between 
excitation and inhibition, as well as an intricate brain organization, so any manipulation 
must be very careful.

In dystonic patients, it is possible to relieve symptoms in three ways: (1) locally by inject-
ing botulinum toxin,50,51 (2) more generally by oral medications, such as dopaminergic, 
anticholinergic, dopamine-depleting drugs, and muscle relaxants,52 or (3) surgically 
by deep brain stimulation of the globus pallidus internus.53 However, none of these 
therapies will cure the underlying pathologies, except in those dystonia types that are 
due to deficits in the dopaminergic synthesis pathways.

Alongside pharmacological therapies that are now being developed, some genetic 
therapies are being investigated. For example, in SCA1, RNAi therapies have been 
shown to reduce the level of mutant ATXN1 protein and this improves the phenotype in 
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mice.54 Moreover, in SCA3, promising results are being obtained by skipping of the exon 
containing the CAG-repeat, in a similar manner to the treatment of Duchenne muscular 
dystrophy,55–57 however, no results on the phenotype of the mice have been shown 
thus far.55 For conventional mutations it is possible to use antisense oligo nucleotides 
(AONs) to reduce mutant allele expression,57 or CRISPR/Cas9 technology (see above) to 
correct the mutation.42 Both these methods require patient-specific AONs or guidance 
RNAs for CRISPR/Cas9, demonstrating  the need for personalized medicine strategies.57 
Furthermore, delivery of the AONs or guidance RNAs into the target region in the brain 
is complicated by the blood-brain barrier. Therefore, the most common route is to 
directly inject the vehicle into target regions of the brain, although this results in a focal 
effect.58

The loss of Purkinje cells in SCA hinders a cure for the patients since these cells will not 
be replaced, although loss of PCs might be more beneficial than dysfunctioning PCs.59 
Therefore, it would be useful to find a treatment that restores PC function and prevents 
further loss of PCs, and to start this treatment before clinical symptoms appear. Although 
this might be possible in families who know their genetic predisposition, in sporadic 
cases treatment will only be started after symptoms appear - and by then the damage 
has already been done. Even though it has been shown that human embryonic stem 
cells and induced pluripotent stem cells are able to differentiate into PCs in vitro,60,61 
and beneficial effects of stem cell transplantation have been seen in mice,62 it is not yet 
possible to replace degenerated PCs in patients.
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