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Abstract 

 
Cerebrovascular disease is the leading cause of disability in adults. Independent of clinical 
variables such as infarct size and location, stroke subtype, and vascular risk factors,  individuals 
have disparate responses during the recovery process after a stroke is diagnosed. This degree of 
response is known to be influenced by many factors. Different metabolic pathways are involved 
in the cerebral ischemic damage response and their activity may be modulated by variation in 
the genes encoding their components. Thus, the aim of this thesis was to identify the genetic 
and epigenetic components underlying the recovery process after ischemic stroke in order to in 
a near future improve the prognosis and reduce the disability rates by personalizing the 
rehabilitation strategies. 
 

Studying the genetic component of a complex disease is still a challenging task for scientists. 
Complex traits depend largely on the individual’s environment and lifestyle, and also on 
multiple genetic variants with small effects. The interplay between genetic and environmental 
factors is the key to understand the pathophysiology of such diseases. Ischemic stroke outcome 
is conditioned by the effect of multiple clinical parameters. For this reason, the first step of this 
project was to define and establish extremely restrictive selection criteria to obtain a highly 
homogeneous cohort. Patients were selected with functional independence previous to an 
anterior territory stroke. Exclusion criteria included patients with minor and lacunar strokes, 
among other constraints. Therefore, to carry out this project it was imperative to request 
collaboration from International Consortia in order to overcome the major limiting factor, the 
sample size. 
 

To elucidate the genomic contribution to ischemic stroke outcome, the present thesis used 4 
different techniques based on the latest technologic advances. First, a meta-analysis of genome-
wide association studies (GWAS) to detect common single nucleotide variants (SNPs) associated 
with functional status at 3 months post-stroke (the variants most strongly related to functional 
outcome were selected for replication in an independent set of individuals). Second, as a 
complementary technique, an exome sequencing study (WES) comparing two groups of 
ischemic stroke cases with poor or favorable outcome, was used to identify rare genetic 
variants. The third approach was an epigenome-wide association study (EWAS) to evaluate the 
influence of acute phase DNA methylation status on functional outcome. The fourth technique 
utilized a gene expression analysis with candidate regions previously identified. Measures of 
outcome at 3 months were rated according to modified Rankin Scale (mRS) by trained 
neurologists. 
 

As a result of this research, a novel locus in PATJ gene was identified as strongly associated with 
functional outcome after stroke. The EWAS also identified three methylation loci which were 
statistically significant, where the most striking occurrence was found on the TRPV1 gene. The 
results presented in this thesis demonstrates the first findings supported with a meta-analysis 
at genome-wide level of the genetic contribution to mid-term stroke prognosis, as well as the 
first epigenome-wide association study on ischemic stroke functional outcome. 
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Resum 

 
L’accident cerebrovascular és la principal causa de discapacitat en adults. Existeix una gran 
variabilitat en el grau de recuperació entre els individus que han patit un ictus, 
independentment de la grandària de l’infart, subtipus d’ictus i factors de risc vascular. Aquesta 
variabilitat pot estar causada per diversos factors. Diferents vies metabòliques implicades en la 
resposta al dany isquèmic cerebral es poden veure afectades per variació en els gens que 
codifiquen els seus components. Per això, l’objectiu d’aquesta tesi va ser identificar el 
component genètic i epigenètic subjacent al procés de recuperació d’un ictus, per en un futur 
poder millorar-ne el pronòstic i reduir la taxa de discapacitat personalitzant les estratègies de 
rehabilitació. 
 

Estudiar la genètica d’una malaltia complexa és encara avui un repte per la ciència, ja que 
aquestes depenen en gran mesura de l’estil de vida i els factors ambientals, així com de 
múltiples variants genètiques amb petits efectes. Per tant, la interacció entre la càrrega 
genètica i l’ambient és la clau per entendre la fisiopatologia d’aquestes malalties. El pronòstic 
de l’ictus es veu afectat per l’efecte de nombrosos paràmetres clínics. Per aquest motiu, el 
primer pas de l’estudi va ser establir uns criteris d’inclusió altament restrictius per tal d’obtenir 
una cohort d’ictus isquèmics el màxim d’homogènia. Només van ser inclosos aquells pacients 
amb independència funcional abans de l’ictus, de territori anterior, i es van excloure els ictus 
menors i lacunars, entre d’altres. Per això, per portar a terme aquest projecte i superar el major 
factor limitant que era la mida mostral va ser imprescindible la col·laboració amb consorcis 
internacionals. 
 

Per elucidar la contribució genètica en el pronòstic funcional de l’ictus isquèmic, aquest treball 
es va realitzar a partir de quatre enfocaments diferents gràcies als últims avenços tecnològics. 
Primer, es va dur a terme un meta-anàlisi de diferents estudis d’associació de genoma complet 
(GWAS), per detectar variants comunes a la població (SNPs) associades al pronòstic als 3 mesos 
post-ictus (les variants més significatives van ser seleccionades per la seva replicació en un grup 
independent d’ictus). Després, com a tècnica complementària, es va seqüenciar tot l’exoma 
(WES) d’individus amb mal i bon pronòstic, per identificar variants genètiques rares. El tercer 
procediment va ser un estudi d’associació de l’epigenoma complet per avaluar l’estat de 
metilació del DNA en fase aguda en relació amb el pronòstic funcional. La quarta tècnica va 
consistir en un anàlisi de l’expressió gènica de les regions candidates identificades prèviament. 
La quantificació del pronòstic de l’ictus es va efectuar mitjançant l’escala modificada de Rankin 
(mRS) per neuròlegs experts. 
 

Com a resultat d’aquesta recerca es va identificar el gen PATJ fortament associat al pronòstic de 
l’ictus. L’estudi d’EWAS va permetre detectar tres loci, amb un candidat principal en el gen 
TRPV1 i a més, els anàlisis d’expressió gènica van ser consistents amb els anteriors resultats. Els 
resultats presentats en aquesta tesi són, a data d’avui, els primers descobriments sobre la 
contribució genètica en el pronòstic funcional de l’ictus a mig termini recolzats per un meta-
anàlisi a nivell de genoma complet i per un estudi de metilació del DNA. 
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27 1. Introduction 

1.1.  ISCHEMIC STROKE 
 
Ischemic stroke (IS) is a complex disease with outcomes of high mortality and long-
term disability for what it is the leading cause of adult incapacity1 and the second most 
common cause of death worldwide2. Approximately 15 million people per year have a 
stroke of which 5 million have permanent disability3. Despite improved control of risk 
factors in developed countries (lowering smoking and blood pressure of risk subjects), 
ischemic stroke prevalence has been rising due to population aging and the increasing 
number of stroke survivors3. IS is a very heterogeneous disease with an estimated 
heritability of 37.9%4. 
 
Definition and classification of stroke: 
A stroke is a sudden alteration in the cerebral blood supply. The most common kind of 
stroke is ischemic, accounting for 88% of all strokes (Figure 1), caused by the 
obstruction of a brain artery. The other 12% are hemorrhagic (9% Intracerebral 
Hemorrhage and 3% Subarachnoid Hemorrhage) and occur when a weakened blood 
vessel ruptures. IS can be divided approximately equally into thrombotic, where the 
formation of the blood clot is within the vessels going to the brain, and embolic where 
the blood clot is developed at another location of the circulatory system, usually in the 
heart. Depending on the location of the thrombus we differentiate between large-
vessel strokes, when the clot is in the brain’s larger arteries, and small-vessel or lacunar 
strokes, when the blockage involves brain’s smaller though deeper and penetrating 
arteries. Determining IS subtypes allows the classification of patients for therapeutic 
decision-making in daily practice, describes individual characteristics in clinical trials, 
groups patients for an epidemiological study, and accurately phenotypes patients for 
genetic studies. 
Several systems for categorization of subtypes of IS have been developed, though the 
most common include the two scales detailed herein: 
 
1. The Oxford Community Stroke Project classification (OCSP), also known as the Bamford or 

Oxford scale5, relies primarily on the initial symptoms. Based on the extent of the 
symptoms, the stroke episode is classified as: 

a) Total anterior circulation stroke (TAC) 
b) Partial anterior circulation stroke (PAC) 
c) Lacunar stroke (LAC) 
d) Posterior circulation stroke (POC) 

Including a final letter, the code indicates the type of stroke: I-Infarct (e.g. TACI); H-
Hemorrhage (e.g. TACH); and S-Syndrome (intermediate pathogenesis prior to imaging) 
(e.g. TACS). These 4 entities help to predict the cause and extent of the stroke, the brain 
affected area, and the prognosis. 



 
28 Genetic contribution to functional Outcome and Disability after Stroke 

2. The TOAST (Trial of Org 10172 in Acute Stroke Treatment) classification6 is based on clinical 
symptoms and results of further investigations. Based on this, the etiology of a stroke is 
classified in: 

a) Atherothrombotic: Thrombosis or embolism due to atherosclerosis of a large 
artery. 

b) Cardioembolic: Embolism of cardiac origin. 
c) Lacunar: Occlusion of a small blood vessel. 
d) Other determined cause. 
e) Undetermined cause:  

i. Two or more possible causes identified. 
ii. No cause identified or cryptogenic stroke. 

iii. Incomplete investigation. 
 

Figure 1. Stroke subtypes frequencies. 
 

 
(Source: http://actilyse.com/overview/classification). 

 
 
1.1.1. Epidemiological and economic impact 
 
The risk of stroke increases with ageing, although it can happen at any age. Moreover, 
cerebrovascular diseases (CVD) are the second most important cause of death in Spain 
(7% of total death causes), and the first in women according to the Instituto Nacional 
de Estadística: Defunciones según la Causa de Muerte. Año 2014. 
(http://www.ine.es/prensa/np963.pdf). Clinical evolution and functional outcome of 
individuals with CVD have a strong impact on healthcare resources. According to the 
Framingham Heart Study (http://www.nhlbi.nih.gov/about/framingham), 31% of 
stroke survivors needed help with personal care and activities of everyday living, 20% 
needed help to walk, and 71% had impaired vocational capacity when examined an 
average of 7 years later. Between approximately 120 and 350 new cases of stroke 
occur per 100,000 inhabitants in Spain every year, representing 60,000 to 175,000 new 

http://actilyse.com/overview/classification
http://www.ine.es/prensa/np963.pdf
http://www.nhlbi.nih.gov/about/framingham
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strokes per year7. Between 20% and 30% of these cases have some degree of disability 
after three months, with the cost of disability estimated to be 12,000-17,000€ per 
patient per year8. This cost coupled with the high incidence makes the social and 
economic impact of cerebrovascular pathology on public health devastating. Figure 2 
shows two world maps with age-standardized prevalence and mortality rates for IS per 
100,000 person-years in 2013, as an overview of the global burden of ischemic stroke. 
 

Figure 2. Ischemic stroke prevalence and mortality. 
 

a) Age-standardized prevalence (per 100,000) of IS in 2013. 

 
b) Age-standardized death rate (per 100,000) from IS in 2013. 

 
(Image modified from Feigin et al  9). The maps show that the highest prevalence was in developed 
countries and the lowest in developing countries. The highest mortality was in Russia and 
Kazakhstan, and the lowest in Western Europe, North and Central America, Turkmenistan, and 
Papua New Guinea. 

 
 

a) 

b) 
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1.1.2. Factors influencing recovery capacity 
 
Age and initial stroke severity are the best predictors of outcome since both 
parameters are directly related to the acute event10. In addition, stroke etiological 
subtype, the size of the affected area and location of the injury, have also been 
reported to affect outcomes and mortality of stroke patients11. Nonetheless, all the 
prediction models built on these variables are not very precise12. It is widely reported 
that the functional outcome and the degree of disability after IS vary considerably 
between individuals regardless of the previous clinical factors and the conventional 
vascular risk factors (VRF)13,14. 
 
Neuroplasticity plays an important role in the response to cerebral ischemic damage 
implying the activation of numerous mechanisms which help to restore the brain tissue 
function through electrophysiological, anatomic and biochemical changes. After 
cerebral ischemia, neuronal death leads to denervation of regions where neurons can 
sprout and establish new synaptic connections (synaptogenesis). Dendritic sprouting 
and synaptogenesis has been described in areas surrounding a cerebral infarct within 
days after stroke15, and this response appears to be correlated with functional recovery 
after stroke16. Published studies with animal models have described the remodeling 
and spontaneous recovery in the cerebral tissue after ischemia17,18. It is believed that 
the metabolic pathways involved in neuroplasticity may be modulated by changes to 
the DNA sequence, which can directly affect the expression of genes related to the 
ischemic response, such as erythropoietin and angiopoietin-1, both of which play an 
important role in angiogenesis and synaptogenesis19–21. The utility of identifying the 
genetic component of neuroplasticity is of great scientific interest, and could lead to 
the development of a genetic risk score to improve the personalization of rehabilitation 
strategies. 
However, the lack of concrete knowledge about the underlying mechanisms has 
prevented with the development of new, effective ways to clinically improve stroke 
recovery processes. Together with the great variability in functional outcome of post 
stroke patients, managing clinical strategies after IS is very challenging. 
 
Ischemic stroke outcome measure: 
The more commonly used tool for scoring patient recovery after an IS is the modified 
Rankin Scale (mRS). The scale estimates the degree of disability and dependence in the 
daily activities of people who have suffered a stroke or another neurological disability. 
It is necessary for healthcare and research purposes and highly desirable for routine 
clinical application. It is widely used throughout hospital systems to evaluate stroke 
patient course and rehabilitation needs. It was first proposed in 1957 by Dr. John 
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Rankin from Stobhill Hospital in Glasgow22 and modified to its current model in 1988 by 
the group of Professor C. Warlow at Western General Hospital in Edinburgh23. mRS has 
been criticized because of its subjective nature, but interobserver reliability of mRS can 
be improved with the use of a structured questionnaire during the interview physician-
patient and by organizing training sessions for the healthcare providers and/or the 
clinical research raters. An online available training program was developed by K. Lee’s 
group at the University of Glasgow (http://www.rankinscale.org/). Recently, different 
approaches have been created for a more systematic measurement of mRS, which 
includes mRS-SI24, RFA25 and mRS-9Q26. This latter tool is publicly available and it 
provides a free web calculator at http://www.modifiedrankin.com/. 
 
The mRS scale consists of 7 categories from 0 to 6, from perfect health, with no 
symptoms, to death, as shown in Table 1. 
 

Table 1. Modified Rankin Scale. 
 

SCORE DESCRIPTION 
0 No symptoms at all. 

1 No significant disability despite some symptoms. 
Able to carry out all usual duties and activities. 

2 
Slight disability. 

Able to look after own affairs without assistance, but unable to carry 
out all previous activities. 

3 Moderate disability. 
Requires some help, but able to walk unassisted. 

4 
Moderately severe disability. 

Unable to walk unassisted and unable to attend to own bodily needs 
without assistance. 

5 Severe disability. 
Requires constant nursing care and attention, bedridden, incontinent. 

6 Dead. 
 

 
Initial stroke severity measure: 
Initial stroke severity is the main factor affecting the recovery process. Hence, 
quantitative measures of the initial severity are excellent predictors of the patient 
prognosis and functional outcome. 
The National Institute of Health Stroke Scale (NIHSS) was an action from national and 
international government entities together with private organizations. NIHSS is a 
systematic assessment tool to objectively quantify the baseline impairment caused by 
stroke. Initially created as a research scale for clinical trials, it is now widely used by 
healthcare providers in daily clinical practice to evaluate the state of a stroke patient, 
apply appropriate treatment and predict the outcome. The NIH stroke scale is a simple 

http://www.rankinscale.org/
http://www.modifiedrankin.com/
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15-item neurologic examination stroke instrument, designed to be easy and reliable by 
physicians, nurses or other trained personnel in just 10 minutes27. Briefly, it examines 
the effect of the acute cerebral infarction on the level of consciousness, language, 
neglect, visual-field loss, extraocular movement, motor strength, ataxia, dysarthria, and 
sensory loss. The rates for each of the 15 items are scored from 0 to a maximum of 2-4 
points. A score of 0 indicates normal function within that specific ability and a higher 
number indicates some degree of disability. The total NIHSS score comes from the sum 
of individual scores. The minimal score is 0 (normal) and 42 the maximum score (see 
Annex Table 8.1. for whole description of the NIH Stroke Scale). Table 2 shows an 
interpretation of the stroke severity according to a classification of the NIHSS. 

 
Table 2. NIHSS interpretation of severity according to Hage V28. 

 

SCORE STROKE SEVERITY 

0 No stroke symptoms 

1-4 Minor stroke 

5-15 Moderate stroke 

16-20 Moderate to severe stroke 

21-42 Severe stroke 
 

(Source: Hage V, 201128) 
 
The NIHSS accurately predicts the likelihood of a patient recovery after stroke. Values 
of initial NIHSS >16 indicates a high probability of death, meanwhile patients with an 
initial NIHSS <6 indicates a high probability of a good recovery. The increase of each 
additional point in the NIHSS score decreases the probability of the complete recovery 
at 7 days by 24% and at 3 months by 17%29. 
 
 
 
1.2. GENETIC STUDIES 
 
1.2.1. Genetics, concepts 
 
Genetic origins, the Mendelian genetics: 
Mendelian inheritance was first observed in human alkaptonuria and described by 
Garrod in 1902. Diseases with this pattern of inheritance were then called Mendelian 
diseases30 in honor of Gregor Mendel, who proposed the Law of Segregation, the Law 
of Independent Assortment, and the Law of Dominance, based on his experiments with 
pea plants. Currently, the genetic background of more than 4,000 Mendelian diseases 
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has been determined31, although such diseases generally affect only a handful of 
families, with a small impact on global public health. 
The word genetics was coined for the first time by the British William Bateson in 1905 
meaning “the study of heredity”, who also pointed out an exception to the Mendel’s 
Second Law when he detected that some phenotypes were more frequent than the 
principle predicted. Evidence arrived 6 years later with the description of linked genes 
in close proximity within a chromosome, explaining why some characteristics were 
inherited together32. In addition, Morgan’s team presented the first genetic map of a 
living being, the fruit fly (Drosophila melanogaster), and realized that some phenotypes 
were determined by the coupled action of two or more genes, which is the type of 
inheritance observed in complex diseases. 
 
Molecular genetics, the DNA: 
Initially, genetic information was thought to be carried by proteins till the discovery by 
Oswald Avery in 1944 elucidating the role of deoxyribonucleic acid (DNA) as the source 
of genetic information. In 1953, the characterization of the double helix structure of 
DNA proposed by Watson and Crick33 helped to understand how the information was 
stored and passed on. The dogma was centered on the theory that genes in DNA 
sequence coded for proteins, the elements responsible for molecular processes (one 
gene-one enzyme hypothesis). 
After the discovery of DNA structure, attempts to understand how proteins were 
encoded concluded in 1961 with the Crick, Brenner et al. experiment demonstrating 
that codons consist in sets of three DNA bases that encode for one amino acid in the 
genetic code. With this study, they elucidated the nature of gene expression. In 1964, 
Nirenberg and Leder deciphered the remaining codons of the genetic code. 
Later in 2006, the discovery of RNA polymerase by Kornberg and collaborators helped 
to explain how the DNA information is transcribed into RNA and facilitated the 
advancement in widely used techniques such as PCR (polymerase chain reaction) by 
Mullis, in 198634. 
 
The human genome: 
The human genome, containing 23 homologous chromosomes pairs in the cell nucleus, 
holds three billion DNA base-pairs (bp) in the haploid genome with 20,719 protein 
coding genes by GENCODE 19 release. However, it is believed that part of these genes 
are non-coding and the total number of functional genes are closer to 19,000 than 
20,00035. A gene sequence is composed of many elements, though mostly introns 
(sequences removed by RNA splicing during maturation of the transcribed RNA) and 
exons (the protein coding parts of genes). Exon regions represent only 1.5% of the 
entire DNA sequence. 



 
34 Genetic contribution to functional Outcome and Disability after Stroke 

The Human Genome Project started in the beginning of the 1990s and concluded in 
2003. The project mapped and sequenced the entire human genome36. In 2009, 
another decisive project to advance the genetics field finished, The International 
HapMap Project, which presented a catalogue of the human genetic variation37, 
leading to a better understanding of correlation between variants (linkage 
disequilibrium, LD)38 and their frequencies in population39. LD showed a structure in 
blocks which established the non-random association of alleles during chromosome 
recombination40. This enabled the capture of most of the single nucleotide 
polymorphisms (SNPs), which are the common genetic variation in the population 
(minor allele frequencies ≥5%), by genotyping a limited proportion of variants, the tag 
SNPs. 
In 2003, the National Human Genome Research Institute (NHGRI) created a public 
consortium named ENCODE (the ENCyclopedia Of DNA Elements) with the goal of 
characterizing all functional elements in the human genome sequence41,42. The project 
so far has generated high throughput data on elements that act at the protein and RNA 
levels, including the identification of upstream regulatory elements. All generated data 
is released into public databases (https://www.encodeproject.org). 
The 1000 Genomes Project (1KGP) started in 2008 with the aim of elucidating most of 
the common human genetic variation, and was the first study to sequence the whole 
genome of a large number of individuals. By the end of the project in 2015, the 
genomes of 2,504 people from 5 continents had been analyzed43 launching the most 
complete catalogue of human genetic variation to date. To store the increasing 
information in variant annotation there are several databases, such as dbSNP (Figure 3) 
(https://www.ncbi.nlm.nih.gov/SNP/). 
 

Figure 3. Growth of SNPs identified in the Human genome. 
 

 
 

(Source: http://massgenomics.org/2012/12/ethical-challenges-clinical-genome-sequencing.html). 

https://www.encodeproject.org/
https://www.ncbi.nlm.nih.gov/SNP/
http://massgenomics.org/2012/12/ethical-challenges-clinical-genome-sequencing.html
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1.2.2. Genetics of complex diseases 
 
Complex diseases explain most of the morbidity and mortality in high income 
countries. They are characterized by the involvement of numerous physiological 
mechanisms in their aetiology and evolution and also by genetic factors, which interact 
with environmental and behavioural factors. Studying the genetic component of a 
complex disease is very challenging in contrast to Mendelian disease, given the 
complicated interplay of the risk factors and because they are influenced by multiple 
genetic variants with small effect. However, in the last 20 years there has been a 
massive development in the comprehension of the genetic basis of complex diseases 
through the use of different techniques: (1) Candidate gene studies, which preselect 
the genes of interest to test their relation to a pathologic condition based on 
preconceived hypothesis or implicated mechanisms. Notably, more than 99% of the 
reported results have not been independently replicated44. (2) Genome-wide 
association studies (GWAS), with unbiased hypothesis-free approaches that enable the 
genotyping of millions of variants in a single individual. These studies generated the 
discovery of multiple associations between new SNVs and complex diseases. (3) Next 
generation sequencing (NGS) studies, which permit a deeper exploration of the regions 
identified by GWAS to identify new isolated or rare (low frequency) SNVs. 
 

The research on genetics of complex traits is known to require large sample sizes of 
well phenotyped individuals to boost the discovery power. Yet, rising the sample size 
increases the sample pool heterogeneity, especially when combining samples from 
different sources due to subtle biases in the diagnosis or missed clinical data45 (Figure 
4). 
 

Figure 4. Sample sizes required for 80% power comparing full data and well phenotyped data. 
 

 
 

(Image modified from Burmeister et al45). 
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Genetic factors contribute greatly to complex diseases risk and susceptibility. Thus, the 
vast majority of genetic studies have been directed to analyse the risk and 
susceptibility of different populations. Focusing on stroke as a complex disease, 
research on genetics in stroke risk has been published46–48, as well as genetics 
associated with VRF, such as diabetes49, blood pressure50, and dyslipidaemia51. Clinical 
genetic scores have also been useful for predicting different phenotypes52,53, joining 
the small effects of multiple variants in a single score. In addition, pharmacogenetic 
studies have reported several genetic variants that affect the individual response to 
stroke prevention treatments, such as the use of rtPA (recombinant tissue Plasminogen 
Activator), clopidogrel or aspirin54. 
 
 

1.2.2.1. Genetics of stroke outcome 
 

The genetic role in stroke functional outcome is still unclear. Previous studies have 
reported the association between several genetic variants on candidate genes and 
disability after stroke or functional outcome. Moreover, studies in mice identified the 
association of a variant in BDNF (Brain-derived neurotrophic factor) gene with 
angiogenic response post-stroke55. Table 3 summarizes the genetic discoveries that 
have been published to date concerning IS functional outcome and disability in 
humans. Some of these candidate genes have been widely reported with significant 
correlation to IS, such as APOE and BDNF (see Table 3). 
 

 
Table 3. Review of the candidate genetic findings in ischemic stroke outcome. 

 

Gene SNP Phenotype OR [CI] or P N POP Year Reference 

APOD 5 SNPs 3m mRS NS 3,081 EUR 2014 Lövkvist et al56 

APOE 
ε4  

(rs7412+ 
rs429358) 

3m mRS NS 31 EUR 2002 Liu et al57 

1m; 3m mRS and BI NS 189 EUR 2000 
McCarron et al58 

mRS (Good <2; Bad ≥2) NS 714 EUR 1998 

1m; 6m; 12m SSS; BI NS 691 EUR 2007 Gromadzka et al59 

12m SSS NS 496 EUR 2007 Sarzynska et al60  

1m; 3m mRS (Good <2;  
Bad ≥2) P = 0.023; 0.029 241 EUR 2012 Cramer et al61 

BDNF rs6265 

Rehabilitation mRS (Bad >2) 2.18 [1.09-4.35] 287 EUR 2014 Mirowska et al62 

1m; 3m mRS (Good <2;  
Bad ≥2) P = 0.036; NS 241 EUR 2012 Cramer et al61 

2w; 12m mRS P = 0.027; 0.048 286 AS 2012 Kim et al63 

6m NHISS; BI NS 206 AS 2016 Keshavarz et al64 

3m mRS (Good <2; Bad ≥2) 0.41 [0.20-0.81] 308 AS 2013 Zhao et al65 

3m; 2y; 7y mRS NS 600 EUR 2014 Stanne et al66 
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Gene SNP Phenotype OR [CI] or P N POP Year Reference 

2 SNPs 
3m; 2y; 7y mRS 

NS 
600 EUR 2014 Stanne et al66 

rs11030119 2y 0.65 [0.47-0.90] 

C5 rs17611 3m mRS (Good <2; Bad ≥2) NS 494 AS 2016 Wu et al67 

CDKN2B-
AS1 

5 SNPs 

3m mRS (Good ≤2; Bad ≥2) 

NS 
600 
(73 

LVD) 
EUR 2011 Olsson et al68 rs7857345 LVD 0.25 [0.06-0.78] 

rs1537378 LVD 0.29 [0.09-0.74] 

COMPT rs4680 BI (Difference 6m-1m) P <0.01 78 EUR 2013 Liepert et al69 

COX2 
rs5275 

3m mRS; GOS; BI 
mRS 1.54 [1.02-2.31] 

520 EUR 2011 Maguire et al70 
rs20417 GOS 1.81 [1.08-3.06] 

CRP rs1130864 3m mRS (Good ≤2; Bad >2) 1.51 [1.09-2.09] 1,716 AS 2014 Guo et al71 

CX3CR1 
rs3732379 

3m BI NS 308 AS 2012 Li et al72 
rs3732378 

ESR1 rs9340799 1m mRS (severe >3) NS 285 EUR 2012 Pappa et al73 

GP1BA 
rs2243093 

3m mRS; GOS; BI NS 520 EUR 2011 Maguire et al70 
rs6065 

IGF1 

5 SNPs NIHSS, mBI NS 119 AS 2012 Kim et al74 

rs7136446 12m mRS (Good ≤2; Bad >2) 1.46 [1.09-1.96] 
600 EUR 2013 Aberg et al75 

10 SNPs 3m, 2y mRS (Good <2;  
Bad >2) NS 

IL1RN rs4251961 1m; 3m; 6m; 12m mRS 
(Good<2) 

12m mRS 7.67 [1.02-
57.46] 113 EUR 2014 Becker et al76 

IL6 rs1800795 

3-7w mBI NS 95 EUR 2016 Yan et al77 

3m; 6m mRS (Good <2;  
Bad ≥2) 

13.90 [4.60-41.30]; 
5.30 [2.10-13.20] 100 AS 2013 Chakraborty et al78 

3m mRS (Good <2; Mild 2-3; 
Severe 4-5) P = 0.043 214 EUR 2003 Greisenegger et al79 

ITGB3 rs5918 3m mRS; GOS; BI BI 0.57 [0.37-0.89] 520 EUR 2011 Maguire et al 70 

MCP1 rs1024611 1m mRS (Good ≤1; Bad ≥2) NS 145 EUR 2013 Giannakopoulou et 
al80 

MMP2 

rs243866 

3m mRS (Good <2; Bad ≥2) 

1.67 [1.10-2.52] 

546 EUR 2010 Manso et al81 

rs243865 1.65 [1.09-2.50] 

rs1477017 1.42 [1.01-2.00] 

rs1053605 2.02 [1.09-3.75] 

rs2241145 1.66 [1.20-2.30] 

rs1992116 1.67 [1.20-2.31] 

15 SNPs NS 

MMP9 4 SNPs 3m mRS (Good <2; Bad ≥2) NS 546 EUR 2010 Manso et al81 

MPO rs2333227 Short term mRS 1.59 [1.07-2.36] 450 EUR 2001 Hoy et al82 

MTHFR rs868014 3m ∆NIHSS P = 0.001 500 AS 2017 He et al83 

NEIL1 rs4462560 Short term ∆NIHSS NS 320 AS 2016 He et al84 

NEIL3 rs12645561 Short term ∆NIHSS NS 320 AS 2016 He et al84 
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Gene SNP Phenotype OR [CI] or P N POP Year Reference 

NINJ2 
rs11833579 

12m mRS 
NS 

586 AS 2012 Kim et al85 
rs12425791 0.15 [1.01-0.04] 

NOS3 rs1799983 3m mOHS 5.75 [1.76-18.75] 108 EUR 2011 Ellul et al86 

OLR1 rs11053646 6m mRS (Good <2; Bad ≥2); 
BI (Good >85; Bad ≤85)  P = 0.004; P = 0.031 304 AS 2013 Zhang et al87 

OPN 

rs17524488 

12m mRS (Good <2; Bad ≥2) 

NS 

259 AS 2013 Jing et al88 rs11730582 P = 0.043 

rs28357094 NS 

PAI1 
rs72578597 3m mRS; GOS; BI NS 520 EUR 2011 Maguire et al70 

rs1799768 mRS (Good <2; Bad >2) P = 0.017 165 EUR 2010 Fernandez-Cadenas 
et al89 

PDE4D 
rs966221 

3m mRS (Good <2; Bad ≥2) 
1.19 [1.01-1.40] 

1,388 AS 2017 Song et al90 
rs918592 1.47 [1.14-1.89] 

PLAT rs63020761 3m mRS; GOS; BI NS 520 EUR 2011 Maguire et al70 

SIGMAR1 5 SNPs 3m mRS NS 3,081 EUR 2014 Lövkvist et al56 

TLR4 rs4986791, 
rs4986790 3m mRS (Bad >2) P = 0.01 113 EUR 2014 Weinstein et al91 

TP53 rs1042522 3m mRS (Good ≤2; Bad >2) 3.89 [1.63-1.28] 536 EUR 2011 Gomez-Sanchez et 
al92 

VEGF rs3025039 3m mRS (Good ≤1; Bad ≥2)  1.99 [1.18-3.37] 308 AS 2017 Zhao J et al93 

VKORC1 rs9923231 1m mRS (Good <2; Bad ≥2) NS 290 EUR 2013 Ragia et al94 

XRCC1 rs25487 Short term ∆NIHSS 0.57 [0.35-0.94] 320 AS 2016 He et al84 
 

SNP, Single Nucleotide Polymorphism; OR [CI], Odds Ratio [Confidence Interval]; P, p-value; POP, 
population; m, months; mRS, modified Rankin Scale; EUR, European; BI, Barthel Index; SSS, Scandinavian 
Stroke Scale; w, weeks; AS, Asian; y, years; GOS, Glasgow Outcome Score; NIHSS, National Institute of 
Health Stroke Scale; mBI, modified Barthel Index; ∆NIHSS, increase of NIHSS; mOHS, modified Oxford 
Handicap Scale. 
 
 
Studies on candidate genes have been successful and widely used some years ago to 
identify pre-specified genes of interest in relation to phenotypes or diseases. There has 
been no genetic locus in stroke disability yet described through a hypothesis-free 
association approach. 
Given the initial evidence from candidate gene results and technological advances in 
genetic analyses, an expanding range of new possibilities has emerged to explore the 
genetic factors, specifically single nucleotide variants (SNVs), involved in clinical 
recovery of stroke as well as other complex diseases. The application of larger and 
more powerful designs, such as GWAS and NGS techniques, is a relevant research 
priority to advance our understanding of the molecular basis of variability in stroke 
severity and outcome and stroke-related dependence. Each needs the development of 
a collaborative effort using a multi-level study design, large sample sizes and advanced 
laboratory and bioinformatical techniques. 
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1.2.3. Genome-wide association studies 
 
To date, GWAS, also known as whole genome association studies or WGAS, have been 
successful in identifying multiple genetic variants with small effect (SNPs) contributing 
to risk of complex and common phenotypes. Currently, the Catalogue of Published 
GWAS contains more than 2,880 publications and more than 30,000 unique SNP-trait 
associations available online at http://www.ebi.ac.uk/gwas/. 
 
GWAS platforms genotype a quantity of variants ranging from thousands to a few 
million providing broad coverage of the entire genome in a large cohort of affected 
individuals. These un-biased and non-hypothesis driven studies have enabled the 
detection of novel associations with risk of IS4,95,96. Genotyping arrays used in GWAS 
are designed based on common variants, capturing regions of genomic variation in the 
population. Therefore, thousands of well-phenotyped individuals are necessary to 
identify the risk loci and to minimize false positive findings. 
 
The International Stroke Genetics Consortium (ISGC), founded in 2007 to assemble 
genome-wide data in thousands of individuals with IS for collaborative meta-analyses, 
has identified various loci associated with IS risk and subtypes. In 2015, ISGC published 
the largest and most comprehensive study of ischemic stroke so far, including more 
than 38,000 IS cases and 400,000 controls. Variants on 1p13.2 near TSPAN2 gene, and 
variants in HDAC9 were exclusively associated with large artery atherosclerotic stroke, 
variants in PITX2 and ZFHX3 were significantly associated with cardioembolic stroke, 
and 12q24 locus near ALDH2 was found to be related to small artery stroke95. 
 
 
1.2.4. Exome sequencing studies 
 
Next generation sequencing technology allows the identification of multiple rare 
variants, which are those variants with minor allele frequencies (MAF) below 5% 
(Figure 5). Exome sequencing, also known as whole exome sequencing (WES) is an 
efficient strategy widely used to selectively sequence the coding regions of the entire 
genome for a single individual. The strategy is easily accessible due to its reduced cost 
compared to whole genome sequencing (WGS) and the availability of bioinformatics 
tools. As the human genome contains roughly 20,000 genes, and each gene an average 
of 9 exons with an average length per exon of 160 base-pairs, there are a total of 
180,000 exons per cell97, which means 28.8 billion bp covered by WES. 
 

 

http://www.ebi.ac.uk/gwas/
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Figure 5. Genetic architecture of complex diseases. 
 

 
(Image modified from: https://www.cancer.gov/types/breast/hp/breast-
ovarian-genetics-pdq). The graph contrasts the little relative risk associated 
with common and low penetrance SNPs discovered through GWAS, with the 
greater relative risk associated with rare and higher penetrance variants, 
identified with NGS. 

 
WES has been very successful in identifying rare causative and high penetrance 
mutations in single genes responsible for Mendelian genetic disorders. Nonetheless, 
large-scale sequencing studies have shown that part of the variation previously related 
to Mendelian diseases is in fact common in the population98. Currently, NGS techniques 
are being very utilized in detecting associations between rare variation and complex 
diseases, such as Alzheimer’s disease99. The WES technique is being applied both in 
research and clinical diagnostic. This technology has emerged as the next generation 
complementary approach to GWAS. It is expected to facilitate the refinement and deep 
exploration of regions identified by GWAS in order to obtain the truly associated 
variants and discover new isolated variants not well captured in current GWAS 
platforms. 
 

Figure 6. Cost per human genome. 
 

 
 

(Source: http://www.nature.com/news/china-s-bid-to-be-a-dna-superpower-1.20121). 

       GWAS 

NGS (WES) 

https://www.cancer.gov/types/breast/hp/breast-ovarian-genetics-pdq
https://www.cancer.gov/types/breast/hp/breast-ovarian-genetics-pdq
http://www.nature.com/news/china-s-bid-to-be-a-dna-superpower-1.20121
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Since 2008, new sequencing technologies have driven the costs of DNA sequencing 
down faster than the rapid improvement in microprocessor power, represented by 
Moore’s Law (Figure 6). 
 
 
1.3. EPIGENETIC STUDIES 
 
1.3.1. Epigenetics, concepts 
 
All the genetic variants reported thus far explain only a small contribution to the 
phenotypic variance of complex traits. Even the efforts of the international consortia to 
identify the genetic component of stroke risk have only identified loci explaining a 
small percentage of its heritability. The field of epigenetics is rising as one of the 
possible explanations for this missing heritability, but it is a dynamic mechanism that 
responds for gene-environment interactions100. Epigenetics is the study of potentially 
heritable changes in gene expression without altering the primary sequence of the 
DNA. Epigenetic mechanisms regulate higher-order DNA structure modifying the 
activation of specific genes. There are three main epigenetic mechanisms: 
 
1. DNA methylation (DNAm): is the most broadly studied and well-characterized 

epigenetic modification101. It dates back to 1969 with the experiments of Griffith 
and Mahler, suggesting DNAm could be critical for long term cell memory102. DNAm 
is the reversible addition of a methyl group to the 5-carbon position of cytosine in a 
cytosine-phosphate-guanine site (CpGs) to form 5-methylcytosine (Figure 7), 
mediated by DNMT (DNA methyltransferase) enzymes family. The dinucleotide CG 
is quite rare in mammalian genomes (∼1%) and clusters in regions known as CpG 
islands, frequently located on the promoter regions of genes. 70-80% of all CpGs in 
the genome are methylated, which is associated with gene silencing103 (Figure 8). 
In contrast, DNAm in the gene body does not block gene expression but it may 
even stimulate transcription elongation and it has a role in splicing. Thus, the 
position of methyl groups influences its relationship to gene control104. 
Hypermethylated regions in DNA are tissue-specific and conserved in human and 
mice. DNAm in repetitive sequence is also abundant and its function is to preserve 
chromosome stability by avoiding gene disruption. Given the dynamic nature of 
DNAm, epigenetics has been referred to as the interface between genome and 
environment100. 
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Figure 7. DNA methylation in a Cytosine. 

 
H, Hydrogen; N, Nitrogen; O, Oxygen; C; Carbon. 

 

2. Histone modifications: are the covalent post-translational modifications of histone 
proteins, including methylation, phosphorylation and acetylation. These changes in 
histones regulate gene expression by organizing the genome into euchromatin 
(active and transcription accessible DNA) or heterochromatin (inactive and 
compacted DNA, less accessible for transcription). Histone modifications also play a 
role in other biological processes such as chromosome packaging into nucleosome 
structures and DNA damage reparation. 

 
3. Non-coding RNA: is a functional group of diverse RNA molecules which are 

transcribed from DNA but not translated into proteins. Non-coding RNA can be 
divided into two groups: (1) Short ncRNAs (<30 nucleotides) which include 
microRNAs (miRNAs), small-interfering RNAs (siRNAs), and piwi-interacting RNAs 
(piRNAs) and (2) Long non-coding RNAs (>200 nucleotides). Their function is to 
regulate gene expression at transcriptional and post-transcriptional level. 

 
Figure 8. DNA methylation patterns in the genomic sequence. 

 
(Image modified from Portela & Esteller, 2010)103. a) CpG islands at promoters of genes are normally 
unmethylated, allowing transcription. Aberrant hypermethylation leads to transcriptional inactivation. b) 
The same pattern is observed when studying island shores, which are located up to 2 kb upstream of the 
CpG island. c) However, when methylation occurs at the gene body, it facilitates transcription, preventing 
spurious transcription initiations. In disease, the gene body tends to be demethylated, allowing 
transcription to be initiated at several incorrect sites. 
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1.3.2. Epigenome-wide association studies 
 
Genome-wide DNA methylation association studies, also called epigenome-wide 
association studies (EWAS) are nowadays of great scientific interest, both because they 
may help in the study of complex diseases and they can generate useful biomarkers for 
the diagnosis and prevention of these diseases. 
 
EWAS allow the assessment of almost half thousand (Infinium HumanMethylation450 
beadChip, 450k) or near a million (Infinium MethylationEpic BeadChip) of CpGs across 
the genome of an individual. This technology is based on commercialized Illumina 
arrays that detect methylation levels from fluorescence signals emitted by the probe 
after bisulfite-converting DNA. The bisulfitation converts the unmethylated cytosine 
into uracil. The 450k platform uses two different assays; Infinium I and Infinium II with 
a total of 485,577 probes. Infinium I consists of a probe hybridizing with uracil after the 
bisulfite treatment (unmethylated cytosine), and another probe hybridizing with 
cytosine (methylated cytosine resistant to bisulfite conversion). The signal is emitted in 
two colors; first probe in green and second in red. Infinium II uses degenerate 
nucleotides that allow one probe to hybridize with both the methylated and 
unmethylated cytosines after bisulfite conversion. It is possible to quantify the 
methylation according to the signal the probe emits. The green signals for methylated 
cytosines and the red signals for unmethylated cytosines. 
 
Methylation levels are estimated from the signals recorded with Infinium I and II 
according to the equations a) and b): 
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Where: Mi is the intensity of methylated probes, Ui is the intensity of unmethylated 
probes and α is a constant offset with values from 1 to 100. β-value (β) ranges from 0 
(completely unmethylated) to 1 (completely methylated). M-values (M) close to zero 
correspond to half-methylated probes. Positive M-values indicate more methylated 
than unmethylated cytosines, and negative M-values correspond to the opposite ratio. 
β-values are easier for the comprehension of biological implications, whereas M-values 
have better statistical properties105–107. 
 
Infinium I estimates better than Infinium II the extreme values according to β-value 
scale. Different properties between Infinium I and II results in different distributions 
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(Figure 9). In addition, the overall distribution does not reflect the true biological 
effect. To solve this problem, a quantity of normalizing methods have been developed, 
aiming to unmask the true biological differences by removing the source of 
experimental artefacts, random noise, and technical and systemic variation caused by 
both assays of the 450K108. 
 

Figure 9. Infinium I and II distributions. 
 

 
 
 
1.3.3. DNA methylation and complex diseases 
 
Several studies have shown that methylation patterns are indicative of an individuals 
susceptibility to different complex disease phenotypes in relation to global gene 
expression109. DNA methylation plays an important role in complex traits based on the 
following observations110: 

a) Genetic concordance between monozygotic twins is never the 100%. Twin 
studies have reported different methylation patterns in adult twins, whereas 
the child twins have very similar patterns. This is explained by differences in 
their life-style and environment111. 

b) Incidence of some diseases, such as diabetes and obesity, is increasing quickly. 
This suggesting an important effect of non-genetic factors, such as life-style 
and environment. 

c) Epidemiological studies have described epigenetic reprogramming during 
embryonic development. Exposition to different factors in the embryonic stage 
is related to the appearance of diverse diseases in the adult life. 
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Thus, it seems plausible that DNAm plays a role in the IS recovery process, which in 
turn is affected by the exposure of the patient to environmental factors. 
The availability of new technologies has helped in the study of DNAm through three 
different approaches: (1) Candidate gene studies; (2) Global DNAm studies; and (3) 
EWAS. 
 
There are plenty of published data revealing the association between DNA methylation 
and diverse complex phenotypes112,113. Moreover, a candidate gene study published 
five years ago presented results showing association between methylation levels in 
BDNF locus and IS outcome in 286 individuals of Asian ethnicity63. Despite it was not 
replicated, they suggested a clinical utility of BDNF epigenetic profile as a prognostic 
biomarker. However, no epigenetic study at genome-wide level has yet been described 
in relation to stroke outcome. 
 
 
 
1.4. GENE EXPRESSION STUDIES 
 
Gene expression is a dynamic process by which genes in the cell nucleus are activated 
to synthetize the proteins. It takes place as a consequence of the interaction of various 
molecular mechanisms, and it is modulated mainly by DNA methylation, besides other 
regulation mechanisms. 
The quantity and types of transcript molecules (messenger RNA, mRNA) in a cell 
explain the function and/or the tissue location of that cell. Every second, thousands of 
mRNAs are generated in each cell of the organism; from a single mRNA a quantity of 
proteins. For this reason, the main regulation step of gene expression occurs before 
the transcription, at the very beginning of protein synthesis. 
 
The advances in new technologies have revolutionized the analysis of gene expression. 
DNA microarrays enable the monitoring of thousands of RNA molecules 
simultaneously, helping to identify patterns in gene expression. These microarrays are 
contained in a glass slide embedded with thousands of DNA sequences, each one 
acting as a probe to hybridize with a specific gene. It is possible to determine which 
genes are activated or repressed under different physiological (cellular growth, 
division, senescence, etc.) or pathological conditions, such as IS, and also monitor the 
changes in gene expression at different times throughout the disease. 
 
Studying the gene expression is useful for predicting protein expression rates and 
functionality, because discovering genes with shared expression profiles (genes co-
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regulated) gives information about its function. Determining the genetic expression 
patterns is useful in understanding complex phenotypes, including IS114. Several 
publications have reported the association between differential expression patterns in 
blood and stroke subtypes115. The acute onset of an ischemic stroke is a stressful 
condition triggering a cascade of multiple metabolic reactions due to the increased 
expression of several genes. The activation of these genes in the acute phase modifies 
the response to stroke treatment and the mid-long term evolution of the patient.  
Finally, the integration of genome-wide and DNA methylation data with gene 
expression data would increase our knowledge about the processes involved in the 
recovery after stroke. 
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1.5. RATIONALE 
 
 
As stated in the introduction, initial stroke severity, stroke etiology and conventional 
risk factors determine differences in the recovery capacity between stroke patients. A 
relevant component of the inter-individual variation on functional outcome is still 
unclear. It is thought that genetic and epigenetic individual burden have an important 
role in determining susceptibility. Studying the genetic component of neuroplasticity 
and stroke outcome is of great scientific interest, but it also requires a very accurate 
phenotyping to deal properly with those factors that may interfere and hide the real 
genetic contribution.  
 
After the impressive advances in the various powerful techniques used in this project, 
which include arrays for genome-wide association, whole exome sequencing, genome-
wide DNA methylation, and gene expression studies, the knowledge regarding the 
molecular basis of variability in stroke severity and outcome, and stroke-related 
dependence will be improved. 
 
The identification of early outcome predictors is of prime importance for clinicians. 
Moreover, finding genetic biomarkers in the acute phase could help in the 
determination of individual risk of mortality and disability and could aid clinical care. 
Through improved predictive and diagnostic tools, a more comprehensive prognostic 
can be provided to patients and their families. The deeper understanding of the biology 
of stroke recovery could contribute to the identification of possible therapeutic targets, 
designing the most appropriate therapeutic strategies and improve the personalized 
rehabilitation therapies. 
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2.1.  HYPOTHESES 
 
The working hypotheses of this project are as follows: 

1. Common genetic variants contribute significantly to the brain’s response 
after ischemic damage. 

2. Some pathways and mechanisms involved in functional recovery remain 
unknown. 

3. The pathways and mechanisms involved in functional recovery could be 
modulated by DNA methylation through regulation of gene expression. 

 
 
2.2.  OBJECTIVES 
 
The global aim of this project is to identify the genetic and epigenetic background of 
ischemic stroke outcome. The specific aims of the project are as follows: 
 
Primary objectives: 

1. To identify new genetic variants and genes associated with degree of 
disability after ischemic stroke. 

2. To identify DNA methylation loci involved in the recovery process. 
3. To analyze if genes identified in objectives 1 and 2 are differentially 

expressed depending on stroke functional outcome. 
 

Secondary objectives: 
1. To test if a stricter phenotyping or a larger sample size improves discovery 

power. 
2. To assess possible synergies of genetic-convergence analysis between 

different approaches. 
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55 3.  Materials and Methods 

3.1. STUDY DESIGN 
 
The study was designed with the aim to discover the genomic contribution to ischemic 
stroke outcome through 3 different approaches: 
(1) The genetic approach, structured in two phases; the discovery phase and the 
replication phase. In the discovery stage, a meta-analysis of 4 individual genome-wide 
association studies of ischemic stroke cases was performed in order to detect common 
single nucleotide variants associated with 3 months functional status (mRS). In 
addition, an exome sequencing study comparing two groups of patients with extreme 
phenotypes, poor versus favorable outcome at 3 months, was also assessed to select 
the rare single nucleotide variants most associated with stroke outcome. 
 

Figure 10. Pipeline of the study design. 
 

 
 

MAF, minor allele frequency; GWAS, genome-wide association study; EWAS, epigenome-wide association 
study; GTEx, genotype-tissue expression. 
 
The second phase consisted in a replication analysis of the top SNVs identified in the 
first stage GWAS with 3 additional cohorts of IS cases. Then, a joint meta-analysis 
including the individual GWAS from both stages was performed to identify loci 
exceeding the genome-wide significance threshold (5×10-⁸). (2) An epigenome-wide 
association study was carried out to analyze the influence of DNA methylation of the 
acute stroke on the outcome at 3 months post-stroke. (3) And finally, a gene 
expression analysis with the candidate regions identified both on GWAS and EWAS 
studies was performed. (Figure 10). 
 



 
56 Genetic contribution to functional Outcome and Disability after Stroke 

3.2. GENOME-WIDE ASSOCIATION STUDY 
 
3.2.1. Study participants 
 
Caucasian patients were included in the Genome-Wide Association Study from 
different institutions members of the Spanish Stroke Genetic Consortium (Genestroke) 
(https://www.genestroke.com/) for the discovery phase. And either from the 
International Stroke Genetics Consortium (ISGC) (http://www.strokegenetics.org/) or 
the Genestroke Consortium for the replication phase. All patients had a diagnosis of IS 
fulfilling World Health Organization criterion, neuroimaging confirmation of stroke, and 
the required clinical data to enable phenotypic classification. Data was collected till 
2014 and analyzed retrospectively. Additional diagnostic work-up was performed when 
clinically indicated and a follow-up at 3 months after stroke was completed for all 
survivors. Ischemic stroke etiologic subtypes were classified according to Trial of Org 
10172 in Acute Stroke Treatment (TOAST) criteria6. 
 
 
Selection criteria for Genome-Wide Association Studies 
 
All subjects included in the GWAS met the following inclusion criteria: 

1. European descent ischemic stroke cases, aged > 18. 
2. Patients who suffered an acute ischemic stroke in the anterior vascular territory. 
3. Patients assessed by a neurologist during the acute phase of stroke. 
4. Functional independent status before the stroke (mRS) < 3. 
5. Initial stroke severity, evaluated with NIH stroke scale (NIHSS) > 4. 
6. Information of functional status at 3 months post-stroke (mRS). 
7. Demonstration of acute ischemic stroke in a neuroimaging study during the first 7 days 
after stroke. 
8. Lack of concomitant pathology that may compromise the short term survival of the 
individual or, under the investigator’s opinion, may make difficult the results interpretation. 
9. Capability and will from the patient or legal representative to provide an informed 
consent. 

 
Exclusion Criteria were: 

1. Patients in coma. A score of 2 or higher in conscience level section of the NIH stroke scale 
(1a) (see Annex Table 8.1.).  
2. Posterior vascular territory stroke. 
3. Lacunar stroke by TOAST (*). 
4. Evidence in the neuroimaging studies (Magnetic Resonance, MR or Cerebral Tac, CT) of 
cerebral neoplasm, cerebral edema, intraventricular, intraparenchymal or subarachnoid 

https://www.genestroke.com/
http://www.strokegenetics.org/
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hemorrhage (asymptomatic hemorrhagic transformation of an ischemic stroke is not 
considered as an exclusion criterion). 
5. “Other determined etiology” (unusual stroke) in TOAST. 
6. Recurrence of stroke during the follow-up period. 
7. Drug-addiction disorders 

 
(*) One important consideration referring to the inclusion of lacunar strokes and posterior 
territory strokes was taken into account. These locations show a very poor correlation between 
infarct size and the clinical symptoms, and so, functional outcome. A small lesion can be 
asymptomatic or show very severe symptoms with great disability just depending on a few 
millimeters in its location, as instance, affecting the internal capsule or not. In these cases, 
recovery processes, and tissue regeneration mechanisms could be hidden for this random 
location effect. In order to avoid it, and to minimize the vagueness in measuring the recovery 
degree, lacunar and posterior territory strokes were excluded. 
 
 
Cohorts included in the discovery phase: 
For the discovery phase, we used four independent GWAS of IS cases from eight 
different hospitals in Spain, and within the Genestroke Consortium. The genotyping 
array for each individual GWAS and their corresponding number of samples are listed 
in Table 4. 
 

1. GODS: For the Genetic contribution to functional Outcome and Disability after Stroke 
project, 993 IS individuals were included. Of these, 381 patients were recruited at 
Hospital del Mar (HM) from BASICMAR cohort (described in section 3.4.1.), 225 
patients were selected from the Hospital Universitari Son Espases in Mallorca (HUSE), 
and 394 samples were collected at Hospital Vall d’Hebron (HVH), which also included 
samples from 5 other centers: Hospital Clínic de Barcelona (HC); Hospital Universitari 
de Girona Doctor Josep Trueta (HG); Hospital de Sant Pau (HSP), Barcelona; Hospital 
Universitari Germans Trias i Pujol (Can Ruti) (HGTP), Barcelona; and Hospital de 
Basurto (HB), Bilbao. Samples were genotyped at the Genetic and Molecular 
Epidemiology Laboratory of McMaster University (David Braley Research Institute) in 
Ontario, Canada. 
 

2. SiGN-HM: For the Stroke Genetics Network (SiGN) study 930 IS patients were included 
from BASICMAR-HM cohort and genotyped at the Center for Inherited Diseases 
Research (CIDR) in Baltimore, USA. 
 

3. GenotPA: For the Genome-wide association in tissue Plasminogen Activator treated 
patients study, 240 consecutive Caucasian acute IS individuals, which were admitted to 
the emergency room and received rtPA at a standard dose of 0.9 mg/kg (10% bolus, 
90% of 1 hour continuous infusion) within 4.5 hours of symptoms onset, were 
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recruited between 2003 and 2008 at HVH and 5 more Spanish hospitals (HC, HG, HSP, 
HGTP, and HB)116. The 240 individuals were genotyped at Centro di Biomedicina 
Molecolare (CBM) in Trieste, Italy. 
 

4. GWALA: For the Genome-Wide Association in LeukoAraiosi project, 288 individuals 
from BASICMAR-HM with an IS recorded consecutively with available brain MRI were 
included to perform a semiautomatic volumetric measurement of leukoaraiosis based 
on FLAIR sequence in all the individuals. Samples were genotyped at the Progenika 
Biopharma in Bizkaia, Spain. 

 
After the GWAS QCs and applying selection criteria, a total of 555 subjects from the 
GODS GWAS, 369 from the SIGN, 182 from the GENOTPA, and 119 from the GWALA 
project, were obtained (Table 4). 

 
Table 4. Individual discovery GWAS and genotyping platforms used. 

 

Discovery phase N samples 

Study name Center of sample 
origin Genotyping platform Array Inclusion 

criteria 

GODS HM, HUVH, HUSE, HC, 
HSP, HG, HGTP, HB HumanCoreExome-12v1-1_a 993 555 

SIGN-HM HM HumanOmni5Exome-4v1 930 369 

GENOTPA HUVH, HSP, HC, HG, 
HGTP, HB HumanOmni2.5S-8 240 182 

GWALA HM HumanOmni2.5S-8 288 119 
Total   2,451 1,225 

 

For the Center of sample origin, hospital’s initials are described in GODS discovery GWAS, in the 
previous section. 

 
Cohorts included in the replication phase: 
For the replication phase, data came from 8 cohorts within the ISGC with already 
available genotyped samples and data on stroke outcome at 3 months. Three 
independent GWAS of IS from three cohorts that satisfied strictly all the inclusion 
criteria for this project were conducted. We provide herein details for the three 
restrictive criteria included cohorts: 
 

1. GENISIS: From the Genetics of Early Neurological InStability after Ischemic Stroke 
project, 356 individuals which met inclusion criteria for the GODS project were 
included in the replication. The GENISIS cohort consisted of IS cases aged > 18 with 
data on initial NIHSS (within 6 hours from onset of symptoms) and 24 hours (± 4h) 
NIHSS. The 356 samples were recruited from 5 hospitals in Spain: HVH, HM, HUSE, 
HGTP, and Hospital Clínico Universitario de Valladolid. 
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2. WUSTL: From the Washington University St. Louis (WUSTL, St.Louis, MO, USA) study, 
128 IS patients were selected for the GODS replication. WUSTL patient collection 
included IS cases, both first-ever and recurrent strokes, admitted to Barnes-Jewish 
Hospital–Washington University Medical Center for genetic studies starting from 2008. 
 

3. GASROS: From the Genes Affecting Stroke Risk and Outcomes Study of the 
Massachusetts General Hospital, 82 individuals were selected for the GODS replication. 
The GASROS study enrolled IS subjects as part of a single-center prospective cohort of 
consecutive patients with IS aged ≥18 years admitted to the Massachusetts General 
Hospital Stroke Unit (Boston, MA, U.S.A.) between 2003 and 2011 after presenting to 
the emergency department within 24 hours of symptom onset. 
 

We also performed an extended analysis (permissive joint meta-analysis), adding five 
cohorts that did not satisfy at least one inclusion criteria for this project. The reason for 
not fulfilling inclusion criteria of each cohort is given in the Results section, at the foot 
of the Table 10. (Description of these five cohorts is provided in Annex 8.2.). The 
genotyping platforms used and the total number of individuals per cohort included in 
the replication or joint analysis are shown (Table 5). 
 

Table 5. Discovery and Replication cohorts. 
 

Study phase Cohort Country of sample origin Genotyping platform N 

Discovery 

GODS* Spain HumanCoreExome-12v1 555 
SIGN-HM* Spain HumanOmni5Exome-4v1 369 
GENOTPA* Spain HumanOmni2.5S-8 182 

GWALA* Spain HumanOmni2.5S-8 119 

Replication 

GENISIS* Spain HumanCoreExome-12v1 356 
LUND Sweden HumanOmni5Exome-4v1 197 
JHH Australia HumanOmni5Exome-4v1 184 

LEUVEN Belgium HumanOmni5Exome-4v1 140 
WUSTL* MO, USA HumanCoreExome-12v1 128 

SAHLSIS Sweden HumanOmni5Exome-4v1 118 

GASROS* MA, USA HumanOmni5Exome-4v1 82 

ESS Scotland HumanOmni5Exome-4v1 52 

Joint   
*Restrictive 1,791 

  Permissive 2,482 
 

*Cohorts included in the restrictive Joint analysis. Replication cohorts: LUND cohort, Lund University, 
Sweden; HELSINKI cohort, Helsinki University Central Hospital, Finland; JHH cohort, John Hunter Hospital, 
University of Newcastle, Australia; LEUVEN cohort, UZ Leuven, Belgium; WUSTL cohort, Washington 
University St. Louis; SAHLSIS study, Göteborg, Sweden; GASROS cohort, Massachusetts General Hospital, 
Boston, USA; ESS study, University of Edinburgh, UK Biobank, Scotland. 
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3.2.2. Study variables 
 
3.2.2.1. Demographic and vascular risk factor variables 
 
Phenotypic, clinical and epidemiological variables were obtained from each institution 
during the acute phase of stroke, hospitalization and in the 3 months follow-up visit. 
Age, sex and vascular risk factors were recorded for every subject. Data was abstracted 
via patient or proxy interview, and medical chart review. VRF were coded according to 
the definitions of international guidelines117 as follows: arterial hypertension (evidence 
of at least 2 raised blood pressure measurements, systolic >140 mmHg or diastolic >90 
mmHg, recorded on different days before stroke onset, a physician diagnosis, or use of 
an anti-hypertensive medication), diabetes (evidence of two or more fasting blood 
glucose values ≥ 126 mg/dl, a physician diagnosis or use of diabetes medication), 
hyperlipidemia (HL, a physician diagnosis, a previous to IS recorded serum cholesterol 
concentration >220 mg/dl, or serum triglyceride concentration >150 mg/dl, and use of 
medication prescribed to control HL. Statin medication that was prescribed for an 
indication other than HL did not qualify patients for the diagnosis of HL), coronary 
artery disease (documented history of angina pectoris or myocardial infarction), atrial 
fibrillation (documented history or diagnosis during hospitalization), prior stroke 
(history of prior IS). 
Smoking habit was self-reported and classified in three categories: current smokers 
(smokers or gave up smoking <1 year before stroke), former smokers (gave up smoking 
>1 year and <5 years before stroke) and never smokers (never smoked or gave up 
smoking >5 years before stroke). 
 
3.2.2.2. Clinical and outcome variables 
 
Clinical outcome and recovery was evaluated in the control visit at 3 months after 
stroke by a neurologist through the modified Rankin Scale22,118 in a face interview (or in 
less than 25% of cases with telephonic interview). Initial stroke severity was assessed 
with the National Institutes of Health Stroke Scale119. Previous functional status was 
evaluated by mRS. Stroke etiologic subtypes were classified according to Trial of Org 
10172 in Acute Stroke Treatment (TOAST) criteria6. Reperfusion therapy such as the 
use of rtPA was also recorded. All patients followed the standard rehabilitation 
treatment after IS. 
Using the mRS scale at 90 days is the most common way to assess functional outcome 
in stroke research. The cut-off score of <3 (being able to look after his/her own affairs 
without assistance) distinguish between independence and dependent outcome120 and 
was used in the Exome Sequencing study to compare between these groups of 
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patients. The adjustment of the 3 months mRS for the baseline severity of the stroke 
measured by NIHSS is conceptually needed and is often applied in this kind of 
studies121,122. 
 
 
3.2.2.3. Genetic variables 
 
Figure 11 shows the workflow of the GWAS. 
 

Figure 11. Genome-wide association analysis workflow. 
 

 
 

SNVs; single nucleotide variants; QCs, quality controls; 1KG, 1000 genomes; P, p-value. 
 
 
Peripheral blood collection and DNA extraction: 
Whole peripheral blood was collected in 10 ml EDTA (Ethylenediaminetetraacetic acid) 
tubes during the acute phase of stroke for each patient. Genomic DNA was isolated 
from peripheral blood using the Chemagic Magnetic Separation Module I system 
(Chemagen, Germany) at IMIM-Hospital del Mar for the samples collected at HM from 
2005 to 2013. For the subsequent samples starting from 2014, DNA purification system 
PuregenTM (Gentra Systems) was used at Banco Nacional de ADN Carlos III- 
Universidad de Salamanca. Genomic DNA for GENOTPA project was collected at 
Hospital Vall d’Hebron and extracted by salting-out method or Ultraclean® BloodSpin® 
DNA Isolation Kit by Mobio (San Diego, USA) following the manufacturer’s 
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recommendations. At each site, all DNA extractions were performed at the same time 
and stored together at minus 80 ºC. DNA concentrations were quantified using 
Picogreen assay and nanodrop technology. The quality of DNA samples was assessed in 
agarose gels. 
 
Genotyping arrays: 
DNA samples were genotyped on various Illumina (San Diego, CA, USA) platforms 
detailed below: 
 

1. HumanOmni5Exome-4v1: It consists of a total of 4,511,703 variants, including 
1,084,398 (24%) “rs” SNPs, 3,178,220 (70%) ”kgp" (1000 Genomes Project) SNPs, 
231,910 (5%) exome SNPs, and 17,175 (0.4%) other SNPs. 

2. HumanCoreExome-12v1: With a total of 547,644 variants of which 265,919 are exome 
focused markers. 

3. HumanOmni2.5S-8 BeadChip: With a total fixed markers of 2,015,318. The 8-sample 
Omni2.5S BeadChip covers genetic variation down to 1% MAF and high-value regions 
of the genome, including targeted exonic content, MHC (Major Histocompatibility 
Complex) SNPs, and ADME (absorption, distribution, metabolism and excretion) genes. 
Number of SNPs with 10kb of RefSeq Genes= 1,160,001. Nonsynonymous SNPs (NCBI 
Annotated) = 57,360. MHC / ADME= 34,179 / 18,365. Sex Chromosomes (X / Y / PAR 
Loci) = 66,578 / 154 / 76. Mitochondrial =31. Indels / Multi-base Substitutions= 2,781. 

 
All of the arrays were based on the GRCh37 assembly of the human genome (Build 37) 
and compared against the June 2011 1KGP data release, ranging in size from 540,000 
sites to 4.5 M sites. In one Illumina chip, a thousand of copies of oligonucleotide probes 
for each SNP were attached to one bead. The beads were deposited in wells on a glass 
slide (BeadChip) and fluorescent signals detected the hybridization of the target oligo 
to the probe. Genotypes were assigned using the allele calling algorithms 
GenomeStudio version 2011.1 or Genotyping Module 1.9.4. A genotype quality score 
(Gencall) was calculated and a threshold of 0.15 indicated a “no call” genotype. The 
median call rate was 99.9%. 
 
 
GWAS quality controls and imputation 
 
The same stringent quality controls (QCs) pipeline was applied to each GWAS using 
PLINK v1.9 toolset123. 
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Sample QCs of individual cohorts: 
a) Sex discrepancies: Samples with mismatching data between genetic sex and 

phenotypic sex were removed. Homozygosity was estimated for the X chromosome in 
each sample. When the coefficient was > 0.8 (male) or < 0.2 (female) and the 
phenotype information indicated the other gender, the sample was removed. 

b) Missingness: Samples with high missingness, > 5%, were removed. 
c) Heterozygosity: Samples with heterozygosity < -0.3 were also excluded. 
d) Principal component analysis (PCA): PCA was used to check for ancestral homogeneity 

within each cohort, to identify ethnic outliers and to compute the principal 
components (PCs), sample eigenvectors, to use as covariates in the downstream 
association analyses in order to adjust for population stratification. PCA was performed 
with a high-quality set of SNPs according to missingness < 0.1% and minor allele 
frequency > 5%. The samples deviating substantially from the PC1 and PC2 values were 
considered outliers and were removed (see Annex 8.3.). Individual identity-by-state 
(IBS) distance was also tested, performing MDS plots with PCs. 

 
SNP QCs of individual cohorts: 

a) Missingness: SNPs with high, > 10% missings were excluded. 
b) Frequency: All the SNPs with minor allele frequency (MAF) < 1% were removed, 

because they are rare variants and showed excessive genomic inflation. 
c) Genotype call rate: SNPs with genotyping call rate < 95% were excluded. 
d) Hardy-Weinberg equilibrium (HWE): SNPs with HWE p-values < 1 x 10-6 were excluded 

from the analyses. 
e) A/T and C/G SNPs: A/T and C/G SNPs comprised a small percentage of all the SNP data 

and were excluded to avoid downstream strand problems. All alleles must be on the 
positive strand for imputation and for A/T or C/G SNPs with frequencies between 40 
and 60% it is ambiguous to determine which strand the allele is on. 

f) Indels: All indels were removed from the analysis. 
g) Duplicate markers: All the duplicated markers within a cohort were removed, keeping 

the marker with the better genotyping call rate. 
 
Imputation of genotyped data: 
Genotype imputation was performed using IMPUTE v2.3.0124 with 1000 genomes, CEU 
SNP panel reference (1KG phase 1 integrated variant set v3 build 37 (hg19), March 
2012 release)125 on each individual dataset at local computing facilities. Imputation is a 
bioinformatics approach that infers missing genotypes from the genotyped markers of 
the array through genetic correlations defined in a reference panel. SHAPEIT126 is the 
software used to do the prephasing, the estimation of the haplotypes from genotyped 
data before running the imputation. 
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SNP QCs post-imputation: 
For the QCs after imputation, SNPs with imputation certainty <85%, r2 <30%, and also 
those SNPs with MAF <1% were removed. The program Gtool v0.7.5 
(http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool) was used for 
transforming imputed genotype data files, such as selecting a subset of individuals or a 
subset of SNPs or converting data formats for use with the programs SNPTEST and 
IMPUTE. 
 
 
3.2.3. Statistical analysis 
 
Bivariate analyses were performed to determine a priori the variables associated with 
3 months mRS for inclusion in the multivariate regression. For the bivariate analyses in 
SPSS version 18.0, baseline characteristics and 3 months mRS of IS patients were 
compared using either an ANOVA test for continuous variables, or and χ2 test for 
categorical variables. 
 
A multivariate linear regression was used to assess the association analyses with IS 
outcome at 3 months, which were performed using an additive model with SNPTEST 
v2.5.2 software127 in each cohort separately. Additive model give beta and standard 
errors for each SNP, where the beta values estimate the increase in log-odds that can 
be attributed to each copy of one of the alleles.  
The 3 months mRS was the dependent variable and it was treated as a continuous 
variable, due to the loss of power to detect association when it is used as a 
dichotomous variable. 
The multivariate analyses were adjusted for clinical severity at discharge measured by 
NIHSS, stroke etiologic subtype by TOAST, age at stroke onset, sex, smoking status and 
the two first PCs. The PCs were used as covariates to reduce possible biases of 
population stratification. NIHSS at discharge was used instead of initial NIHSS plus the 
use of reperfusion therapy due to GENOTPA cohort consisted only of individuals 
treated with rtPA. As it was not possible in this cohort to adjust for reperfusion 
therapy, NIHSS at hospital discharge was a better covariate for the multivariate model. 
 
In the replication phase, as well as in the joint analyses, associations were adjusted for 
the same variables used in the discovery. However, for most of the participating 
cohorts in the replication, NIHSS at discharge was not recorded (5/8 cohorts). In those 
cases, analyses were adjusted for initial stroke severity (initial NIHSS) and the use of 
reperfusion therapy in the acute phase of stroke, if the variable was provided. Those 

http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool
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analyses are described onwards as permissive joint analyses, in contrast to the 
restrictive joint analyses. 
The statistical power was estimated through the absolute effect of each allele that 
could be considered as statistically significant under 80% of power and using an alpha 
risk of 0.05/number of SNPs, in a two-sided test. 
 
Genome-wide association meta-analysis 
 
Using the association testing results from SNPTEST, only the common variants between 
the individual GWAS were joined into a weighted z-score meta-analysis using METAL128, 
version released on 2011-03-25. The program METAL is used to meta-analyze 
individual genome-wide association studies combining test statistics and standard 
errors or p-values taking the sample size and the direction of effect into account, 
without decreasing the efficiency compared to the analysis of a merged dataset of 
individual cohorts. METAL is an appropriate alternative to the direct analysis of merged 
data, especially when the individual studies cannot be analyzed together due to ethnic 
or phenotypic differences or constraints in sharing the individual level data. 
The Manhattan and quantile-quantile (Q-Q) plots were obtained in R, version 3.2.0 
with the packages qqman (https://CRAN.R-project.org/package=qqman) and ggplot2 
(https://CRAN.R-project.org/package=ggplot2). 
We also used LocusZoom (http://csg.sph.umich.edu/locuszoom)129 to generate the 
regional association plots in relation to linkage disequilibrium (LD) between SNPs. The 
genome-wide significance was set at P<5x10-8. 
 
Meta-analyses were performed in three stages consecutively: 
 

1. Discovery meta-analysis: 4.48 million common SNPs among the four individual 
GWAS (GODS, SiGN-HM, GENOTPA and GWALA) and 1,225 individuals were 
meta-analyzed for 3 months IS outcome. 
 

2. Replication meta-analysis: The most significant SNPs from the discovery meta-
analysis, meaning all those SNPs reaching a significance of P <1x10-5, were 
selected for replication, resulting in a list of 79 variants. The three replication 
cohorts which met all the criteria for restrictive analysis; GENISIS, WUSTL and 
GASROS, with a total of 566 individuals, were meta-analyzed to confirm the 
results found in the discovery GWAS. 
 

3. Joint meta-analysis: Joint analyses were performed, due to the joint approach 
has proved to be more efficient than the replication alone in increasing the 

https://cran.r-project.org/package=qqman
https://cran.r-project.org/package=ggplot2
http://csg.sph.umich.edu/locuszoom
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power for discovery130. A total of 79 SNPs and 2,482 (12 cohorts) or 1,791 (7 
cohorts) individuals, according to a permissive or a restrictive joint meta-
analysis respectively, were included. Restrictive joint included all those cohorts 
fulfilling accurately inclusion and exclusion criteria for this project and which 
had data on NIHSS at discharge. All the SNPs with p-values <5x10-8 were 
considered statistically significant arbitrarily for a genome-wide approach. 

 
 
Gene-based association analysis 
 
The post-GWAS analysis consisted of a gene-based genome-wide association test (or 
burden test). VEGAS-2, Versatile Gene-based Association Study-2 testing package, 
version 16:09:002, was used to cluster all the SNVs from the joint meta-GWAS in or 
within 50 kilobases (kb) of a gene into a p-value for that particular gene. VEGAS 
algorithm performs gene based tests using simulation approach. All the SNVs with MAF 
>1% from 1KGP are assigned to genes based on hg19 assembly131. We put the 
statistical significance threshold based on Bonferroni correction (P < 0.05/N) being N 
the total number of genes analyzed in VEGAS. 
 
 
 
3.3. EXOME SEQUENCING STUDY 
 
3.3.1. Study participants 
 
Individuals with ischemic stroke were recruited from two different institutions from 
Barcelona. With the aim of identifying the rare genetic variation underlying 3 months 
functional outcome after IS, we selected patients with extreme phenotypes according 
to the following criterion: 
 

- Good outcome: Independent or favorable outcome (control group), with mRS 
at 3 months = 0-1. 

- Bad outcome: Extreme disabled or poor outcome (case group), with mRS at 3 
months = 3-5.  

 

They were matched according to initial clinical severity with NIHSS, basal functional 
level (previous mRS), stroke subtype by TOAST, age, and sex, resulting in a total of 90 
unrelated individuals (70 patients from the BASICMAR- Hospital del Mar cohort, and 20 
patients from the Hospital de la Vall d’Hebron cohort). 
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Selection criteria for exome sequencing study 
 
All subjects included in the exome sequencing study met the following inclusion criteria: 

1. Patients who suffered an anterior territorial ischemic stroke (PACI in Oxford 
classification). 
2. Patients assessed by a neurologist during the acute phase of stroke. 
3. Previous Modified Rankin Scale (mRS) scoring 0. 
4. Initial stroke severity, evaluated with NIH stroke scale (NIHSS) >6 and <15. 
5. Demonstration of acute ischemic stroke in a neuroimaging study during the first 7 days 
after stroke. 
6. Capability and will from the patient or legal representative to provide an informed 
consent. 
7. Lack of concomitant pathology that may compromise the short term survival of the 
individual or, under the investigator’s opinion, may make difficult the results interpretation. 

 
Exclusion Criteria for exome sequencing study were: 

1. Patients in coma. A score of 2 or higher in conscience level section of the NIH stroke scale 
(1a).  
2. Posterior vascular territory stroke. 
3. Lacunar stroke.  
4. Evidence in the neuroimaging studies (MR or CT scan) of cerebral neoplasm, cerebral 
edema, intraventricular, intraparenchymal or subarachnoid hemorrhage (asymptomatic 
hemorrhagic transformation of an ischemic stroke is not considered as an exclusion 
criterion). 
5. Drug-addiction disorders. 
6. Recurrence of stroke during the follow-up period. 

 
3.3.2. Study variables 
 
Vascular risk factors and clinical and outcome variables were the same as previously 
described (see section 3.2.2.1. and 3.2.2.2.). 
 
Genetic variables 
 
Peripheral blood collection and DNA extraction were previously described (see section 
3.2.2.3.). 
High-quality genomic DNA from 90 unrelated samples was obtained from peripheral 
blood lymphocytes using standard protocols and analyzed for quantity using Qubit® 2.0 
Fluorometer (Life Technologies, CA, USA). 
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Figure 12. Exome sequencing analysis workflow. 
 

 
 
 
Capture and multiplexed sequencing 
 
Exome sequence capture from pooled libraries was carried out following the 
instructions of the NimbleGen SeqCap EZ Library SR User’s Guide v3.0 (Roche, Inc., 
Madison, WI, USA) that is available for free download. Pooled libraries were prepared 
using the TruSeqTM DNA Sample Preparation v2 Kits (Illumina, Inc., San Diego, CA, USA). 
This liquid capture design covers the exome at a density of 64 Mb of genomic DNA. This 
includes all the known exons and flanking regions of genes from RefSeq, RefGene, CDS, 
CCDS, and miRBase v14 databases, plus coverage of 97% Vega, 97% Gencode, and 99% 
Ensembl databases. 
The SeqCap EZ Exome Library v3.0 product covers more than 20,000 genes in the 
human genome. The following sources provide information about the genes: NCBI 
Reference Sequence (RefSeq) RefGene from UCSC (GRCh37_CDS_06092011); CCDS.2 
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from NCBI GRCh37_20110422; Vega (GRCh37_CDS_42); Gencode (GRCh37_CDS_v3C); 
Ensembl (GRCh37_CDS_v63); miRNAs from miRBase v16; miRNAs from snoRNABase v3.  
 
Sample preparation and library construction: 
(See Figure 12) 
 
Briefly, genomic DNA (1.1 µg) from peripheral blood was sheared using a Covaris S2 
instrument (Covaris, Inc., Woburn, MA, USA). To obtain fragments of approximately 
200-300 bp with 3’ and 5’ overhangs, DNA was resuspended in 55 μl of 1X low EDTA TE 
(10 mmol/L Tris/0.1 mmol/L EDTA) and it was exposed for 2 min using frequency 
sweeping mode with duty cycle 10%; intensity 5.0 units; 200 cycles per burst at a 
temperature of 5.5-6°C; and 18W of power. Then, DNA fragmented samples were 
subjected to three enzymatic steps: end repair, A-tailing, and ligation to Illumina 
paired-end indexed adapters, as outlined in the DNA TruSeq protocol. All purification 
steps between the enzymatic reactions were carried out with AMPure XP beads 
(Beckman Coulter). 
These steps were followed by indexing and amplification by polymerase chain reaction 
(PCR) for seven cycles with the TS-PCR oligos 1 and 2. PCR products were cleaned using 
the QIAquick PCR Purification Kit (Qiagen, Hilden, Germany) and quantified by a DNA 
7500 chip on a Bioanalyzer 2100 instrument (Agilent Technologies, CA, USA). 
Then, the DNA libraries were pooled, obtaining a total of 17 pools with 16 pools of 5 
samples and one pool of 4 samples, for in-solution hybridization to a custom 
NimbleGen SeqCap EZ Exome Library of complementary DNA biotinylated 
oligonucleotide. After 72 hours of hybridization at 47°C, the library was purified by 
incubation with streptavidin-bound T1 Dynabeads (Life Technologies) and washed with 
increasing stringency to remove nonspecific binding. Then, each library pool was PCR-
amplified for 17 cycles with the TS-PCR oligos 1 and 2. After PCR amplification, the 
library pools were cleaned using QIAquick PCR Purification Kit and quantified by a high-
sensitivity chip on a Bioanalyzer 2100 instrument.  
 
Sequencing: 
Sequencing was performed with 2x100 bp paired-end reads and a 6 bp index read 
using SBS v3 chemistry on a HiSeq 2500 equipment (Illumina), where each pool was 
sequenced on one lane of the machine. 
The 64 Mb design of NimbleGen SeqCap EZ Exome v3.0 achieves 10X coverage of 90% 
of its targeted bases with 4 Gb of mappable reads. Exome sequencing was performed 
aiming at a 30-40X coverage which is sufficient to detect with confidence SNPs and 
indels. NGS runs were performed at the ultrasequencing unit of Centro Nacional de 
Análisis Genómico (CNAG, Barcelona, Spain). 
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Data quality controls and bioinformatics analysis of rare variants 
 
All the bioinformatics tools in this study were run using standard parameters unless 
stated otherwise. Image analysis, base calling, and de-multiplexing on each lane of data 
were performed using Illumina’s Sequencing Analysis Pipeline version 1.7.0.  
The resulting FASTQ files underwent an in-house developed pipeline performing the 
following steps (see Figure 12): 
Sequence reads were aligned to the human reference genome (UCSC NCBI36/hg19) 
using the Burrows-Wheeler Aligner (bwa aln) v0.5.9132, allowing for six mismatches and 
one gap of up to 20 bp. Alignments in SAM (Sequence Alignment Map) format were 
generated using bwa sampe (http://bio-bwa.sourceforge.net), sorted by genome 
position and converted to BAM (Binary Alignment Map) format using samtools v0.1.16 
(http://samtools.sourceforge.net). A local realignment around potential 
insertions/deletions and SNP clusters, a base-quality recalibration and duplication 
marking using the GATK (Genome Analysis Toolkit) pipeline133 and picard-tools 
(http://picard.sourceforge.net) were also performed. The resulting alignments were 
used as input for the variant prediction tool, GATK v3.3 HaplotypeCaller, limiting the 
calling to regions within 150 bp of the ends of the enriched targets. Variant calling was 
performed in all the samples simultaneously. 
 
Variant predictions were subsequently quality filtered using an in-house pipeline named eDiVa 
(exome Disease Variant discovery) based on: 

a) Average depth of coverage across samples: DP ≥ 10 reads. 
b) Average genotype quality across samples: GQ ≥ 30. 
c) Individual genotype quality: GQ ≥ 20. 
d) Average allele fraction across samples: AF ≥ 0.25. 
e) Individual allele fraction: AF ≥ 0.2. 
f) Fisher-strand bias: Top 10% biased variants were removed. 
g) Call rate > 0.8. 
h) GATK's VQSR quality filtering at a tranche filter level on 99.9. 

 
Coverage and target specificity were calculated with FastQC. Coverage ranged from 15 
to 50, with an average depth of coverage of 35 reads in the targeted regions, while 
average capture specificity was 81%.  
 
Functional annotation of high-quality variants was performed using eDiVa and 
Annovar134, providing a comparison of the predicted variants to the National Center for 
Biotechnology Information (NCBI), SNP Database build 139 (dbSNP), frequency 
information from the 1000 Genomes Project, the Exome-variant server 

http://bio-bwa.sourceforge.net/
http://samtools.sourceforge.net/
http://picard.sourceforge.net/
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(http://evs.gs.washington.edu/EVS) and the EXAC consortium 
(http://exac.broadinstitute.org), identifying conservation around variants with 
phastCons135, applying a segmental duplication filter, generating gene annotation 
(exon/intron/UTR) and identifying amino acid substitutions and splice-site variants on 
the basis of UCSC Genome Browser136 tracks, as well as creating multiple estimates of 
the impact of amino acid substitutions on the structure and function of proteins, 
including functionality prediction scores from Sift137, PolyPhen-2138, PhyloP139, 
MutationTaster140, MutationAssessor141 and Combined Annotation Dependent 
Depletion, CADD. CADD can be divided from 0 to 10 for SNVs with probably no 
functional effect; from 10 to 20 for SNVs with a possible effect; and CADD > 20 
indicates SNVs with deleterious effects for the protein synthesis142. 
 
Data was then used to perform a PCA to identify population substructure and 
detection of potential outliers. To this end, we used the calls from all synonymous and 
intronic SNPs. No population stratification was observed, therefore no samples were 
excluded. 
 
 
3.3.3. Statistical analysis 
 
Downstream analyses consisted of an enrichment analysis or collapsing test in RStudio 
(https://www.rstudio.com), with the in-house developed pipeline described below, 
aiming at the identification of genes with an accumulation of variants in either set of 
samples, 49 good outcome vs 41 bad outcome. Hence, a list of the most suggestive 
genes of being relevant for stroke functional outcome was obtained. 
Briefly, SNVs and indels from GATK file were filtered, selecting rare (MAF <5% / MAF < 
1%) coding indels and splicing, stop-gain, stop-loss and functionally relevant (CADD 
score > 10) SNVs. The resulting variants were collapsed by gene and enrichment of rare 
variants was performed by Sequence Kernel Association Test-Optimal, SKAT-O143. With 
SKAT-O the analysis was adjusted by PCs, diabetes and initial NIHSS. The algorithm 
provided nominal p-values as well as the Benjamini-Hochberg (BH) corrected p-
values144. 
The resulting gene lists were further manually examined to confirm variant distribution 
and, in some cases, to check variant calls by examination on Integrative Genomics 
Viewer (IGV) (http://software.broadinstitute.org/software/igv)145 or PCR validation, 
and for selecting the genes for the replication analyses. Genes with high variability or 
frequently mutated, which were previously reported146,147 were filtered out of the 
analysis. 
 

http://evs.gs.washington.edu/EVS/
http://exac.broadinstitute.org/
https://www.rstudio.com/
http://software.broadinstitute.org/software/igv/
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3.4. EPIGENOME-WIDE ASSOCIATION STUDY 
 
3.4.1. Study participants 
 
A total of 229 well-characterized ischemic stroke cases from the BASICMAR-HM cohort 
had DNA methylation data available to be included in the epigenome-wide association 
study with outcome at 3 months post stroke. 
Selection criteria were exactly the same as for Genome-wide association studies (see 
section 3.2.1.). 
 
The BASICMAR cohort, BASe de datos de ICtus del hospital del MAR (Ministerio de 
Sanidad y Consumo, Instituto de Salud Carlos III; FIS No. PI051737), is an ongoing 
prospective registry of all acute ischemic strokes since 2005148,149. BASICMAR includes 
clinical, serum and genetic bank of patients within the reference area of Hospital del 
Mar in Barcelona, currently comprising more than 7,000 individuals. 
 
3.4.2. Study variables 
Vascular risk factors and clinical and outcome variables were the same as previously 
described (see sections 3.2.2.1. and 3.2.2.2.). 
 
Epigenetic variables 
Peripheral blood collection and DNA extraction were previously described (see section 
3.2.2.3.). 
 

Figure 13. Epigenome-wide association analysis workflow. 
 

 
QCs, quality controls. 
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Array-based DNA methylation analysis  
(See Figure 13) 
 
Genomic DNA (1 µg) was bisulfite-converted using the EZ-96 DNA Methylation Kit 
(Zymo Research, Orange, CA, USA). Following the bisulfite conversion, amplification 
and hybridization steps were carried out, as well as the extension and staining. 
Genome-wide DNA methylation was determined using the Illumina 
HumanMethylation450 BeadChip (Illumina Netherlands, Eindhoven, Netherlands) 
following strictly the manufacturer’s protocol; the Infinium HD Assay Methylation 
Protocol Guide. This technology uses two different assays, Infinium I and Infinium II, 
which cover a total of 485,577 methylation CpG sites (CpGs) in 99% of RefSeq genes 
(21,231 genes)150. The arrays were scanned with the Illumina HiScan SQ scanner and 
processed in 2 batches at Progenika Biopharma in Bizkaia, Spain. Two duplicated 
samples were included in all the plates as an internal quality control for batch effect. 
The methylation levels were estimated as M-values, as described in the introduction 
(see section 1.3.2.). We choose M-values instead of β-values since they present better 
statistical properties105. 
 
 
Data quality controls and normalization 
 
Sample QCs: Standardized pipelines were used to preprocess methylation data108,151. The initial 
quality controls were performed using the Illumina GenomeStudio software version 2011.1 and 
methylation module version 1.9.0. All the samples with a detection rate <95% were removed 
and also the samples that did not pass either the independent tests (staining, extension, 
hybridization and target removal) or the dependent tests (bisulfite conversion, specificity, non-
polymorphic and negative controls). Samples with sex mismatch between the phenotypic sex 
and the DNA methylation levels on X-chromosome using the methylumi R package152 were also 
excluded. 
 
CpGs QCs: CpGs were assessed for quality excluding all the probes with a bead count < 3 in at 
least 5% of the samples. All the CpGs with a detection p-value > 0.05 in at least 1% of the 
samples and the cross-reactive probes were also removed, using the wateRmelon R package108. 
All the CpGs on sexual chromosomes were excluded to avoid sex bias. CpGs with a genetic 
polymorphism (SNP) of European ancestry and a frequency > 1% were also excluded to avoid 
polymorphism effects on the methylation levels. Methylation data was adjusted for background 
values and normalized with SWAN (Subset-quantile Within Array Normalization) using minfi R 
package153,154 to correct for technical and systematic variation between and within arrays. 
After filtering and quality controls, a total of 229 samples and 418,692 CpGs were included. 
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3.4.3. Statistical analysis 
 
A robust multivariate linear regression (RMLR) was used to assess the epigenome-wide 
association with outcome at 3 month, due to it is a suitable model to reduce the effect 
of sample outliers. The analyses were performed with MASS R package155. 
The methylation levels (normalized M-value) were defined as the independent variable 
and outcome at 3 months after IS (mRS) was the dependent variable. The analyses 
were adjusted for age, sex, smoking status, stroke etiologic subtype by TOAST, 
discharge NIHSS, estimated cell counts, and two surrogate variables. Surrogate 
variables were calculated with the aim to reduce the potential effects of non-measured 
variables in our cohort such as technical, environmental or demographic effects156, 
using the SVA R package157. White blood cell counts were inferred using the 
Houseman’s algorithm with minfi R package153,158 and included the counts for six 
different cell types: Natural killer cells or NK, B cells, monocytes, granulocytes, CD4+ 
and CD8+ T-cells. 
All the associations corrected for multiple comparisons according to Bonferroni 
criterion, which reach a P < 1.194x10-7 (0.05/418,692 CpGs analyzed after the quality 
controls) were considered statistically significant. 
The variables age, sex, smoking status and cell counts are known confounders in DNA 
methylation analyses and must be considered in the statistical analysis. 
All the analyses were performed using the R statistical package, version 3.1.2159. 
The statistical power was estimated through the absolute effect of each CpGs that 
could be considered as statistically significant under 80% of power and using an alpha 
risk of 0.05/number of CpGs, in a two-sided test. 
 
 
3.5. CANDIDATE GENE EXPRESSION STUDY 
 
3.5.1. Study participants 
 
Individuals with IS from the BASICMAR-HM cohort, which met the same inclusion 
criteria of the Genome and Epigenome-wide association studies (see section 3.2.1.), 
were included in the gene expression study. The aim was to identify if those genes 
discovered in the previous studies (GWAS and EWAS) were differentially expressed 
depending on time after stroke event. A total of 40 participants were included.  
 
3.5.2. Study variables 
Vascular risk factors and clinical and outcome variables were as previously described 
(see sections 3.2.2.1. and 3.2.2.2.). 
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Gene expression variables 
 
Peripheral blood collection and RNA extraction: 
Peripheral blood was collected in Paxgene tubes (QIAGEN) at three time points:  

1) 6 hours post-stroke 
2) 24 hours post-stroke 
3) 3 months post-stroke 

 
Total RNA was isolated from peripheral blood using the PAXgene Blood RNA extraction 
Kit (QIAGEN). RNA samples concentration was quantified by Nanodrop ND-1000 and 
quality check was performed using Bioanalyzer 2100. 
 

Figure 14. Gene expression analysis workflow. 
 

 
 

cDNA, complementary DNA; QCs, quality controls; PCA, principal component analysis. 
 
 
Array-based DNA expression analysis 
(see Figure 14) 
 
The whole transcriptome expression was assessed with the GeneChip Human Gene 2.0 
ST (Affymetrix). This microarray consists of more than one million probes, and 
approximately 21 probes per each RNA transcript, and allows the analysis of the whole 
genome expression, as well as the expression of 11,000 long intergenic non-coding 
RNAs (lincRNA). 
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The isolated RNA was analyzed at the Microarray Analysis Service from IMIM-Hospital 
del Mar with Ovation WB Solution commercial kit (NuGEN). 
Briefly, after RNA sample quality check, mRNA samples were converted to 
complementary DNA (cDNA) and labeled with a fluorochrome. An incubation step of 
the labeled cDNA with the microarray allows the hybridization, which took place at 
45ºC and 60 rpm at Affymetrix GeneChip Oven 645 for 16-18 hours. The next day, 
washing and staining steps were performed at the Affymetrix GeneChip Fluidics Station 
450. Finally, the array was scanned by the scanning-laser microscope Affymetrix 
GeneChip Scanner 3000 7G to detect fluorescence levels, generating the CEL data files.  
cDNAs from the study samples are always mixed with a reference sample of cDNA 
sequences labeled with a different color fluorescent dye. Both cDNAs from a particular 
fragment are competing to join the bounded-array probe. Thus, according to the color 
of one spot, we are able to detect which cDNA (reference or experimental) is more 
expressed160. 
 
Data quality controls and normalization 
 
The quality controls of CEL raw data were assessed using the Expression Console 
(Affymetrix) and R software. Expression Console includes processing and hybridization 
controls within the array, as well as the standardization and log2 transformation of the 
intensity signals. R software was used to normalize data using robust multi-array 
average method (RMA)161, and to perform the PCA. In addition, all those transcripts 
with SD < 30% were excluded. 
 
3.5.3. Statistical analysis 
 
After the data quality controls and normalization, only the genes statistically significant 
in the genome and epigenome-wide association studies (P <1x10-7) were assessed for 
differential gene expression analysis. The association analyses of the candidate genes 
with 3 months outcome were assessed with SPSS software (version 18.0), using a linear 
regression model adjusted for age, sex, stroke subtype and discharge NIHSS. The mRS 
at 3 months was treated as the dependent and continuous variable. 
 
Genotype Tissue Expression 
 
The online publicly available database of GTEx (Genotype Tissue Expression), released 
V6 (http://www.gtexportal.org/home/gene/) was used to check the median expression 
of the interesting genes found on the GWAS and EWAS analyses, on human body 
tissues162. 

http://www.gtexportal.org/home/gene/
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3.6. PATHWAY ANALYSES 
 
All the genes potentially significant, obtained in the GWAS, the gene-based test, the 
exome-sequencing analysis, and the EWAS approach, were combined using Ingenuity 
Pathway Analysis (IPA) with the aim to find synergies among the different omics used 
in this project. In order to identify pathways related to IS functional outcome, the 
relationships among a total of 75 genes were analyzed. 
The IPA software, (http://www.ingenuity.com/) (QIAGEN, Redwood City, CA, USA), 
helps to detect the canonical pathways, as well as the diseases and functions more 
represented with the input gene list. 
The statistical significance threshold for each of the pathway category was set at p-
values <0.05 after applying BH multiple testing correction, either for the canonical 
pathways or for the diseases and functions. 
 
 
 
3.7. ETHICS STATEMENT 
 
This study has been executed following the national and international guidelines 
(Deontological Code. Declaration of Helsinki) and legal regulations about data 
confidentiality of Spain (Ley Orgánica 15/1999 de 13 de Diciembre de Protección de 
Datos de Carácter Personal (LOPD)). 
All aspects of the study were approved by the local Institutional Review Board/ 
Institutional Ethic Committee for each center. All the participants or their approved 
proxy from the different cohorts provided their written informed consent for 
participation. 
 
This project fits with the recommendations and the methodological guidelines 
currently in force for genetic studies in complex diseases stated by: the Wellcome Trust 
Center for Human Genetics (WTCCC)163, the Broad Institute and Harvard University164, 
and the Nature journal165.  

http://www.ingenuity.com/
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4.1. GENOME-WIDE ASSOCIATION STUDIES 
 
4.1.1. Discovery genome-wide association studies 
 
After filtering by selection criteria, data quality controls, and meta-analyzing the 4 
individual GWAS, the study was composed of 1,225 individuals and 4,480,015 common 
SNP markers with MAF >1%. Figure 15 shows the 4 flowcharts with sample and SNP 
filters (before and after imputation) for each of the individual discovery cohorts. The 
final sample sizes for the different studies were 555 for the GODS cohort, 369 for the 
SIGN-HM cohort, 182 for the GENOTPA cohort and 119 for the GWALA cohort. The 
number of samples and SNPs lost is given in sequential application of the QCs in the 
order shown. 
 

Figure 15. Flowcharts of sample and SNP QCs for discovery GWAS cohorts. 
 

1. GODS; 2. SIGN-HM; 3. GENOTPA; 4. GWALA. The number of samples and SNPs lost is given 
for sequential application of the filters in the order given. 

 

 
 

QCs, quality controls; ind, individuals; SNPs, single nucleotide 
polymorphisms; PCA, principal component analysis; AF, Allele 
Frequency; Geno, genotype quality; HWE, Hardy-Weinberg 
Equilibrium; A/T and C/G, SNPs with A/T or C/G alleles excluded to 
avoid strand problems; indel, insertion-deletion. 
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QCs, quality controls; ind, individuals; SNPs, single nucleotide 
polymorphisms; PCA, principal component analysis; AF, Allele 
Frequency; Geno, genotype quality; HWE, Hardy-Weinberg 
Equilibrium; A/T and C/G, SNPs with A/T or C/G alleles excluded to 
avoid strand problems; indel, insertion-deletion. 

 
 
Clinical and demographic characteristics of the study population for each cohort are 
shown in Table 6. 
In the bivariate analysis (Table 7) that determined the adjusting variables for 
multivariate regression testing, 3 months mRS post-stroke showed significant 
association with age at stroke onset, NIHSS at stroke onset (initial NIHSS) and NIHSS at 
hospital discharge in all the study cohorts. Smoking status and stroke subtype by 
TOAST were significantly associated with mRS in the largest cohorts (GODS and SIGN-
HM). Sex, reperfusion therapy and hypertension were significant only in one cohort, 
respectively. 
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Table 6. Descriptive statistics for participants included in the discovery GWAS. 
 

  GODS SIGN-HM GENOTPA GWALA 
  N = 555 N = 369 N = 182 N = 119 
Mean age, years 72.3 ± 12.3 77.8 ± 10.6 72.8 ± 10.1 73.9 ± 12.7 
Sex, female 255 (45.9) 215 (58.3) 96 (52.7) 60 (50.4) 
Smoking status     
       Current smoker 166 (29.9) 78 (21.1) 29 (15.9) 31 (26.1) 
       Former smoker 0 (0) 58 (15.7) 0 (0) 18 (15.1) 
       Never smoker 389 (70.1) 233 (63.1) 153 (84.1) 70 (58.8) 
Hypertension 376 (67.7) 276 (74.8) 111 (61.0) 86 (72.3) 
Diabetes 153 (27.6) 129 (35.0) 35 (19.2) 39 (32.8) 
Hyperlipidemia 227 (40.9) 146 (39.6) 54 (29.7) 54 (45.4) 
Reperfusion therapy 284 (51.2) 176 (47.7) 182 (100.0) 36 (30.3) 
Initial NIHSS 12.7 ± 6.4 12.7 ± 6.7 15.4 ± 5.3 10.4 ± 6.2 
Discharge NIHSS 6.9 ± 6.9 9.3 ± 7.7 10.9 ± 9.7 6.3 ± 6.3 
TOAST     
       Cardioembolic 282 (50.8) 271 (73.4) 108 (59.3) 4 (3.4) 
       Atherothrombotic 107 (19.3) 92 (24.9) 39 (21.4) 115 (96.6) 
       Undetermined 166 (29.9) 6 (1.6) 35 (19.2) 0 (0) 
3 months mRS     
       mRS = 0 76 (13.7) 28 (7.6) 23 (12.6) 21 (17.6) 
       mRS = 1 97 (17.5) 37 (10.0) 37 (20.3) 22 (18.5) 
       mRS = 2 103 (18.6) 49 (13.3) 18 (9.9) 17 (14.3) 
       mRS = 3 98 (17.7) 55 (14.9) 22 (12.1) 24 (20.2) 
       mRS = 4 93 (16.8) 69 (18.7) 25 (13.7) 18 (15.1) 
       mRS = 5 35 (6.3) 17 (4.6) 17 (9.3) 2 (1.7) 
       mRS = 6 53 (9.5) 114 (30.9) 40 (22.0) 15 (12.6) 

 

Age and NIHSS are presented as mean value ± standard deviation. The values 
in parentheses are percentages. 

 
Table 7. Bivariate analysis between study variables and stroke outcome in discovery GWAS. 

 

  GODS SIGN-HM GENOTPA GWALA 
  N = 555 N = 369 N = 182 N = 119 
Mean age <0.001* <0.001* <0.001* 0.001* 
Sex 0.715 0.066 0.003* 0.317 
Smoking status 0.042* 0.005* 0.058 0.228 
Hypertension 0.001* 0.282 0.377 0.654 
Diabetes 0.133 0.106 0.179 0.852 
Hyperlipidemia 0.146 0.061 0.926 0.406 
Reperfusion therapy <0.001* 0.620 NA 0.192 
Initial NIHSS <0.001* <0.001* <0.001* <0.001* 
Discharge NIHSS <0.001* <0.001* <0.001* <0.001* 
TOAST 0.014* <0.001* 0.347 0.29 

 

 

* Indicates a statistically significant result. 
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Finally, in each individual GWAS, the multivariate linear regression analysis was 
adjusted for the two first genetic principal components (PCs) calculated in Plink, age, 
sex, smoking status, stroke subtype, and NIHSS at discharge. Genomic inflation is 
shown in the Q-Q plot (Figure 16), with a lambda = 1.032. 

 
Figure 16. Q-Q plot of the discovery meta-GWAS. 

 

 
 

X-axis is expected −log10 (p-values) under the null hypothesis. Lambda is the 
observed median χ2 test statistic divided by the median expected χ2 test statistic 
under the null hypothesis. 

 
The Manhattan plot with the 4.48 million SNPs from the discovery meta-analysis is 
shown in Figure 17. The results from the discovery meta-analysis are presented in 
Table 8 as the list of the SNPs selected for replication (P < 1×10−5). 
 

Figure 17. Manhattan plot of the discovery meta-GWAS. 
 

 
 

Association testing was performed using a linear regression model, adjusting for 
two first principal components, sex, age, smoking, stroke subtype and NIHSS at 
discharge. The red line shows the p-value at the threshold of 1×10−5. The blue line 
shows the GWAS significance threshold (P < 5x10-8). 
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Table 8. Discovery meta-analysis results for variants with P < 1x10-5. 
 

SNP Position Nearest gene SNP type MA MAF Effect 
Effect 
(80% 

power) 
SE P 

rs76221407 1:62597498 PATJ intronic G 0.03 0.42 0.48 0.07 1.08x10-8 
rs150862264 1:62597717 PATJ intronic C 0.03 0.41 0.48 0.07 1.54x10-8 
rs182008837 1:62572774 PATJ intronic C 0.03 0.40 0.47 0.07 1.83x10-8 
rs137999692 1:62558604 PATJ intronic A 0.03 0.38 0.47 0.07 6.76x10-8 
rs7235724 18:68765876 - intergenic G 0.07 -0.28 0.35 0.05 1.47x10-7 
rs17265639 18:68746879 - intergenic A 0.07 -0.28 0.35 0.05 1.82x10-7 
rs1154040 8:4279631 CSMD1 intronic A 0.09 -0.24 0.31 0.05 2.88x10-7 
rs2959180 8:4334618 CSMD1 intronic A 0.09 -0.22 0.29 0.04 5.81x10-7 
rs10887132 10:124093273 BTBD16 intronic C 0.22 0.17 0.22 0.03 6.26x10-7 
rs1632076 8:4341465 CSMD1 intronic C 0.10 -0.22 0.29 0.04 7.30x10-7 
rs118168181 1:62607374 PATJ intronic A 0.02 0.45 0.60 0.09 8.57x10-7 
rs117868983 1:62609296 PATJ intronic G 0.02 0.45 0.60 0.09 1.08x10-6 
rs76853128 1:62551959 PATJ intronic G 0.03 0.35 0.47 0.07 1.21x10-6 
rs1658821 8:4288640 CSMD1 intronic A 0.17 -0.17 0.23 0.03 1.38x10-6 
rs61882433 11:37371435 - intergenic A 0.08 -0.24 0.33 0.05 1.71x10-6 
rs74492991 1:62579158 PATJ intronic C 0.04 0.32 0.44 0.07 1.72x10-6 
rs75717958 1:62606736 PATJ intronic A 0.02 0.43 0.59 0.09 2.18x10-6 
rs7546744 1:62607134 PATJ intronic A 0.02 0.43 0.59 0.09 2.18x10-6 
rs7513982 1:62607616 PATJ intronic C 0.02 0.43 0.59 0.09 2.18x10-6 
rs17123133 1:62607850 PATJ intronic A 0.02 0.43 0.59 0.09 2.18x10-6 
rs7514107 1:62607768 PATJ intronic C 0.02 0.43 0.59 0.09 2.18x10-6 
rs141479296 1:62606233 PATJ intronic G 0.02 0.43 0.59 0.09 2.20x10-6 
rs11805802 1:62608584 PATJ intronic C 0.02 0.43 0.59 0.09 2.21x10-6 
rs10157504 1:62605920 PATJ intronic G 0.02 0.43 0.59 0.09 2.22x10-6 
rs74469018 1:62609947 PATJ intronic T 0.02 0.43 0.59 0.09 2.24x10-6 
rs77007585 1:62610022 PATJ intronic A 0.02 0.43 0.59 0.09 2.25x10-6 
rs11806656 1:62610238 PATJ intronic C 0.02 0.43 0.59 0.09 2.25x10-6 
rs7542598 1:62611149 PATJ intronic T 0.02 0.43 0.59 0.09 2.28x10-6 
rs2476186 1:62525779 PATJ intronic T 0.02 0.44 0.61 0.09 2.29x10-6 
rs61882436 11:37379416 - intergenic A 0.08 -0.24 0.33 0.05 2.29x10-6 
rs181432151 2:107079187 RGPD3 intronic C 0.02 0.59 0.82 0.13 2.82x10-6 
rs78921999 14:56944615 - intergenic A 0.20 -0.16 0.22 0.03 2.84x10-6 
rs11200556 10:124093821 BTBD16 intronic C 0.17 0.17 0.24 0.04 3.16x10-6 
rs140678563 6:50483682 RP11-524K22.1 intronic A 0.02 0.53 0.74 0.11 3.27x10-6 
rs1347754 8:4287150 CSMD1 intronic A 0.19 -0.16 0.22 0.03 3.29x10-6 
rs4478598 8:4287776 CSMD1 intronic A 0.17 -0.16 0.23 0.04 3.62x10-6 
rs61841992 10:29638106 - intergenic C 0.06 0.26 0.37 0.06 3.65x10-6 
rs8179646 2:157598678 - intergenic T 0.37 -0.13 0.18 0.03 3.87x10-6 
rs74419428 14:56944076 - intergenic G 0.20 -0.15 0.22 0.03 3.94x10-6 
rs79259565 14:56944201 - intergenic A 0.20 -0.15 0.22 0.03 3.98x10-6 
rs28360528 6:110291990 - intergenic A 0.16 0.17 0.24 0.04 3.00x10-6 
rs11158112 14:56945604 - intergenic G 0.20 -0.15 0.22 0.03 4.02x10-6 
rs74534022 14:56946144 - intergenic G 0.20 -0.15 0.22 0.03 4.02x10-6 
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SNP Position Nearest gene SNP type MA MAF Effect 
Effect 
(80% 

power) 
SE P 

rs79654554 14:56945995 - intergenic G 0.20 -0.15 0.22 0.03 4.03x10-6 
rs78053773 1:62534547 PATJ intronic A 0.02 0.43 0.61 0.09 4.16x10-6 
rs2498979 1:62530228 PATJ intronic C 0.02 0.43 0.61 0.09 4.25x10-6 
rs7742850 6:161758004 PARK2 intergenic A 0.24 -0.15 0.21 0.03 4.27x10-6 
rs1154051 8:4284227 CSMD1 intronic G 0.18 -0.16 0.23 0.03 4.30x10-6 
rs9650515 8:4277073 CSMD1 intronic T 0.09 -0.22 0.31 0.05 4.36x10-6 
rs62176993 2:157606799 - intergenic A 0.37 -0.13 0.18 0.03 4.43x10-6 
rs1217531 8:4276399 CSMD1 intronic T 0.08 -0.25 0.36 0.05 4.47x10-6 
rs75144513 14:56947199 - intergenic G 0.20 -0.15 0.22 0.03 4.55x10-6 
rs117335978 1:62606321 PATJ intronic T 0.02 0.41 0.58 0.09 5.07x10-6 
rs1472810 11:131522257 NTM intronic T 0.39 0.13 0.18 0.03 5.13x10-6 
rs148214823 11:37456412 - intergenic T 0.13 -0.18 0.26 0.04 5.76x10-6 
rs1217684 8:4325476 CSMD1 intronic T 0.09 -0.20 0.29 0.04 5.78x10-6 
rs11755635 6:110293321 - intergenic C 0.16 0.17 0.24 0.04 5.94x10-6 
rs2049746 18:68752998 - intergenic A 0.15 -0.17 0.24 0.04 5.95x10-6 
rs75352808 14:56944602 - intergenic G 0.20 -0.15 0.22 0.03 6.03x10-6 
rs117772948 15:34781941 GOLGA8A intronic T 0.09 0.22 0.32 0.05 6.15x10-6 
rs9436655 1:62526771 PATJ intronic T 0.02 0.41 0.59 0.09 6.24x10-6 
rs10791160 11:131519897 NTM intronic C 0.39 0.12 0.18 0.03 6.29x10-6 
rs12070254 1:62534225 PATJ intronic A 0.02 0.41 0.59 0.09 6.38x10-6 
rs140287847 1:62547535 PATJ downstream A 0.02 0.43 0.62 0.09 6.47x10-6 
rs61884476 11:37449079 - intergenic C 0.13 -0.18 0.25 0.04 6.58x10-6 
rs3798964 6:161772949 PARK2 intronic G 0.24 -0.14 0.21 0.03 7.49x10-6 
rs1857922 11:131520368 NTM intronic T 0.39 0.12 0.18 0.03 7.55x10-6 
rs11751776 6:110290678 - intergenic A 0.18 0.16 0.23 0.04 7.73x10-6 
rs147062844 15:72915628 RP11-1006G14.2 intronic G 0.05 0.29 0.43 0.07 7.78x10-6 
rs28654703 15:72911615 RP11-1006G14.1 downstream G 0.05 0.29 0.43 0.07 7.82x10-6 
rs1658822 8:4340037 CSMD1 intronic C 0.11 -0.19 0.28 0.04 8.00x10-6 
rs2875370 11:131514041 NTM intronic A 0.39 0.12 0.18 0.03 8.17x10-6 
rs118001855 13:110279131 - intergenic T 0.03 0.36 0.52 0.08 8.54x10-6 
rs1228293 8:4276452 CSMD1 intronic A 0.08 -0.23 0.33 0.05 8.65x10-6 
rs4937645 11:131519083 NTM intronic A 0.40 0.12 0.18 0.03 8.76x10-6 
rs11158105 14:56939826 - intergenic T 0.20 -0.15 0.22 0.03 9.05x10-6 
rs1725122 8:4339207 CSMD1 intronic G 0.11 -0.19 0.28 0.04 9.09x10-6 
rs2164350 3:118797771 IGSF11 intronic T 0.04 0.32 0.48 0.07 9.88x10-6 
rs11912032 22:18942199 - regulatory T 0.24 -0.14 0.21 0.03 9.98x10-6 

 

SNP, single nucleotide polymorphism; Position, chromosome: genomic coordinates according to human genome 
reference version 19 (build chr37/hg19); MA, minor allele; MAF, minor allele frequency; Effect, beta value for the 
association (positive and negative signs correspond to the direction of genetic effects) (same direction for all 
cohorts); Effect (80% power), absolute value of the effect that could be detected as statistically significant under 
80% power; SE, standard error of the association; P, p-value. 

 
Results revealed that mRS at 3 months was associated with 79 variants in 18 
independent genomic regions at P < 1×10−5. Best evidence was for 4 SNPs in PATJ gene 



 
88 Genetic contribution to functional Outcome and Disability after Stroke 

on chromosome 1: rs76221407 (P = 1.087x10-8); rs150862264 (P = 1.539x10-8); 
rs182008837 (P = 1.825x10-8); and rs137999692 (P = 6.757x10-8).  
The most striking variant, rs76221407, with odds ratio (OR) = 1.55; 95% CI (1.34-1.80), 
reached genome-wide significance threshold, P < 1.116x10-8 according to Bonferroni 
criterion (P < 0.05/4,480,015 analyzed SNPs). A forest plot and a regional association 
plot for rs76221407 are shown in Figure 18. 
All the SNPs exceeding 1×10−5 p-values (Table 8) were selected for replication in 
independent cohorts. 

 
Figure 18. Forest plot (A) and regional association plot (B) of rs76221407 

from discovery meta-analysis. 
 

 
 

A) Plot of effect size of the association with mRS across the 4 individual GWAS.  
B) Association of rs76221407 and other SNPs in the region were plotted with 
−log10 p-values (left y-axis) and estimated local recombination rate in blue (right y-
axis). The signals are distinguished by both color and shape. Linkage disequilibrium 
(r2) of nearby SNPs is shown by color gradient. 
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4.1.2. Replication GWAS 
 
All the common variants with P < 1×10−5 from the discovery meta-analysis of the 4 
genome-wide association studies (79 SNPs) were selected for replication in 8 
independent cohorts from the International Stroke Genetics Consortium. Descriptive 
statistics for the eight replication cohorts are provided in Table 9. Bivariate analyses 
(Table 10) between clinical variables and stroke outcome were performed for each of 
the replication cohorts, although the adjusting variables for the association testing 
were the same as in the discovery whenever this was possible. 
 
 

Table 9. Descriptive statistics for participants included in the replication GWAS. 
 

  GENISIS LUND† JHH LEUVENʇ WUSTL SAHLSISɟ GASROS ESSǂ 

  N = 356 N = 197 N = 184 N = 140 N = 128 N = 118 N = 82 N = 52 

Mean age, years 74.7±12.1 77.7±11.9 71.9±12.3 70.1±12.7 66.5±12.4 58.0±9.3 65.5±14.0 73.1±10.7 

Sex, female 175 (49.2) 112 (56.9) 94 (51.1)  63 (45.0)  52 (40.6)  41 (34.7)  27 (32.9) 25 (48.1)  

Smoking status                                                                                      

     Current smoker 14 (3.9)  34 (17.3)  32 (17.4)  34 (25.4)  37 (28.9)  52 (44.1)  26 (31.7) 19 (36.5)  

     Former smoker 62 (17.4)  70 (35.5)  54 (29.3)  34 (25.4)   0 (0)   0 (0)  38 (46.3) 17 (32.7)  

     Never smoker 280 (78.6) 93 (47.2) 98 (53.3)  66 (49.3)  91 (71.1)  66 (55.9)  18 (21.9) 16 (30.8)  

Reperfusion therapy 315 (88.5) 42 (21.3)  36 (19.8)  30 (21.4)  110 (85.9)  4 (3.4)  15 (18.3) NA 

Initial NIHSS 12.7±6.7 12.0±6.4 11.1±6.5 10.8±5.6 11.6±5.7 10.8±5.9 10.8±6.9 10.1±5.6 

Discharge NIHSS 6.8±7.0 NA NA NA 9.0±7.5 NA 3.4±3.1 NA 

TOAST                                                                                      

    Cardioembolic 177 (49.7) 145 (73.6) 83 (45.1)  67 (47.9)  63 (49.2)  41 (34.7)  50 (60.9) 19 (36.5)  
    Atherothrombotic 56 (15.7)  36 (18.3)  46 (25.0)  27 (19.3)  24 (18.8)  23 (19.5)  29 (35.4)  8 (15.4)  
    Undetermined 123 (34.6) 16 (8.1)  55 (29.9)  46 (32.9)  41 (32.0)  54 (45.8)  3 (3.7) 25 (48.1)  

3 months mRS                                                                                      

mRS = 0 80 (22.5)   0 (0)   4 (2.2)  19 (13.9)  32 (25.0)   3 (2.5)  12 (14.6)  2 (3.9)  

mRS = 1 59 (16.6)  50 (25.4)  41 (22.3)  28 (20.4)  24 (18.8)  14 (11.9)  24 (29.3)  7 (13.5)  

mRS = 2 54 (15.2)   0 (0)  55 (29.9)  30 (21.9)  17 (13.3)  38 (32.2)  15 (18.3)  7 (13.5)  

mRS = 3 64 (18.0)  36 (18.3)  30 (16.3)  21 (15.3)  25 (19.5)  43 (36.4)  11 (13.4) 11 (21.2)  

mRS = 4 56 (15.7)  36 (18.3)  24 (13.0)  27 (19.7)  12 (9.4)  17 (14.4)  9 (11.0)  2 (3.9)  

mRS = 5 12 (3.4)  31 (15.7)   9 (4.9)   5 (3.7)  13 (10.2)   2 (1.7)  0 (0)  8 (15.4)  

mRS = 6 31 (8.7)  44 (22.3)  21 (11.4)   7 (5.1)   5 (3.9)   1 (0.9)  11 (13.4) 15 (28.8)  
 

Age and NIHSS are presented as mean value ± standard deviation. Values in parentheses are percentages. 
†LUND cohort recorded mRS as one single category for mRS=0-2. LUND did not have information about 
principal components. ǂESS cohort did not provide reperfusion therapy variable. And mRS was recorded 
between 6 and 13 months, but not at 3 months. ɟSAHLSIS cohort did not record initial NIHSS, but acute 
NIHSS at hospital stay. They did not record previous mRS. ʇLEUVEN cohort did not record previous mRS. 
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Table 10. Bivariate analysis between study variables and outcome in replication cohorts. 
 

  GENISIS LUND JHH LEUVEN WUSTL SAHLSIS GASROS ESS 

  N = 356 N = 197 N = 184 N = 140 N = 128 N = 118 N = 82 N = 52 

Mean age 0.006* <0.001* 0.075 0.356 0.110 0.795 0.118 0.466 

Sex 0.028* <0.001* 0.543 0.089 0.182 0.744 0.416 0.342 

Smoking status 0.010* 0.021* 0.609 0.054 0.521 0.521 0.297 0.829 

Reperf. therapy <0.001* 0.117 0.258 0.705 0.153 0.802 0.403 NA 

Initial NIHSS <0.001* <0.001* <0.001* 0.017* 0.018* <0.001* 0.043* 0.142 

Discharge NIHSS <0.001* NA NA NA <0.001* NA 0.208 NA 

TOAST 0.918 0.034* 0.059 0.416 0.641 0.445 0.315 0.568 

* Indicates a statistically significant result. 
 
 
In order to test the genome-wide association with outcome at 3 months, a restrictive 
replication meta-analysis with only those cohorts that strictly fulfil selection criteria 
(GENISIS, WUSTL and GASROS) was performed. These three were the unique cohorts 
having all the covariates required for adjusting the multivariate regression model as 
described in the discovery, as they recorded and provided NIHSS at discharge. 
 
The replication meta-analysis with 356 individuals from the GENISIS, 128 individuals 
from the WUSTL, and 82 individuals from the GASROS cohorts reached a total of 566 
patients fulfilling strictly the inclusion criteria for this study. The meta-analysis was 
performed on 68 common variants from the initial 79 requested for replication (found 
in the discovery meta-GWAS). The 68 SNPs from imputed genetic data consisted in 17 
independent genomic regions. Among those, only 5 SNPs in PATJ loci showed nominal 
association with outcome at 3 months (P <0.05) with rs117335978 being the variant 
most strongly associated (P = 0.014) (Table 11). 
 
When adjusting the results for multiple hypothesis testing (Bonferroni correction), a p-
value below 0.05/17 independent loci (P <0.003) was considered significantly 
replicated. Therefore, none of the variants would be considered significant in 
agreement with Bonferroni’s criterion in the replication meta-analysis alone. 
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Table 11. Replication meta-analysis results for variants with P < 0.05. 
 

SNP Position Nearest gene SNP type MA MAF Effect Effect (80% 
power) SE P 

rs117335978 1:62140649 PATJ intronic T 0.02 0.37 0.69 0.15 0.014 

rs150862264 1:62132045 PATJ intronic C 0.03 0.31 0.60 0.13 0.017 

rs76221407 1:62131826 PATJ intronic G 0.03 0.31 0.60 0.13 0.017 

rs182008837 1:62107102 PATJ intronic C 0.03 0.31 0.60 0.13 0.018 

rs76853128 1:62086287 PATJ intronic G 0.03 0.31 0.60 0.13 0.018 
 

SNP, single nucleotide polymorphism; Position, chromosome: genomic coordinates according to human 
genome reference version 19 (build chr37/hg19); MA, minor allele; MAF, minor allele frequency; Effect, 
beta value for the association (positive and negative signs correspond to the direction of genetic effects) 
(same direction for all cohorts); Effect (80% power), absolute value of the effect that could be detected as 
statistically significant under 80% power; SE, standard error of the association; P, p-value. 
 
 
4.1.3. Joint GWAS 
 
Restrictive joint meta-analysis: 
A restrictive joint meta-analysis was performed including the four discovery cohorts 
and the three replication cohorts which were well phenotyped according to our 
selection criteria. The 3 cohorts included GENISIS, WUSTL and GASROS, which recorded 
and provided discharge NIHSS, as well as they also met all the inclusion criteria for a 
precise phenotyping. The final restrictive meta-analysis comprised a total of 1791 
ischemic stroke patients with genome-wide data and clinical outcome data at 3 months 
post-stroke. Significance threshold in the joint meta-analysis was equally defined than 
in the discovery cohort, at p-values below 1.116x10-8 (0.05/4,480,015 meta-analysed 
SNPs in the discovery). 
The analysis revealed strong genetic association between PATJ gene and 3 months IS 
outcome, obtaining p-values below 1x10-8 (Table 12). Joint analysis was more efficient 
than the replication alone in increasing the power for discovery of the PATJ gene, 
reaching p-values almost 10 times smaller than in the discovery. 
The most striking SNPs associated with outcome was very similar than in the discovery, 
with the best associated SNP rs76221407, with P = 1.72x10-9 and OR = 1.49, 95% CI 
(1.31-1.70) as shown in Figure 19. A forest plot of rs76221407 is given for each of the 7 
cohorts (Figure 19). 
 

Table 12. Restrictive joint meta-analysis results for variants with P < 5x10-8. 
 

SNP Position Nearest 
gene SNP type MA MAF Effect Effect (80% 

power) SE P 

rs76221407 1:62131826 PATJ intronic G 0.03 0.40 0.44 0.07 1.72x10-9 
rs150862264 1:62132045 PATJ intronic C 0.03 0.40 0.44 0.07 1.76x10-9 
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SNP Position Nearest 
gene SNP type MA MAF Effect Effect (80% 

power) SE P 

rs182008837 1:62107102 PATJ intronic C 0.03 0.39 0.43 0.07 2.93x10-9 
rs117335978 1:62140649 PATJ intronic T 0.02 0.46 0.54 0.08 1.96x10-8 
rs137999692 1:62092932 PATJ intronic A 0.03 0.36 0.43 0.07 2.98x10-8 
rs75717958 1:62141064 PATJ intronic A 0.02 0.47 0.55 0.08 3.71x10-8 
rs7546744 1:62141462 PATJ intronic A 0.02 0.47 0.55 0.08 3.71x10-8 
rs7513982 1:62141944 PATJ intronic C 0.02 0.47 0.55 0.08 3.72x10-8 
rs17123133 1:62142178 PATJ intronic A 0.02 0.47 0.55 0.08 3.72x10-8 
rs7514107 1:62142096 PATJ intronic C 0.02 0.47 0.55 0.08 3.72x10-8 
rs141479296 1:62140561 PATJ intronic G 0.02 0.47 0.55 0.08 3.77x10-8 
rs11805802 1:62142912 PATJ intronic C 0.02 0.47 0.55 0.08 3.78x10-8 
rs10157504 1:62140248 PATJ intronic G 0.02 0.47 0.55 0.08 3.80x10-8 
rs74469018 1:62144275 PATJ intronic T 0.02 0.47 0.56 0.08 3.86x10-8 
rs77007585 1:62144350 PATJ intronic A 0.02 0.47 0.56 0.08 3.88x10-8 
rs11806656 1:62144566 PATJ intronic C 0.02 0.47 0.56 0.08 3.88x10-8 
rs7542598 1:62145477 PATJ intronic T 0.02 0.47 0.56 0.08 3.95x10-8 
rs118168181 1:62141702 PATJ intronic A 0.02 0.47 0.56 0.09 3.98x10-8 

 

SNP, single nucleotide polymorphism; Position, chromosome: genomic coordinates according to 
human genome reference version 19 (build chr37/hg19); MA, minor allele; MAF, minor allele 
frequency; Effect, beta value for the association (positive and negative signs correspond to the 
direction of genetic effects) (same direction for all cohorts); Effect (80% power), effect that could be 
detected as statistically significant under 80% power; SE, standard error of the association; P, p-value. 

 

 
Figure 19. Forest plot of rs76221407 for the restrictive joint analysis. 

 

 
 

Plot of effect size of the association with mRS across the 7 cohorts. 
 
 

Permissive joint meta-analysis: 
A permissive joint meta-analysis was performed with all the replication cohorts 
together with discovery cohorts, although they did not meet exactly all the exclusion 
criteria for strict analyses (this is explained in detail at the bottom of Table 10). 
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The permissive joint meta-analysis included 12 cohorts, the 4 discovery GWAS and the 
8 replication cohorts from 8 different centres within the ISGC (Table 10).  
Due to the fact that most of cohorts did not record NIHSS at discharge, these analyses 
were adjusted for initial NIHSS and reperfusion therapy whenever possible. A total of 
2,482 individuals were incorporated. Results from this lax meta-analysis are shown in 
Table 13, revealing lower p-values for the top SNPs (rs76221407, P = 1.3x10-8) than 
restrictive joint analysis. Forest plot for rs76221407 is presented in Figure 20, with OR 
and 95% CI for each cohort. Overall OR was 1.48, 95% CI (1.30-1.68). 
 

Table 13. Permissive joint meta-analysis results for variants with P < 5x10-8. 
 

SNP Position Nearest 
gene SNP type MA MAF Effect 

Effect 
(80% 

power) 
SE P 

rs76221407 1:62131826 PATJ intronic G 0.03 0.37 0.43 0.07 1.30x10-8 
rs150862264 1:62132045 PATJ intronic C 0.03 0.37 0.43 0.07 2.46x10-8 
rs182008837 1:62107102 PATJ intronic C 0.03 0.36 0.43 0.07 2.80x10-8 

 

SNP, single nucleotide polymorphism; Position, chromosome: genomic coordinates according to human 
genome reference version 19 (build chr37/hg19); MA, minor allele; MAF, minor allele frequency; Effect, 
beta value for the association (positive and negative signs correspond to the direction of genetic effects) 
(same direction for all cohorts); Effect (80% power), effect that could be detected as statistically significant 
under 80% power; SE, standard error of the association; P, p-value. 
 
 

Figure 20. Forest plot of rs76221407 for the permissive joint analysis. 
 

 
Plot of effect size of the association with mRS across the 12 cohorts. OR, Odds 
Ratio; CI, Confidence Interval. 
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Table 14. Novel loci implicated in ischemic stroke outcome through genome-wide meta-
analysis for variants with P < 5x10-8. 

 

     
Discovery Replication Joint 

SNP Position Gene MA MAF Effect P Effect P Effect P 
rs76221407 1:62131826 PATJ G 0.03 0.42 1.08x10-8 0.31 1.7x10-2 0.40 1.72x10-9 
rs150862264 1:62132045 PATJ C 0.03 0.41 1.54x10-8 0.31 1.7x10-2 0.40 1.76x10-9 
rs182008837 1:62107102 PATJ C 0.03 0.40 1.83x10-8 0.31 1.8x10-2 0.39 2.93x10-9 
rs117335978 1:62140649 PATJ T 0.02 0.41 5.07x10-6 0.37 1.4x10-2 0.46 1.96x10-8 

SNP, single nucleotide polymorphism; Position, chromosome: genomic coordinates according to human 
genome reference version 19 (build chr37/hg19); MA, minor allele; MAF, minor allele frequency; Effect, 
beta value for the association; P, p-value. 
 
 
Finally, Table 14 shows the novel loci associated with 3 months IS outcome which 
shows overlapping significant results among the discovery phase, the replication phase 
and the restrictive joint meta-analysis, showing their corresponding effects and p-
values. 
 
 
4.1.4. Gene-based association analysis 
 
The gene-based association study with VEGAS-2 also revealed PATJ locus as 
significantly associated with the outcome at 3 months. In the gene-based analysis, the 
4.48 million genetic variants from the discovery meta-GWAS were clustered in 23,972 
genes, of which the only significant gene was PATJ with a p-value of 1.99x10-6 (Table 
15). Significant p-value threshold was set under 2.086x10-6 (0.05/23,972 genes). 
The results are given for genes with P < 5x10-4 (Table 15). The 13 resulting loci are 
potentially related to stroke prognosis at 3 months, with clear evidence in PATJ locus. 
 

Table 15. Gene-based results from the Discovery GWAS with P < 5x10-4. 
 

Gene Chr N SNP Start Stop Top SNP Top SNP P P 
PATJ 1 1079 62158148 62679591 rs76221407 1.08x10-8 1.99x10-6 
PLEKHA1 10 326 124084093 124241871 rs10887132 6.26x10-7 5.40x10-5 
BTBD16 10 347 123980820 124147676 rs10887132 6.26x10-7 7.10x10-5 
CSMD1 8 682 2742874 4902328 rs1154040 2.88x10-7 7.90x10-5 
GPR6 6 116 110249458 110351923 rs28360528 3.00x10-6 1.28x10-4 
MIR1233 15 90 34770490 34870572 rs117772948 6.15x10-6 1.44x10-4 
MIR630 15 67 72829557 72929654 rs147062844 7.78x10-6 1.57x10-4 
GOLGA6B 15 72 72897037 73009738 rs147062844 7.78x10-6 1.83x10-4 
ARIH1 15 147 72716666 72928896 rs147062844 7.78x10-6 2.52x10-4 
LYZL1 10 310 29527989 29650158 rs61841992 3.65x10-6 3.23x10-4 
GOLGA8B 15 207 34767483 34925771 rs117772948 6.15x10-6 3.55x10-4 
GPHB5 14 150 63729548 63835593 rs1255580 1.25x10-5 4.35x10-4 
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Gene Chr N SNP Start Stop Top SNP Top SNP P P 
RLF 1 141 40577040 40756593 rs72670604 1.32x10-5 4.64x10-4 

 

Chr, Chromosome; N SNP, number of SNPs in or within 50kb of the gene; Start/Stop, 
genomic coordinates according to human genome build chr37/hg19; Top SNP, SNP with 
the lowest p-value; P, p-value. 

 
 
 
4.2. EXOME SEQUENCING STUDY 
 
The whole sample for exome sequencing analysis comprised 90 stroke patients, 
fulfilling criteria for good outcome (N = 49) and bad outcome (N = 41). Detailed 
characteristics for both subgroups of individuals are listed in Table 16, as well as the 
comparative statistics between bad and good outcome groups for each of the clinical 
and demographic variables. Individuals were matched among groups according to 
initial stroke severity, stroke subtype, basal functional level, age and sex. However, 
after selecting the individuals for inclusion in the study with restrictive criteria, 
diabetes and initial NIHSS were significantly different between groups. Hence, SKAT-O 
tests were adjusted for the two first principal components, initial NIHSS and diabetes. 
 

Table 16. Descriptive statistics for participants included in the Exome Sequencing study 
comparing good vs bad outcome. 

 

  Bad outcome Good outcome   
  N = 41     N = 49     P 
Hospital, HM 30 (73.2)  39 (79.6)  0.640 
Mean age, years 74.4 ± 9.5 73.3 ± 9.1 0.561 
Sex, female 20 (48.8)  24 (49.0)  1 
Smoking status 

  
0.429 

       Current smoker 9 (22.0) 11 (22.4) 
        Former smoker 7 (17.0) 4 (8.2) 
        Never smoker 25 (61.0) 34 (69.4) 
 Hypertension 27 (65.9)  34 (69.4)  0.896 

Diabetes 16 (40.0)  8 (16.3)  0.024* 
Hyperlipidemia 12 (30.0)  24 (49.0)  0.110 
Reperfusion therapy 6 (15.0)  10 (20.4)  0.701 
Initial NIHSS 10.4 ± 2.1 9.4 ± 2.4 0.036* 
TOAST 

  
0.806 

       Cardioembolic 20 (48.8)  22 (44.9)  
        Atherothrombotic 11 (26.8)  12 (24.5)  
        Undetermined 10 (24.4)  15 (30.6)    

 

Age and NIHSS are presented as mean value ± standard deviation. Values in 
parentheses are percentages. * Indicates a statistically significant result. 
HM, Hospital del Mar. 
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Different analyses were performed applying various restrictive filters in SKAT-O test 
(Table 17). SKAT-O compared the accumulation of variants for each locus between the 
sample sets (bad versus good outcomes). The ratio good/bad indicates the proportion 
of variants found in good outcome samples in relation to the variants found in the bad 
outcome group. The more restrictive the filter was, the lower the ratio became, 
indicating that the bad outcome group had higher numbers of rare (AF < 0.05) and 
deleterious (CADD > 10) mutations than good outcome individuals. 
The most restrictive analyses gave a list of 33 genes with P < 0.01 (Table 18), of which 
32 genes showed an accumulation of rare variants (AF < 5% and CADD > 10) in the bad 
outcome group (32/33). And only one locus (1/33), corresponding to OTOF gene had a 
higher accumulation of rare variants in the good outcome set of samples. 
The results from this highly restrictive test are presented and they were the only ones 
further examined for pathway analysis, commented in the discussion section. 
 
Table 17. Number of nominally significant genes found by applying different filters in SKAT-O 

 

Filter Bad outcome 
N genes 

Good outcome 
N genes Ratio 

P < 0.05 
No filter 258 104 0.40 
AF < 0.05 286 56 0.20 
CADD > 10 204 65 0.32 
CADD > 10; AF < 0.05 218 28 0.13 

P < 0.01 
No filter 37 11 0.30 
AF < 0.05 47 7 0.15 
CADD > 10 30 4 0.13 
CADD > 10; AF < 0.05 32 1 0.03 

 

SKAT-O, Sequence Kernel Association Test-Optimized; Ratio, N genes 
of good outcome group/N genes of bad outcome group; P, p-value; 
AF, allele frequency; CADD, Combined Annotation Dependent 
Depletion. 

 
 

Table 18. SKAT-O results for genes with P < 0.01 and most 
restrictive filters (CADD>10 & AF<0.05). 

 

Gene N SNVs N Bad SNVs N Good SNVs N Bad N Good P 
BORA 3 3 0 7 0 0.0017 
ITPRIPL2 2 2 1 10 1 0.0021 
TREML2 2 1 1 7 1 0.0024 
FASTKD3 4 4 0 7 0 0.0025 
ZSWIM1 3 3 2 6 1 0.0041 
TMC5 3 2 1 7 1 0.0041 
PHAX 2 2 0 6 0 0.0043 
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Gene N SNVs N Bad SNVs N Good SNVs N Bad N Good P 
STAT2 3 3 0 6 0 0.0044 
TEK 2 2 1 9 1 0.0046 
LSM14A 2 2 0 6 0 0.0051 
SLC12A3 4 3 1 6 1 0.0052 
CSMD2 15 12 4 12 3 0.0053 
TMPRSS7 9 5 5 11 4 0.0054 
RASAL1 4 4 1 7 1 0.0056 
EXOC6 4 4 0 5 0 0.0064 
HIVEP1 5 4 2 9 2 0.0065 
OTOF 17 6 13 11 14 0.0066 
FCER2 1 1 0 5 0 0.0068 
FLT3 4 4 0 5 0 0.0069 
KANK1 6 4 2 8 2 0.0071 
CALHM2 4 2 2 7 1 0.0072 
DLG1 5 3 2 6 2 0.0074 
TMEM104 6 5 1 6 1 0.0074 
CAMTA2 4 4 0 5 0 0.0076 
ACAP1 5 5 0 5 0 0.0077 
VASH2 2 2 1 10 2 0.0080 
REEP5 1 1 0 5 0 0.0084 
TLR10 2 1 2 8 2 0.0084 
INA 2 2 1 8 1 0.0087 
LRRC3C 5 5 0 5 0 0.0094 
CCDC170 2 2 0 5 0 0.0096 
GRIN2C 4 3 1 5 1 0.0096 
STRIP2 3 3 0 5 0 0.0099 

 

N, number; SNVs, single nucleotide variants; Bad, bad outcome group; Good, 
good outcome group; P, p-value. 

 
 
 
4.3. EPIGENOME-WIDE ASSOCIATION STUDY 
 
After filtering samples by our restrictive inclusion criteria and after data QCs previously 
described, an epigenome-wide association study of 229 individuals and 418,692 
methylation sites (Figure 21), was carried out using the R statistical package. 
Clinical and demographic characteristics of the study cohort, as well as the bivariate 
analysis are detailed in Table 19. In the bivariate analysis, mRS at 90 days after stroke 
showed significant association with age at stroke onset, initial and hospital discharge 
NIHSS, and stroke etiological subtypes by TOAST classification. 
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Figure 21. Summary of sample and CpGs quality controls in EWAS. 
 

 
 

QCs, quality controls; ind, individuals; CpGs, cytosine-phosphate guanine site; 
SNPs, single nucleotide polymorphisms; Chr, chromosome. 

 
Table 19. Descriptive statistics for participants included in the EWAS and bivariate analysis 

between the study variables and stroke outcome. 
 

  N = 229 P 
Mean age, years 77.4 ± 10.3 0.002* 
Sex, female 128 (55.9) 0.157 
Smoking status  0.094 
       Current smoker 44 (19.2)  
       Former smoker 41 (17.9)  
       Never smoker 144 (62.9)  
Hypertension 165 (72.1) 0.115 
Diabetes 90 (39.3) 0.537 
Hyperlipidemia 95 (41.5) 0.285 
Reperfusion therapy 59 (25.8) 0.132 
Initial NIHSS 11.7 ± 6.3 <0.001* 
Discharge NIHSS 8.4 ± 7.3 <0.001* 
TOAST  0.002* 
       Cardioembolic 151 (65.9)  
       Atherothrombotic 78 (34.1)  
3 months mRS 

         mRS = 0 21 (9.2) 
        mRS = 1 26 (11.4) 
        mRS = 2 35 (15.3) 
        mRS = 3 38 (16.6) 
        mRS = 4 39 (17.0) 
        mRS = 5 7 (3.1) 
        mRS = 6 63 (27.5)   

 

Age and NIHSS are presented as mean value ± standard 
deviation. Values in parentheses are percentages. 
* Indicates a statistically significant result. 
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The robust multivariate linear regression analysis was adjusted for age, sex, smoking 
status, six cell types, stroke subtype by TOAST, discharge NIHSS and two surrogate 
variables (see Materials and Methods, section 3.4.3.). 
All the CpGs presenting a significant association with outcome at 3 months with P < 
1x10-5 are listed in Table 20. Three different CpGs were statistically significant 
corrected for multiple comparisons according to Bonferroni criterion (P < 0.05/418,692 
CpGs; P < 1.194x10-7): cg22173019 in SHPK and TRPV1 loci on chromosome 17 with P = 
2.854x10-12); cg04986643 in the FZR1 locus on chromosome 19 with P = 5.117x10-9; and 
cg14389547 in the NFIC locus on chromosome 19 with P = 1.150x10-7. The Manhattan 
and Q-Q plots with the EWAS results are provided in Figure 22 and Figure 23. 
 

Table 20. Epigenome wide association results for CpGs with P < 1x10-5. 

 

CpGs Position Nearest  
gene Effect 

Effect 
(80% 

power) 
SE P FDR P 

cg22173019 17:3512893 SHPK; TRPV1 -1.028 0.903 0.147 2.85x10-12 1.195x10-6 
cg04986643 19:3533406 FZR1 1.193 1.253 0.204 5.12x10-9 0.001 
cg14389547 19:3398778 NFIC -3.035 3.513 0.573 1.15x10-7 0.016 
cg21518261 8:145721667 PPP1R16A -0.829 0.975 0.159 1.85x10-7 0.019 
cg07136111 7:30829005 FAM188B -2.378 2.901 0.473 4.87x10-7 0.041 
cg11384744 7:16794623 TSPAN13 -1.556 1.937 0.316 8.33x10-7 0.058 
cg04135144 1:182369721 TEDDM1 -2.270 2.866 0.467 1.18x10-6 0.063 
cg07239938 19:852813 ELANE -2.195 2.783 0.454 1.30x10-6 0.063 
cg05991009 2:102080674 RFX8 -1.795 2.280 0.372 1.35x10-6 0.063 
cg24696067 7:1881390 MAD1L1 -0.818 1.048 0.171 1.65x10-6 0.069 
cg15900054 6:33145396 COL11A2 -1.231 1.603 0.261 2.47x10-6 0.085 
cg19496554 6:50081576 - -1.178 1.535 0.250 2.48x10-6 0.085 
cg26475094 16:56891111 MIR138-2 1.286 1.679 0.274 2.62x10-6 0.085 
cg15242463 12:89729411 - 1.079 1.428 0.233 3.53x10-6 0.094 
cg12581035 12:9067477 PHC1 -1.379 1.829 0.298 3.72x10-6 0.094 
cg04932082 6:91113506 - -2.426 3.228 0.526 4.01x10-6 0.094 
cg25416230 7:148921410 ZNF282 0.700 0.931 0.152 4.01x10-6 0.094 
cg09430586 19:54242124 MIR518A2 -1.900 2.534 0.413 4.21x10-6 0.094 
cg04275977 2:110833739 - -2.048 2.743 0.447 4.60x10-6 0.094 
cg24121967 11:69089119 MYEOV -2.134 2.860 0.466 4.67x10-6 0.094 
cg22794244 11:123892873 OR10G9 -1.025 1.374 0.224 4.73x10-6 0.094 
cg06832406 10:4230482 - 1.119 1.505 0.245 5.03x10-6 0.095 
cg08493063 16:11330934 - -2.280 3.071 0.501 5.23x10-6 0.095 
cg08429214 19:40004255 SELV 1.205 1.639 0.267 6.35x10-6 0.110 
cg23410501 3:12937954 - -2.533 3.449 0.562 6.56x10-6 0.110 
cg27606341 5:39219632 FYB -2.209 3.013 0.491 6.84x10-6 0.110 
cg16640599 4:119732131 SEC24D -2.211 3.026 0.493 7.36x10-6 0.112 
cg02250263 17:70117055 SOX9 -1.516 2.077 0.339 7.47x10-6 0.112 
cg08145625 4:118006405 TRAM1L1 -1.125 1.549 0.253 8.33x10-6 0.120 
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CpGs Position Nearest  
gene Effect 

Effect 
(80% 

power) 
SE P FDR P 

ch.15.1820989F 15:101520942 LRRK1 -1.136 1.567 0.255 8.66x10-6 0.121 
 

CpGs, cytosine-phosphate guanine site identification; Position, chromosome: genomic coordinates 
according to human genome reference version 19 (build chr37/hg19); Effect, observed effect of 
normalized M-values; Effect (80% power), absolute values of the effect that could be detected as 
statistically significant under 80% power; SE, standard error of the association; P, p-value; FDR P, 
False Discovery Rate (Benjamini-Hochberg) corrected p-value. 

 

 
Figure 22. Manhattan plot of the EWAS. 

 

 
Association testing was performed using a linear regression model, adjusting for 
sex, age, smoking, TOAST, initial NIHSS, recanalization treatment, six cell types 
(CD4T, CD8T, Monocytes, Granulocytes, NK and B cell). The red line shows the p-
value at threshold of 1×10−5. The blue line shows the FDR p-value threshold. 

 
 

Figure 23. Q-Q plot of the EWAS. 
 

 
Expected −log10(p-values) are those expected under the null hypothesis. Lambda is 
the observed median χ2 test statistic divided by the median expected χ2 test 
statistic under the null. 
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4.4. GENE EXPRESSION STUDY 
 
4.4.1. Candidate gene expression study 
 
Candidate gene expression analyses were performed with the statistically significant 
loci for multiple comparisons, identified in the joint meta-GWAS and in the epigenome-
wide association study, in 40 ischemic stroke individuals with data on gene expression 
arrays at 3 time points after stroke (6h, 24h and 3 months). 
Baseline characteristics for 40 IS patients are shown in Table 21, as well as the bivariate 
analyses between clinical variables and 3 months outcome. 
 
Table 21. Descriptive statistics for participants included in gene expression study and bivariate 

analysis between the study variables and stroke outcome. 
 

  N = 40 P 
Mean age, years 72.7 ± 13.5 0.417 
Sex, female 16 (40.0)  0.323 
Smoking status   0.194 
       Current smoker 10 (25.0)   
       Never smoker 30 (75.0)   
Hypertension 33 (82.5)  0.519 
Diabetes 12 (30.0)  0.131 
Hyperlipidemia 21 (52.5)  0.133 
Reperfusion therapy 18 (45.0)  0.478 
Initial NIHSS 8.8 ± 7.0 0.241 
Discharge NIHSS 3.1 ± 4.8 0.001* 
TOAST   0.800 
       Cardioembolic 22 (55.0)   
       Atherothrombotic  4 (10.0)   
       Undetermined  5 (12.5)   
       Lacunar  9 (22.5)   
3 months mRS              
       mRS = 0 12 (30.0)   
       mRS = 1 12 (30.0)   
       mRS = 2  5 (12.5)   
       mRS = 3  3 (7.5)   
       mRS = 4  6 (15.0)   
       mRS = 5  0 (0)   
       mRS = 6  2 (5.0)    

  

Age and NIHSS are presented as mean value ± 
standard deviation. Values in parentheses are 
percentages.  
*Indicates a statistically significant result. 

 
 



 
102 Genetic contribution to functional Outcome and Disability after Stroke 

On one hand, for the GWAS results, PATJ locus was tested for gene expression levels in 
relation to stroke outcome at the 3 time points after stroke. The multivariate linear 
regression test was adjusted for sex, age, stroke subtype, and NIHSS at discharge. PATJ 
gene expression levels were statistically significant at 3 months post-stroke with a 
positive correlation coefficient (effect = 0.24), indicating a higher expression of this 
gene as the functional outcome got worse, with a p-value of 0.017 (Table 22). 
 
On the other hand, for the EWAS results, of the 4 Bonferroni significant loci identified, 
corresponding to SHPK, TRPV1, FZR1, and NFIC, only TRPV1 at 24 hours after stroke 
showed a significant association with mRS at 3 months, with P = 0.002 and a positive 
correlation coefficient (effect = 0.319). This means that as the expression of TRPV1 
gene in blood tissue increased, the mRS values also increased (Table 23). 
 
 

Table 22. Gene expression analysis results from GWAS. 

 

PATJ Effect SE P 
6h 0.001 0.338 0.993 

24h -0.128 0.402 0.304 
3m 0.240 0.539 0.017* 

 

* Indicates a statistically significant result. 
 

Table 23. Gene expression analysis results from EWAS. 
 

TRPV1 Effect SE P 
6h 0.025 0.740 0.822 

24h 0.319 0.773 0.002* 
3m 0.067 0.699 0.500 

 

* Indicates a statistically significant result. 
 
 
4.4.2. Genotype Tissue Expression (GTEx) 
 
The GTEx database publicly available at http://www.gtexportal.org/home/gene/ was 
used to check the median expression of the significant genes from the candidate gene 
expression analysis in 53 human tissues and 570 donors.  
PATJ, which showed statistical significance in the discovery meta-GWAS, in the 
replication and joint meta-GWAS, as well as in the gene-based analysis and in the 
candidate gene expression study, showed in the GTEx its highest expression values in 
the nervous system tissue, especially in cerebellum and cerebellar hemisphere (Figure 
24).  

http://www.gtexportal.org/home/gene/
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Moreover, TRPV1 gene, which was statistically significant in the DNA methylation 
association analysis and also in the candidate gene expression study, it is found most 
expressed also in cerebellar and cerebellum tissues, as well as in liver and tibial nerve 
(Figure 25). 
 

Figure 24. PATJ gene expression from GTEx. 
 

 
 

Expression values are given in RPKM (Reads Per Kilobase of transcript per Million mapped reads) and Box 
plots are shown as median and 25th and 75th percentiles. Points represent the outliers when they are 
above or below 1.5 times the interquartile range. 
 
 

Figure 25. TRPV1 gene expression from GTEx. 
 

Expression values are given in RPKM (Reads Per Kilobase of transcript per Million mapped reads) and Box 
plots are shown as median and 25th and 75th percentiles. Points represent the outliers when they are 
above or below 1.5 times the interquartile range. 
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4.5. PATHWAY ANALYSES 
 
A pathway analysis using the IPA software with the 75 loci potentially associated with 
functional outcome, which were found through the different approaches of this 
project, was carried out. Table 24 shows the two canonical pathways, significant after 
the Fisher exact test. Those were FLT3 signaling in hematopoietic progenitor cells, and 
HIPPO signaling, although they were not significant according to multiple testing 
correction (BH). Moreover, Parkinson’s signaling was almost nominally significant (P = 
0.057) (data not shown). 
Furthermore, 50 IPA diseases and functions were significant after applying BH 
correction, with an overrepresentation of the 75 genes. Among these significant 
categories, the most related to functional outcome according to our arbitrary criterion 
amounted to 15, as shown in Table 25. However, the top enriched disease and function 
was cancer (rank 1). Four of the 75 genes were localized in at least 50% of the 15 
selected categories (Figure 26). 

 
Table 24. IPA nominally significant canonical pathways. 

 

Canonical pathways P Ratio Gene 

FLT3 Signaling in Hematopoietic Progenitor Cells 0,0363 0.024 FLT3,STAT2 
HIPPO signaling 0,0398 0.023 DLG1,PATJ 

 
 

Table 25. Arbitrary selection of the closest categories to the functional outcome  
among the IPA FDR significant diseases and functions. 

 

Rank Category FDR P Genes 

3 Immunological 
Disease 

1,04x10-2-
1,21x10-1 FLT3, ELANE, STAT2, TEK, FCER2 

6 
Endocrine 

System 
Disorders 

3,27x10-2-
1,21x10-1 

FAM188B, CSMD1, FLT3, FASTKD3, ExOC6, CSMD2, TRPV1, LRRK1, RGPD3, 
TLR10, SHPK, GRIN2C, ZSWIM1, PARK2, COL11A2, TEK, DLG1, TMEM104, 

OR10G9, TMC5, ACAP1, NTM, FYB, SLC12A3, OTOF, TEDDM1, HIVEP1, 
MAD1L1, STAT2, SOx9, MYEOV, STRIP2 

14 Cardiovascular 
Disease 

3,27x10-2-
1,21x10-1 GRIN2C, FLT3, ELANE, SOx9, COL11A2, TEK 

16 Cell Death and 
Survival 

3,27x10-2-
9,95x10-2 PHC1, FLT3, ELANE, PARK2, FCER2 

18 
Cell-To-Cell 

Signaling and 
Interaction 

3,27x10-2-
1,21x10-1 DLG1, VASH2, PHC1, MAD1L1, TRPV1, PARK2, mir-515, FYB, NTM 

19 Cellular 
Development 

3,27x10-2-
1,16x10-1 FZR1, FLT3, MAD1L1, STAT2, SOx9, TRPV1, PATJ, TEK, FCER2 

20 
Cellular 

Function and 
Maintenance 

3,27x10-2-
1,16x10-1 DLG1, FLT3, TRPV1, PARK2, COL11A2, TEK, FCER2 

28 Inflammatory 
Disease 

3,27x10-2-
1,03x10-1 TLR10, GRIN2C, ELANE, TRPV1, COL11A2 

29 Inflammatory 
Response 

3,27x10-2-
9,95x10-2 mir-138, ARIH1, TLR10, GRIN2C, FLT3, PARK2, TRPV1, mir-515, FCER2 
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Rank Category FDR P Genes 

30 Lipid 
Metabolism 

3,27x10-2-
3,27x10-2 ELANE 

31 Metabolic 
Disease 

3,27x10-2-
1,09x10-1 CCDC170, SLC12A3, GRIN2C, ELANE, TRPV1, COL11A2, TEK 

33 

Nervous 
System 

Development 
and Function 

3,27x10-2-
1,16x10-1 FZR1, PARK2, TRPV1, NTM, COL11A2 

34 Neurological 
Disease 

3,27x10-2-
1,12x10-1 KANK1, OTOF, GRIN2C, PHC1, FLT3, TRPV1, PARK2, COL11A2, TEK 

44 Cell Signaling 3,84x10-2-
6,86x10-2 FLT3, TEK, FCER2 

46 Psychological 
Disorders 

4,64x10-2-
1,09x10-1 GRIN2C, PARK2 

FDR P; False discovery rate (BH) p-value. 
 
 

Figure 26. Percentage of 15 selected categories represented by each gene. 
 

 
Four genes were found localized in ≥ 50% of the categories. They were: FLT3, PARK2, TEK, and TRPV1. 
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5.1. SYNOPSIS 
 
The present doctoral thesis investigates for the first time with a hypothesis free 
approach the genetic and epigenetic background of the functional outcome after 
ischemic stroke, revealing novel genetic variants and methylation loci associated with 3 
months outcome. In order to decipher the genetic contribution to stroke recovery 
process, four different approaches were applied: Genome-Wide Association, Whole 
Exome Sequencing, Epigenome-Wide Association, and gene expression analysis (see 
Materials and Methods section, Figure 10). 
The findings point out new genes and pathways that may help to improve our 
knowledge about the recovery process after a cerebrovascular accident. 
The specific objectives pursued in this thesis and their main answering results are 
summarized in Table 26. 
 

Table 26. Thesis objectives and main results obtained. 
 

OBJECTIVES APPROACH FINDINGS BRIEF DISCUSSION 
Primary objectives 

1. To identify new genetic 
variants and genes associated 
with degree of disability after 

ischemic stroke. 

Restrictive 
joint meta-

GWAS 

rs76221407; rs150862264 
rs182008837; rs117335978 

PATJ SNPs are associated 
with 3m-mRS. 

WES 33 genes nominally 
significant 

32 genes show 
accumulation of rare 

variants in bad outcome 
group. 

2. To identify DNA methylation 
loci involved in the recovery 

process. 
EWAS cg22173019; cg04986643; 

cg14389547 

TRPV1; SHPK; FZR1 and NFIC 
methylation levels in acute 
stroke are associated with 

3m-mRS. 
3. To analyze if genes 

identified in objectives 1 and 2 
are differentially expressed 

depending on stroke functional 
outcome. 

Candidate 
gene 

expression 
PATJ (3m); TRPV1 (24h) 

RNA levels of PATJ at 3m 
and TRPV1 at 24h are 

associated with 3m-mRS. 

Secondary objectives 
1. To test if stricter 

phenotyping or larger sample 
size improve discovery power. 

Restrictive vs 
permissive 
joint GWAS 

Only Bonferroni significant 
p-values with restrictive 

joint analysis. 

Smaller sample size with 
stricter phenotyping 

increases discovery power. 
2. To assess possible synergies 

of genetic-convergence 
analysis between different 

approaches. 

IPA 

2 canonical pathways 
nominally significant / 50 

diseases or functions 
significant for FDR. 

Several significant loci from 
different approaches are 

interacting in diverse 
pathways. 

 

GWAS, Genome-wide association study; WES, Whole exome sequencing; EWAS, Epigenome-wide 
association study; IPA, Ingenuity Pathway Analysis, 3m-mRS, 3 months mRS; FDR, False discovery rate. 
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5.2. RESULTS DISCUSSION 
 
 
5.2.1. Genome-Wide Association Study 
 
Genome-wide association study, which was the main and largest approach used in this 
thesis, led to the identification of the first genetic findings in ischemic stroke prognosis 
with the consistency of a meta-analysis with 12 independent cohorts within the 
International Stroke Genetics Consortium, reaching a total of 2,482 individuals in the 
inclusion-permissive analysis, and 1,791 individuals in the inclusion-restrictive analysis. 
 
Previous evidence of genetics in stroke outcome: 
Until now, genetic studies on ischemic stroke outcome have been addressed merely to 
candidate loci, such as BNDF66, APOE60 and IL677 genes. These genes were reported in 
several studies but showed contradictory results and had no replication (see 
Introduction section, Table 1). Additionally, we reviewed in our data the effects and p-
values of the candidate loci summarized in Table 1, but we could not validate any of 
these findings in our hypothesis free genome-wide approach. 
 
GWAS identifies PATJ locus 
 
Our results, either in the permissive or restrictive analyses, show a novel association 
between the genetic locus PATJ and ischemic stroke functional outcome measured 
with the modified Rankin Scale at 90 days. PATJ, Pals1-Associated Tight Junction 
protein or crumbs cell polarity complex component, also known as INADL (inaD-like), 
encodes a protein with multiple PDZ domains which mediates multimeric complexes at 
tight junctions and at the apical plasma membrane of epithelial cells. This gene is highly 
expressed in human brain tissue, especially in the cerebellum166 (GTEx database). PATJ 
protein localizes in the paranodal region of myelinating Schwann cells. 
In recent published studies, PATJ has been associated with obesity related traits, which 
are important vascular risk factors. Comuzzie et al reported a nonsynonymous SNP, 
rs1056513 in INADL gene at P =1.2x10-7, associated with weight in Hispanic children167. 
Locke et al found rs2481665 in INADL at P =1.9x10-7 for body mass index, in an 
European population168. Both studies associated the presence of the risk allele with an 
increase of weight or BMI. Our results show a positive effect (+0.4) for the minor allele 
“G” of our top SNP, rs76221407, indicating that an increase in mRS values is being 
attributed to each copy of the G allele (GG > GA > AA). This means that the presence of 
the G allele is related to a poor functional outcome at 3 months. 
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The lead SNP from the distinct meta-analyses, either the discovery, the restrictive, and 
the permissive joint meta-analysis is rs76221407 (discovery P = 1.08x10-8; restrictive 
joint P = 1.72x10-9; permissive joint P = 1.30x10-8). It is located in an intronic region of 
PATJ, presenting linkage disequilibrium with the other found intronic variants in this 
locus (r2> 0.4, in 1000 Genomes Project for European ancestry individuals). 
Furthermore, in the restrictive joint analysis we replicated 18 variants in PATJ gene 
with P <5x10-8 (a p-value threshold widely used in published GWAS). To elucidate if the 
relation between these variants and outcome is mediated by the regulation of PATJ 
expression or by the regulation of the surrounding loci, additional functional studies 
will be necessary. Apart from identifying single effects from common variants in PATJ 
through the genome-wide approach, the results from the gene-based test also 
revealed significance for this gene (P = 1.99x10-5). Meaning that PATJ locus was also 
pointed out when it was collapsed for all the variants located inside or within 50kb of 
this locus, as a weighted sum of their individual effects. 
 
Convergence analysis: 
As stated in the secondary objectives for this thesis, to assess possible synergies of 
genetic-convergence between different approaches, and also to further characterize 
the association between PATJ and functional outcome, we assessed two more omics:  
First, we observed an association between PATJ expression levels at 3 months and 
functional outcome (P =0.017). However, no association was identified between 
outcome and PATJ expression levels neither at 6 or 24 hours post-stroke. Taking into 
account the global mechanism, we could hypothesize that for each copy of the risk 
alleles of PATJ SNPs, it increases the risk of a poor functional outcome through an 
increase of PATJ transcription. Hence, the results from the candidate gene expression 
study support the role PATJ may be playing in the mid-term recovery process. 
Secondly, with respect to DNA methylation data, we observed that none of the CpGs 
located in this gene on 229 individuals were associated with outcome at 3 months. Top 
CpGs was cg10704177 with a P =0.061 (data not shown) of 21 methylation sites within 
50kb of PATJ locus. An explanation could be that the regulation of the PATJ expression 
is not mediated by DNAm, but it could be controlled by histone modifications, non-
coding RNAs or any other mechanism.  
 
Our findings correspond to intronic or intergenic SNPs: 
Our results from the discovery phase also show potentially novel associations between 
other 17 independent genetic loci and outcome after stroke besides PATJ (P < 1x10-5). 
But they have not been replicated in the replication phase analyses. 
It is worth mentioning that all the variants identified in the meta-analysis are intronic 
or intergenic, and so no true mechanistic insights can be derived from these 
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discoveries. This means that these SNPs may be connected to other nearby mutations 
that really modify functional outcome, due to its location in a more critical region of 
the DNA sequence, such an exon. Likewise, the effect of this intronic SNPs on protein 
synthesis may be mediated through the regulation of gene expression, given the 
evidence that common variants are linked to different traits by modulating the activity 
of DNA regulatory elements (DRE)169. Even though it is uncertain how intronic or 
intergenic SNPs induce functional observable consequences, a lot of genes have 
multiple splicing sites with unknown functions. It is thought that about 85% of the 
genome is transcribed into a functional element form, like siRNA, meaning that any 
SNP can be relevant170. 
Finally, our results suggest that the accumulation of significant common variants in 
PATJ locus, make it the best candidate gene to be further investigated in genetic and 
functional analyses in relation to stroke functional outcome. 
 
 
Permissive versus restrictive phenotyping 
 
In order to study the genetic component of a complex trait, as it is the functional 
outcome after IS, it is important to be precise in characterizing the complex phenotype. 
Excluding posterior and lacunar strokes was considered necessary because these 
locations show a very poor correlation between infarct size and the clinical symptoms, 
and so, functional outcome. A small lesion can be asymptomatic or show very severe 
symptoms with great disability just depending on a few millimeters in its location. In 
these cases, recovery processes and tissue regeneration mechanisms could be hidden 
for this random location effect. Previous to stroke dependent status individuals (mRS 
>2) and minor strokes (initial NIHSS ≤4) were also excluded. This was done in order to 
analyze an equivalent recovery process among patients, without those individuals who 
have some degree of disability before stroke and also without those patients with a 
minimal stroke damage. In both cases it would be very difficult to evaluate the 3 
months recovery, because of its insignificance. Other exclusion criteria were applied to 
obtain a homogeneous cohort, and to minimize the influence of other variables on 
stroke outcome. The achievement of the highly homogeneous sample used in the 
discovery phase as well as in the restrictive joint meta-analysis, was our main concern 
and the priority during the design of this work. For this reason, we performed two 
different joint meta-analyses (restrictive and permissive) which showed remarkable 
differences between their results. 
 
It should be emphasized that although we also tested the genetic association through a 
permissive inclusion criteria, we were not able to find any significant association 



 
113 5.  Discussion 

according to Bonferroni criterion (P <1.116x10-8) with all the replication and discovery 
cohorts together in the joint analysis. In contrast to the stringent analyses, which found 
3 SNPs with a P <1x10-8. Therefore, to reduce phenotypic heterogeneity by properly 
defining the study cohort, leads to an increase of the statistical power45. 
 
The four cohorts from the discovery phase GWAS, together with the individuals 
included in the exome sequencing study, as well as in the EWAS, and also in the gene 
expression analysis, were very similar. All patients belong to the same geographic 
region (south western Europe), specifically from Spanish hospitals. However, slight 
differences can be observed between their clinical and vascular risk variables (Results 
section, descriptive statistics tables). Almost all the cohorts presented more 
cardioembolic stroke subtype according to TOAST, except for the GWALA study that 
presented more atherothrombotic strokes. The participants included in the GENOTPA 
cohort were all treated with rtPA, in contrast to the other cohorts which had both 
treated and non-treated patients. As a way to remove cofounder effects, the stringent 
analysis was adjusted for age, sex, smoking status, stroke subtype and NIHSS at 
discharge, besides the genetic principal components. In contrast, permissive analysis 
was adjusted for initial NIHSS and the use of reperfusion treatment. Most of the 
published studies on IS functional outcome commonly adjust for initial NIHSS93,171. The 
preference in this thesis in adjusting for the use of NIHSS at hospital discharge instead 
of the initial NIHSS is because it avoids initial changes in severity due to acute 
treatment or early recanalization, assessing then only the functional mid-term 
improvement. 

 
 
5.2.2. Whole exome sequencing study 
 
Genome-wide association studies allow the assessment of a great part of the genome 
variation in an economically affordable manner. However, the effects of the common 
variants account for a part of a complex trait. The emergence and development of the 
new technologies is quickly reducing the prices of genome sequencing, facilitating the 
detection of high penetrance mutations. Nevertheless, the existing bioinformatics tools 
for the analysis of the big data arising from this new genomic era, are constantly being 
upgraded, without a global agreement on standardized pipelines for its analysis yet. 

In this thesis, we carried out the whole exome sequencing of 90 IS cases comparing 
good and bad outcome individuals, using a dichotomous 3 months mRS, as a screening 
of the rare genetic variation. Despite the small sample size, it is the first sequencing 
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study in stroke functional outcome so far. The two study groups were matched 
according to initial stroke severity, age, sex, stroke subtype, and basal functional level, 
in order to make them highly comparable and differing only in stroke outcome. 
Different pipelines for the analysis of raw sequencing data were tested in order to 
define the most appropriate burden test (to focus on the amount of rare variants in a 
gene, instead of each variant alone) and the better filtering to detect true positive 
associated genes. Finally, we presented the most stringent analysis results using SKAT-
O burden test, as it is today widely used and the preference burden test172,173, with a 
functional deleterious filter (CADD >10). None of the genes reached statistical 
significance for multiple test correction. But 33 genes with P <0.01 were the best 
candidates related to stroke recovery for future investigations. Of the 33 genes, 32 had 
a higher bulk of rare variants in the bad outcome group, revealing that the more 
disabled patients bear more low frequency and penetrating variants. This may be 
affecting the correct functioning of the biological processes related to ischemic damage 
restoration. 
 
 
Several nominally significant genes are related to vascular function 
 
A great quantity of the nominally significant genes found with the WES approach can 
be highlighted in this discussion due to their role on vascular brain damage, 
angiogenesis, neurological disease or because they are related to vascular risk factors. 
 
1. Genes related to ischemia, angiogenesis or synapsis:  
Firstly, TEK receptor tyrosine kinase is involved in angiogenesis and blood-brain-barrier 
permeability, and has been shown to help to prevent and recover from stroke174,175. 
Also, variants in TEK have been associated with stroke risk (OR =2.16)176. This gene 
encodes a tyrosine kinase Tie2 family expressed in endothelial and hematopoietic stem 
cells, with a role in the signaling pathway Ang1-Tie2-PI3K, important for neurogenesis 
after cerebral ischemia174. Secondly, SLC12A3 (Solute carrier family 12 member 3) 
encodes a renal thiazide-sensitive sodium-chloride cotransporter relevant for 
electrolyte homeostasis. Variation in SLC12A3 is implicated in myocardial infarction177. 
A SNP in this gene was associated with transcranial Doppler vasospasm after 
subarachnoid hemorrhage (SAH), suggesting its influence in brain vascular reactivity 
and prognosis of SAH178. TMPRSS7 (transmembrane protease serine 7) plays a 
physiological role in stroke, cardiac function and blood pressure among others. A 
variant in this gene has been associated with stroke risk protection (OR=0.38)179. 
Moreover, VASH2 is an angiogenesis regulator180. Others like INA are involved in 
neuronal cell morphogenesis181, or in synaptic transmission, such as GRIN2C182. 
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Another gene, STAT2, has been shown to be modulated in rat models of focal cerebral 
ischemia183.  
 
2. Genes related to immunity:  
TREML2 has been reported to regulate microglial function and to be upregulated in 
response to inflammation184 and ZSWIM1 is related to T-cell function185. 
 
3. Genes related to vascular risk factors:  
Other genes identified through WES, although not directly related to ischemic stroke, 
are relevant for its association with different VRF: TREML2 with hypertension186, FCER2 
with obesity187, FLT3 and KANK1 with diabetes188,189, TLR10 with total cholesterol190, 
RASAL1 with cardiac fibrosis191, and HIVEP1 with venous thrombosis192. 
 
4. Genes related to neurological diseases:  
Another set of genes are related to diverse neurologic diseases: CALHM2 and TREML2 
with Alzheimer disease193,194, CSMD2 and DLG1 with schizophrenia195,196, and REEP5 
with depression197. 
 
On the other hand, OTOF (otoferlin) was the only gene with a higher number of rare 
variants in the good outcome set of samples, which seems to be pinpointing a 
protective role of this gene in functional outcome. OTOF is mostly expressed in the 
brain tissue (GTEx) and a quantity of mutations have been related to hearing loss198. 
 
 
5.2.3. Epigenome-wide association study 
 
Nowadays, there is a great source of evidence that identifying single nucleotides in the 
DNA sequence related to a complex trait is of first importance. Loading a set of risk 
alleles usually does not imply by itself the onset of the disease. Epigenetics is a field of 
growing interest for constituting the main controller mechanism of gene expression 
and for operating as a link between genes and environment. In this thesis, we present 
the first study of the association between the epigenetic component and ischemic 
stroke outcome at 3 months through a hypothesis free approach and in convergence 
with gene expression data. 
We analyzed genome-wide DNA methylation in 229 IS individuals, answering the 
objective to elucidate if methylation levels during the acute phase of stroke correlate 
with functional outcome at 90 days after the event. 
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Previous evidence of epigenetics in stroke outcome: 
The unique study so far showing a relationship between DNA methylation and recovery 
after stroke employed a candidate gene approach, in which they analyzed seven CpGs 
in BDNF gene63 (see Introduction section 1.3.3.). In order to verify this association and 
since the region reported is not interrogated by the Infinum 450k beadchip used in this 
thesis, we analyzed the association between all the CpGs located in BDNF gene and 
functional outcome. Contrary to this previous work, we did not find any significant 
result. The top hit from 75 CpGs analyzed was cg06816235 (P =0.016) (data not 
shown).  
Another study reported that “epigenetic age”, which is the age estimated using 
methylation in specific CpGs, was a better predictor of 3 months IS outcome than the 
chronological age. This study was performed by our research group and has been 
recently accepted for publication (see Annex 8.4.). 
 
 
EWAS identified 5 significant loci 
 
Epigenome-wide association analysis revealed three CpGs differentially methylated in 
association with 3 months IS outcome according to the most stringent correction for 
multiple testing (Bonferroni criterion), or five associated CpGs according to a less strict 
correction (FDR, BH). These CpGs are located within six different loci: SHPK, TRPV1, 
FZR1, NFIC, PPP1R16A and FAM188B. 
SHPK gene (Sedoheptulokinase) is involved in sugar phosphorylation. FZR1 (fizzy and 
cell division cycle 20 related 1) is a key regulator for cell cycle. NFIC regulates adipocyte 
and osteoblast differentiation via control of canonical Wnt signaling199. PPP1R16A 
(protein phosphatase 1 regulatory subunit 16A) is responsible for the regulation of 
phosphorylation states of myosin light chains and essential for muscle and intracellular 
movement. And FAM188B (MINDY lysine 48 deubiquitinase 4) is a hydrolase without a 
well-known function. Information on gene functions was obtained from NCBI database 
(https://www.ncbi.nlm.nih.gov/gene/). 
 
TRPV1 locus is the best candidate: 
 
The cg22173019 is our best candidate (P = 2.85x10-12). It is located within the gene 
body of SHPK and within the TRPV1 promoter.  
TRPV1 gene, also known as VR1 or transient receptor potential cation channel 
subfamily V member 1, belongs to the TRP superfamily of cation channels. It is found in 
all the cells and involved in numerous functions, like signal transduction. Dysregulation 

https://www.ncbi.nlm.nih.gov/gene/
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of TRP channels is associated with vascular abnormalities (hypertension, ischemia-
reperfusion injury, neurogenic inflammation, etc)200. 
 
Has TRPV1 a neuroprotective effect after ischemia? 
 

 Noh et al201 reported that TRPV1 promoter is a target for REST (transcriptional 
repressor element-1 silencing transcription factor) in post-ischemic neurons. They 
reported that the inhibition of REST entailed a better prognosis for ischemic 
neurons, because a REST silencing of TRPV1 did not promote the survival of 
pyramidal neurons at 24-48 hours after stroke. TRPV1 promoted excitability of 
pyramidal neurons. 

 
Has TRPV1 a negative effect after ischemia? 
 

 Gauden et al200 reported that the blockage of TRPV1 with capsazepine reduced 
ischemia-reperfusion, suggesting TRPV1 could have negative effects after brain 
ischemic injury. 

 Yoshida et al202 showed a crucial role for TRPV1 due to its proinflammatory action 
in STAT3 signaling, as well as in thermoregulation. 

 Other members of TRP family have been associated with stroke, like TRPV3, 
TRPM4 and TRPM7. Precisely, TRPV3 was associated in a WES with cardioembolic 
stroke in a publication carried out in collaboration within members of the 
Genestroke Consortium203. Moreover, a recent study stated that the blockage of 
TRPM4 and TRPM7 could serve as a possible preventive strategy to reduce stroke-
induced neuronal damage200. 

 Another study supporting the negative role of TRPV1 used a TRPV1-knockout (KO) 
mice. Authors showed that motor deficits and infarct volumes in the TRPV1-KO 
mice were lower than in the wild-type (WT) mice. They proved that the injection 
of the TRPV1 antagonist capsazepine, before ischemic-induced injury, decreased 
infarct size and neurological deficits in WT mice, whereas the antagonist 
protective role was not seen in TRPV1-KO mice, concluding that IS activates TRPV1 
cerebral channels, which are responsible of neurological and motor deficits after 
ischemia204. 

 
The results presented in this thesis support the negative role of TRPV1 in ischemic 
stroke. Not only do we observe that hypermethylation in the TRPV1 promoter, which 
commonly implies the repression of TRPV1 expression, is associated with better 
functional outcome, but we also showed that high levels of TRPV1 expression (at 24h) 
are associated with a worse functional outcome. 
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These results together with published data, suggest that the relationship between 
TRPV1 and functional outcome is causal. This means that TRPV1 seems to be repressed 
in the acute phase of the stroke individuals with a better outcome through 
hypermethylation of its promoter. We may hypothesize that methylation of this gene is 
helping in the recovery process. However, if we focus on the expression levels of TRPV1 
at 3 months, we do not observe association with outcome. This could be explained 
with the most critical time for the TRPV1 action being the very first after stroke, which 
determines the recovery capacity in the following 3 months. 
Due to compelling evidence definitely supporting the role of TRPV1 in IS, we suggest it 
is the best candidate to be further studied with larger sample sizes of IS cases to 
validate its relation to stroke recovery. 
 
In summary, with this work we have increased the understanding of the methylation 
changes occurring at the stroke acute phase in respect to whether they have an 
implication on the recovery process, and may function as a prognostics biomarkers. 
 
Hypothesized mechanism PATJ-TRPV1: 
The GWAS approach replicated the association between PATJ and 3 months outcome 
findings. The PATJ human protein is a homolog of the Drosophila INAD protein, with 
highly conserved regions. It seems to be a regulatory subunit of the TRP calcium 
channel205. INAD interacts directly with TRPC1 protein in rats206. 
Interestingly, we identified a TRP channel (TRPV1) associated with 3 months outcome 
through the EWAS approach. Using two different hypothesis-free techniques we 
identified TRPV1 and PATJ, which seem to be related functionally. 
It could be hypothesized that PATJ protein regulates other TRP calcium channels like 
TRPV1 during the recovery process after stroke. To confirm the interaction between 
the two proteins functional studies should be performed. 
 
 
5.2.4. Pathway analyses 
 
In order to answer the last objective of this thesis that proposed to assess synergies 
between the different approaches used in this project, we used the Ingenuity Pathways 
Analysis software.  
A total of 75 genes, which were identified through genome-wide studies, gene-based 
analysis, exome sequencing burden test, and epigenome-wide study, were combined in 
the IPA to ascertain their relationship at a metabolic pathway level. 
We identified two canonical pathways enriched with several of the 75 candidate genes. 
One of these significant pathways was FLT3 signaling (P =0,036), usually seen in 
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hematopoietic progenitor cells, bone marrow, thymus and lymph nodes, but also found 
in other tissues like brain, cerebellum and placenta. Abnormalities in FLT3 expression 
are observed in diverse hematologic disorders (acute myelogenous leukemia, B-
precursor cell acute lymphoblastic leukemia, and chronic myelogenous leukemia). The 
other canonical pathway found, called HIPPO signaling (P =0,039), controls organ size 
by regulating apoptosis, cell proliferation, and stem cell self-renewal. Dysregulation of 
the HIPPO pathway gives rise to cancer development. 
We analyzed in a broader manner the relationship between our genes and diseases 
and functions. IPA detected a handful of interesting categories with significant 
corrected p-values more or less related to our phenotype, such as nervous system 
development, neurological disorders, cardiovascular disease, and endocrine system 
disorders among others. We also observed that four of the input genes (FLT3, PARK2, 
TEK, and TRPV1) were present in at least 50% of the 15 categories arbitrarily selected 
for being relevant for functional outcome. This indicates that these genes play a role in 
distinct interesting published pathways in a predominant way in comparison with the 
other genes. 
 
Despite these analyses are just a way to generally picture the mechanisms and 
pathways that are implicated in the recovery process after a stroke, they reinforce the 
idea of the necessity of integrating the different layers of information in the research of 
complex traits, such as IS functional outcome. 
 
 
5.3. STRENGTHS AND LIMITATIONS 
 
The present thesis project has several limitations as well as strengths, explained as 
follows. 
 
Sample size and results replication 
 
The principal limitation of the present thesis is the reduced sample size used in the 
different approaches. Firstly, for the genome-wide studies in complex traits which are 
published in high impact factor journals, usually sample sizes exceed 1x104. In fact, we 
count with the International Stroke Genetic Consortium’s repository of individuals with 
registries of some kind of outcome data, that reach this 1x104 individuals. However, the 
data among cohorts was highly heterogeneous, so we bet for homogenize by better 
refining phenotype, functional data, and times of measurement, even though it 
reduced drastically sample size. Thus, it is well justified that sample size was smaller 
than other studies with same genetic approaches, and also it would be correct to state 
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that the main strength of the present study is the highly homogeneous cohort 
obtained. 
 
The same argument could be applied to the epigenome-wide association study. Our 
epigenetic results are still in the way of being replicated, because of the current 
inexistence of other cohorts with available DNAm data and functional outcome data on 
IS participants. Future studies with larger sample sizes will be needed to confirm the 
present findings. 
 
Population ethnicity 
 
Firstly, all the cohorts included in the study are from European descent, meaning that 
the whole findings are completely biased towards Caucasian individuals. Future studies 
with other populations would be very informative about the possible conservation of 
the results presented in different ethnicities, which would depend in great measure on 
the allele frequencies of each locus in a specific population. 
 
Comparing statistical power between GWAS and EWAS 
 
Focusing on the comparison of sample sizes and significance between genome-wide 
and epigenome-wide approaches used in this project, we can observe a clear evidence 
of the higher proportion of statistically significant results in EWAS: 3 CpGs Bonferroni 
criterion significant, despite smaller sample size (229 IS cases). In contrast, GWAS 
found 3 SNPs Bonferroni significant in the restrictive joint analysis with 2482 IS cases. 
This may be explained by the fact that DNA methylation data is a continuous variable, 
whereas genotyping data is a three category variable. Continuous variables are, for a 
same trait, more informative and have more statistical power to detect differences. 
This also explains the use of mRS measure as a continuous variable, instead of using 
the dichotomous bad outcome and good outcome variable in the GWAS and EWAS 
approaches. Furthermore, it is known that the more precise and informative is the 
studied variable to the real phenotype, the more statistical power the analyses have. 
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5.4. FUTURE PERSPECTIVES 
 
The work carried out during this thesis could serve as a guide for future genetic studies 
on the inter-individual differences in stroke functional recovery, since the basis for 
selecting an appropriate cohort have been settled down in the course of this project. 
With this study, we have generated extensive genotyping and phenotyping individual-
level data, which can help us to disentangle the genetic architecture of stroke recovery 
process in follow-up studies. The same analyses assessed in larger cohorts would yield 
extra common variants associated with outcome. 
 
Follow-up functional studies are warranted to deeply investigate these findings, using 
either in vitro models or cerebral tissue from human brain biopsies. This could help to 
establish whether PATJ and TRPV1 loci are differentially expressed in the tissue 
undergoing ischemic damage. It also could help to determine if our two candidates can 
function as biomarkers for the prognosis of functional outcome or if they could be 
targeted to improve the recovery process. In vitro studies with nervous tissue or in vivo 
mice models could help to validate our findings and also to identify other biological 
pathways or mechanisms that could be novel therapeutic targets for improving the 
rehabilitation strategies after IS. These functional studies could allow to detect the 
hypothesized interaction between the two candidate proteins of our study. 
 
Finally, the analysis of endophenotypes or intermediate-phenotypes could add 
substantial information of the genetic contribution to the recovery processes. The 
appropriate selection of the endophenotypes to be tested may increase the discovery 
power of indirect genetic associations. This is supported with the premise that the 
effect sizes of a genetic loci underlying an endophenotype are bigger than those 
underlying the phenotype207. For this reason, we want to test if the variants found in 
this thesis may be associated with other phenotypes apart from functional outcome. 
The first endophenotype to be analyzed it is leukoaraiosis and we will check if the 
variants found in PATJ, or the methylation levels in TRPV1, are associated with this 
endophenotype. Leukoaraiosis is the rarefaction of the brain white matter, with 
observable hyperintense white-matter lesions through FLAIR and T2 sequences of the 
magnetic resonance imaging (MRI). Leukoaraiosis is related to aging and it has been 
associated with VRF, stroke risk, and poor functional outcome after stroke208–210. 
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125 6.  Conclusions 

1. Genetics: 
 
a. The PATJ gene is associated with ischemic stroke functional outcome at 3 

months in a multi-cohort genome-wide meta-analysis. The presence of a risk 
allele increases the mRS value, indicating a worse functional outcome for the 
individuals with an accumulation of PATJ risk alleles. 

 

b. The exome sequencing approach identified 32 genes nominally significant with 
an accumulation of rare genetic variants in the bad outcome set of samples 
using the SKAT-O burden test and the CADD functional filter. The sample size 
was not big enough to reach statistical significance after multiple-analysis 
correction. 

 
2. Epigenetics: The hypermethylation of the promoter region in TRPV1 locus is 

associated with a better stroke outcome at 3 months. Lower TRPV1 expression 
levels correlates with a better outcome. The TRPV1 locus may play a negative role 
after ischemia, but functional studies are necessary to confirm these results. 
 

3. The expression levels of PATJ at 3 months and the expression levels of TRPV1 at 24 
hours are differentially expressed depending on stroke functional outcome at 3 
months. 

 
4. The discovery power is improved after applying restrictive selection criteria and 

adjusting for stroke severity at hospital discharge and other covariates related to 
stroke outcome. Although a well-phenotyping reduces the sample size, it also 
reduces the heterogeneity improving the statistical power to detect association. 

 
5. Some of the candidate genes identified in the different approaches are associated 

with 15 diseases and functions arbitrarily related to stroke functional outcome and 
two canonical pathways, using Ingenuity Pathway Analysis.  
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8.1. National Institute of Health Stroke Scale (NIHSS) 
 

1. Level of consciousness (LOC) 7-10. Motor (L/R arm + leg) 
0 Alert 0 No drift 
1  Drowsy 1 Drift 
2 Stuporous 2 Can't resist gravity 
3  Coma 3 No effort against gravity 
2. LOC questions (month, age) 4 No movement 
0  Both correct 0 Amputated/ joint fusion 
1 One correct 11. Limb ataxia (Finger-Nose, Heel-Knee-Shin) 
2  Incorrect 0 Absent 
3. LOC commands (close eyes, make a fist) 1 Present in 1 limb 
0 Both correct 2 Present in 2 limbs 
1 One correct 12. Sensation (pinprick) 
2 Incorrect 0 Normal 
4. Best gaze 1 Partial loss 
0 Normal 2 Severe loss 
1 Partial gaze palsy 13. Best language 
2 Forced deviation 0 No aphasia 
5. Visual Fields 1 Mild-mod aphasia 
0 No visual loss 2 Severe aphasia 
1 Partial hemi 3 Mute 
2 Complete hemi 14. Dysarthria 
3 Bilateral hemi 0 None 
6. Facial palsy 1 Mild-mod 
0 Normal 2 Near to unintelligible or worse 
1 Minor 0 Intubated/ unable to test 
2 Partial 15. Extinction and inattention 
3 Complete 0 No neglect 
   1 Partial neglect 
    2 Complete neglect 
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8.2. Cohorts included in the permissive joint GWAS 
 

1. LUND: The Lund Stroke Register (LSR) is an ongoing study including consecutive subjects 
with first-ever stroke since March 1, 2001 from the local uptake area of Skåne University 
Hospital, Lund (Sweden). Cases are included regardless of stroke severity, race-ethnic group 
belonging, or participation in any treatment trial. Those with iatrogenic or traumatic stroke 
are excluded. We included 197 IS individuals from LUND cohort for the GODS permissive 
joint GWAS. 
 

2. JHH: The Australian Stroke Genetics Collaborative (ASGC) enrolls cases since 1998 that are 
first-in-a-lifetime IS admitted to the Acute Stroke Units within the Hunter Stroke Service 
(John Hunter and Newcastle Mater Hospitals), the Central Coast Stroke Service (Gosford 
and Wyong Hospitals), Queen Elizabeth and the Royal Adelaide Hospitals, and the Royal 
Perth Hospital. We included 184 IS cases from JHH cohort for the GODS permissive joint 
GWAS. 
 

3. LEUVEN: The Leuven Stroke Genetics Study (LSGS) includes cases of European descent with 
cerebral ischemia, defined as a clinical stroke with imaging confirmation or a TIA with a new 
ischemic lesion on diffusion-weighted imaging. Patients who were admitted to the Stroke 
Unit of the University Hospitals (Leuven, Belgium) were enrolled in the LSGS between 2005 
and 2009. All participants from the LSGS study underwent brain imaging and a standardized 
protocol including lab examination, carotid ultrasound and cardiac examination. We 
included 140 participants for the GODS permissive joint GWAS. 
 

4. SAHLSIS: The Sahlgrenska Academy Study on Ischemic Stroke (SAHLSIS) SAHLSIS is a case-
control study based in Gothenburg, Sweden. Adult subjects who presented with acute IS 
before 70 years of age were recruited at stroke units in western Sweden from 1998 to 
2012. All participants underwent ECG and neuroimaging at the acute stage. Inclusion 
criteria was IS, defined as an episode of focal neurological deficits with acute onset and 
lasting >24 hours, with no apparent non-vascular cause, and no signs of primary 
hemorrhage on brain imaging. We included 118 IS cases from Sahlsis cohort for the GODS 
permissive joint GWAS. 

 
5. ESS: Edinburgh Stroke Study (ESS) included consecutive consenting patients with stroke 

Between 2002 and 2005, who were admitted at the Western General Hospital, Edinburgh. 
Patients were prospectively recruited from stroke centers in Edinburgh, Scotland, U.K. 
Cases in this study were of European origin, with a clinically evident IS, demonstrated by 
brain imaging. We included 52 patients from ESS for the GODS permissive joint GWAS.  
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8.3. Subpopulation analysis plots of the discovery GWAS 
 
 
1. GODS 
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ABSTRACT  

Objective. To analyze the effect of age-related DNA-methylation changes in multiple CpG sites 
(biological age) on patient outcomes at 3 months after an ischemic stroke. 
Methods. We included 511 patients with first-ever acute ischemic stroke assessed in Hospital del 
Mar (Barcelona) as the discovery cohort. Demographic and clinical data, including chronological 
age (c-Age), vascular risk factors, initial stroke severity, recanalization treatment, previous and 3-
month modified Rankin scale (p-mRS and 3-mRS, respectively) were registered. Biological age 
was estimated with an algorithm, based on DNA methylation in 71 CpGs. Bivariate analysis 
determined variables associated with 3-mRS for inclusion in ordinal multivariate analysis. 
Results. After ordinal regressions for 3-month IS outcome (3-mRS), b-Age was associated to 
outcome (OR=1.04 (95% CI 1.01-1.07)), nullifying c-Age. Stepwise regression kept b-Age, basal 
NIHSS, sex, p-mRS and recanalization treatment as better explanatory variables, instead of c-
Age. These results were successfully replicated in an independent cohort. 
Conclusions. Biological age, estimated by DNA methylation, is an independent predictor of 
ischemic stroke outcome regardless of chronological years. 
 

INTRODUCTION 

The identification of early outcome predictors is of prime importance for clinicians because the 
ischemic stroke (IS) recovery process varies considerably between individuals. Determining an 
individual patient’s risk of mortality and disability at admission could aid clinical care and 
improve the prognostic information provided patients and their family members 1–4. 

The most studied and understood epigenetic mechanism is DNA methylation (DNAm) that 
affects gene expression and chromatin organization. DNA methylation is reversible addition of a 
methyl group to a nucleotide, usually cytosine nucleotides, in the presence of cytosine-
phosphate-guanine (CpG)5. DNAm varies across the lifespan and its levels are influenced by 
lifestyle, environmental and genetic factors 6–8.  

Age-related changes in DNAm are well known, and CpGs methylation measured across the 
genome are used to estimate chronological age (c-Age) in humans 9,10. Using the Illumina 
BeadChip, one age predictor was created based on whole blood DNA from a single cohort of 656 
individuals, aged 19 to 101 9. The difference between chronological and methylation-predicted 
age, defined as average age acceleration, can be used to determine whether the DNAm age, also 
called biological age (b-Age), is consistently higher or lower than expected. Moreover, 
accelerated aging is associated to mortality independently of healthiness, lifestyle and genetic 
features 11–13. 

In the present study, we hypothesized that b-Age would be more accurate than c-Age in 
predicting stroke outcome. The aim of our study was to assess the b-Age contribution to 
functional outcome at 3 months after an ischemic stroke.  

 

MATERIALS AND METHODS 

Study Participants 

Cross-sectional study includes 2 independent prospective cohorts of Caucasian IS patients from 2 
hospitals in Barcelona, Spain, analyzed retrospectively. The discovery cohort was recruited from 
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2009 to 2012 in the Hospital del Mar (BASICMAR Register) 14,15 and Vall d’Hebron (VH) 
hospital provided the replication cohort. Inclusion criteria were as follow for both cohorts: (1) 
first-ever IS, (2) brain imaging with CT or MRI available in the acute phase, (3) availability of 
clinical data supporting the assigned stroke subtype according to TOAST classification16, (4) 
previous modified Rankin scale [mRS] of ≤2, and (5) absence of concomitant illness such 
as intracranial hemorrhage, neoplasms or vasculitis. All patients were assessed and classified by 
a neurologist and were included in the study by consecutive order of recruitment. 

 

Clinical Variables 

All patients were evaluated at hospital admission by a neurologist and received a CT scan in the 
emergency room. Functional independence previous to IS was recorded as previous modified 
Rankin scale (p-mRS) score. Initial severity was evaluated using the National Institutes of Health 
Stroke Scale (NIHSS). Recanalization treatment included tPA (first 4.5 h) or endovascular 
treatment. TOAST classification was recorded. 

The main end-point, 3-month outcome (3-mRS), was assigned a score ranging from 0 (no 
symptoms) to 6 (death) 17,18. Disability data were obtained from a clinic visit at 3-month follow-
up or, in those few cases when individuals did not attend the visit, a trained staff member made 
telephone contact to assess functional status using the mRS. Mortality data was obtained from 
electronic medical records, hospital admissions records, or by telephone contact with primary 
care physicians or family members. Diagnostic procedures, care methods, and secondary 
prevention measures were carried out in accordance with current stroke guidelines. 

 

Demographic and Vascular Risk Factor Variables 

Data on vascular risk factors were obtained from direct interview of the patient, relatives, and 
caregivers, and from medical records, and were recorded as defined in international guidelines. 
Examinations and standardized questionnaires were done by a team of neurologists, as previously 
described 15. 

Age, sex, and vascular risk factors for both cohorts were collected with a structured questionnaire 
and based on physician’s diagnosis or use of medication, as well. Arterial hypertension (evidence 
at least 2 determinations of systolic blood pressure ≥140 mmHg or diastolic ≥90 mmHg previous 
to stroke; hyperlipidemia (serum cholesterol concentration >220 mg/dL, low-density lipoprotein 
cholesterol (LDL) >130 mg/dL, or serum triglyceride concentration >150 mg/dL); diabetes 
mellitus (evidence of at least 2 fasting blood glucose values ≥ 126 mg/dl); coronary heart disease; 
atrial fibrillation and self-reported smoking habit 15.  

DNA samples were extracted from whole peripheral blood collected in 10 mL EDTA tubes in the 
acute phase of the stroke, at hospital arrival (maximum within 12 hours), as previously 
described 15.  

 

Array-based DNA Methylation Analysis  

Genomic DNA (1 µg) was bisulfite-converted using the EZ-96 DNA Methylation Kit (Zymo 
Research, Orange, CA, USA). Illumina HumanMethylation450 Beadchip (Illumina Netherlands, 
Eindhoven, Netherlands) was used to assess genome-wide DNAm. All these processes were 
carried out in Progenika Biopharma (Bizkaia, Spain). 

Data were pre-processed using standardized pipelines 19,20. Sample and CpG quality controls and 
the statistical analysis were performed as described in a previous publication 15. Methylation 
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values are estimated as β values that ranges between 0 (completely unmethylated) and 1 
(completely methylated) 21,22. We used a previously published algorithm to infer white blood cell 
counts from DNAm data 10,23. 

 

DNA Methylation Age  

DNAm age, also known as “epigenetic age” or “biological age” (b-Age), was calculated using 
the DNAm levels of whole-blood DNA. We used the method based on 71 CpGs from Illumina 
450 K Methylation array, using data generated from whole blood 9. DNAm age was calculated as 
the sum of the beta values multiplied by the reported effect sizes for the 71 CpGs. After 
methylation quality controls, 69 of 71 CpGs were used to estimate b-Age. Cg16419235 and 
cg22016779 were excluded because failed probe detection with beta values -1.60 and 1.79, 
respectively, with minimal effect in the prediction capability of the algorithm. We chose this 
method for this study instead of other age estimators because it performed better in estimation of 
age from whole blood, as we previously reported 13. 

 

Statistical Analysis 

Continuous variables are presented as means and standard deviation or medians and interquartile 
ranges (IQR), and categorical variables as absolute values and percentages. For the univariate 
analysis, baseline and 3-mRS characteristics of IS were compared using ANOVA test for 
continuous variables and χ 2 test for categorical variables. 

We used ordinal logistic regression to test for independent predictors of 3-month IS outcome (3-
mRS). Patients with mRS 5 and 6 were collapsed into a single group in order to meet the 
assumption of proportional odds for ordinal logistic regression models. Three statistical models 
were used. Model 1, the full model, was adjusted for the characteristics that were most 
representative and statistically associated (p≤0.1) with outcome variables. It included c-Age, b-
Age, sex, recanalization treatment, TOAST, NIHSS, p-mRS, dyslipidemia, atrial fibrillation, 
coronary heart disease, and smoking habit. Model 2 is the most efficient model, selected by 
stepwise regression. Model 3 (sensitivity analysis) is further adjusted by blood cell estimations 
(CD14 monocytes, CD56 natural killer, CD19 B-cells, granulocytes, CD4 T cells, CD8 T cells, 
naïve CD8 T cells, naïve CD4 T cells, CD8+CD28‐CD45RA‐ and plasmablast) 10,23.  

Potential b-Age outliers were assessed by studentized residuals, selecting samples with absolute 
values higher than 2 (n=23). All statistical analyses were repeated without these outliers, with 
similar results (data not shown). Therefore, we considered more appropriate to include all the 
samples in the model to avoid bias and the flattening effect on the explanatory model if it loses 
the contribution of these individuals with marked deviation from their chronological age. 

All statistical analysis was performed using, STATA, and SPSS (version 18.0),  R (version 
3.2) 24. The following packages were utilized in R: minfi, sva and limma 25–27. All analyses were 
two-tailed. Statistical significance was set at a p-value of 0.05. 

 

Ethics 

Local ethics committees, CEIC-Parc de Salut Mar and the Ethics Committee of the Vall d'Hebron 
Hospital, Barcelona, approved the study.  Written Informed consent was provided by all 
participants or their approved proxy. The principles expressed in the Declaration of Helsinki and 
relevant national legislation were followed. 
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RESULTS 

Demographics of the study population are summarized in Table 1. We found that b-Age had a 
strong positive correlation with c-Age (Figure 1).  

Bivariate analyses for IS outcome at 3 months (3-mRS) in discovery cohort is summarized in 
Table 2. Chronological age, proportion of women, initial NIHSS, p-mRS, atrial fibrillation, 
TOAST, smoking habit, and dyslipidemia were associated with outcome at 3-months. No 
statistical differences were observed regarding recanalization treatment, hypertension, diabetes 
mellitus, or coronary heart disease. 

Ordinal multivariate regression analysis for 3-mRs is shown in Table 3. The fully adjusted 
Model 1 showed an explanatory power of R-square =0.439, and included all variables that were 
associated in the univariate analysis (b-Age, c-Age, sex, TOAST, basal NIHSS, dyslipidemia, 
atrial fibrillation and smoking habit), as well as recanalization treatment. In this model, b-Age 
was associated to 3-mRS, nullifying c-Age. The stepwise regression model (Model 2) had an 
explanatory power of 0.435 for outcome at 3 months. It selected as the most efficient model the 
one including b-Age, sex, recanalization treatment and basal NIHSS. In this model, b-Age was 
statistically associated with 3-mRS, and a better explanatory variable for outcome than c-Age, 
which was dropped from the model. Initial NIHSS and female sex were also associated with poor 
outcome. On the other hand, recanalization treatment remained a protective factor. Given that 
age-related changes in blood cell composition are well documented, Model 3 was further 
adjusted by blood cell proportion, and showed that b-Age remained statistically significant.  All 
models fulfilled the proportional odds assumption and were statistically significant.  

When previous mRS was included in model 1, the results changed slightly. Previous mRS 
showed p-value<0.001 [OR=2.17 (95% CI 1.71-2.75)] and b-Age p-value =0.013 [OR= 1.04 
(95%CI 1.01-1.07)], nullifying c-Age. However, this information was excluded because the 
replication cohort data did not classify p-mRS from 0 to 6, but only shows the functional status as 
independent/ dependent. For this reason, we choose to select only those individuals with previous 
independent functional status. 

These results were successfully validated in a replication cohort (N=85). Demographic 
characteristics of the replication cohort are summarized in Table 1. Replication of Model 1 
shows an explanatory power of 0.419, with a b-Age close to statistical significance, nullifying c-
Age as well. The stepwise regression model explained R-square =0.421, and the most efficient 
model was the one including only b-Age and basal NIHSS, with effects similar to those observed 
in the discovery cohort (Table 4).  

 

DISCUSSION 

We report that biological aging, an epigenetic biomarker estimated through DNAm values, better 
predicted 3-month outcome after an IS event than chronological aging. Results were validated in 
an independent IS cohort.  

The b-Age concept has been proposed as a better predictor of lifespan and functional capacity 
than c-Age alone 28. In this context, b-Age seems to give more information about the basal 
biological health of individuals. Our results show that b-Age is an independent predictor of IS 3-
month outcome, even after adjusting by precise c-Age and traditional vascular risk factors, 
baseline NIHSS, and blood cell proportion.  

One possible explanation for this association could lie in the accumulation of environmental 
exposures that may contribute to epigenetic changes with age. DNAm levels have been 
associated with age-related disorders such as metabolic disease and cancer 7,13,29,30. In this 
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context, b-Age could echo the burden of exposures (vascular risk factors, lifestyle habits, and 
environment) and provide an accurate measurement of the effect on the individual of these 
exposures that influence aging and potential longevity 28.  

The NIHSS, a well-validated tool for assessing initial stroke severity, has been previously 
postulated as the strongest predictor of mortality and functional outcomes after a stroke, followed 
by age; the traditional comorbidity index contributed little to the overall model 2–4.  Our results 
ratify these reports. 

Biological Age and IS outcome might be linked through age-related changes to the neurovascular 
unit, comprised of endothelial cells, pericytes, glia, and neurons. It has been increasingly 
accepted that aging is an important factor that promote the vulnerability to ischemic 
injury and neurodegeneration. Aging causes molecular damage, organelle dysfunction and 
cellular injury in the components of neurovascular unit, leading to structural and functional 
impairments 31,32. Individuals with age acceleration would increase the vulnerability of their of 
neurovascular unit, limiting its recovery capacity or neuroplasticity. 

Biological age, measured through DNA methylation, informs as well or even better than c-Age 
about the individual capacity to endure and recover from an injury such as stroke. However, c-
Age is easier to obtain than b-Age and we do not suggest to replace one with the other, but we 
want to show that DNA methylation captures all the information that c-Age provides plus 
probably other exposures that may be prevented or modified. In the acute phase of stroke, b-Age 
might not be very relevant, but it could be useful in the prevention and control of vascular risk 
factors and risk of stroke. 

A major strength of this study is that it evaluates the power of the associations between biological 
– contrasted with chronological– age and 3-month outcome after an IS event. 

Some limitations of the study should be considered. We measured methylation levels in 
peripheral blood-cell DNA and for some CpGs the methylation is tissue-specific 33. Therefore, 
we could have lost signals by not choosing distinct tissues where epigenetic age may have a 
higher repercussion on stroke outcome and mortality at 3 months. However, methylation 
patterning of whole blood has been described as a good approach for the methylation of a 
specific location 6,34. In this cross-sectional study, we cannot establish the causality of biological 
aging, but we can use these findings as potential biomarkers of IS outcome. 

Biological aging was more strongly associated to IS outcome at 3 months than chronological 
aging. Epigenetic age could be considered a useful new biomarker to help physicians better 
predict the post-stroke evolution of patients. 
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Table 1. Descriptive characteristics and bivariate analysis of ischemic stroke cohorts. 

 

 Discovery 
N=511 

Replication 
N=85 P-values 

 

Age* 75 (65-81) 74 (66-80) 0.715 

Sex, female, n (%) 214/511 (41.9) 25/85 (29.4) 0.030 

Dyslipidemia, n (%) 237/511 (46.4) 35/83 (42.2) 0.475 

Hypertension, n(%) 367/511 (71.8) 53/85 (62.4) 0.076 

Diabetes, n(%) 211/511 (41.3) 20/85 (23.5) 0.002 

Coronary heart disease, n(%) 71/509 (13.9) 15/84 (17.9) 0.346 

Atrial fibrillation, n (%) 171/511 (33.5) 20/83 (24.1) 0.090 

Smoking habit, n (%)   0.751 

Current 129/509 (25.3) 20/83 (24.1)  

Never/Former smokers 380/509 (74.7) 63/83 (75.9)  

Ischemic stroke etiology, n (%)   <0.001 

     Large-artery atherosclerosis 135/511 (26.4) 35/84 (41.7)  

     Small-artery disease 182/511 (35.6) 8/84 (9.5)  

     Cardioembolism 194/511 (38.0) 19/84 (22.6)  

     Undetermined - 22/84 (26.2)  

NIHSS, points* 5 (2-9) 9 (3-17) <0.001 

Recanalization treatment,  n (%) 91/511 (17.8) 42/82 (51.2) <0.001 

Previous mRS, n (%)   NA 

0 375/511 (73.4) 

85/85 (100) 

 

1 74/511 (14.5)  

2 62/511 (12.1)  

3- months mRS, n (%)   0.008 

0 98/511 (19.2) 20/85 (23.5)  

1 114/511 (22.3) 15/85  (17.6)  

2 106/511 (20.7) 6/85  (7.1)  

3 67/511 (13.1) 12/85  (14.1)  

4 54/511 (10.6) 12/85  (14.1)  

5 7/511 (1.4) 5/85  (5.9)  

6 65/511 (12.7) 15/85  (17.6)  

r Pearson† 0.81 0.77 NA 

 
* Median (Interquartile range) 
† Pearson Correlation coefficient between chronological age and biological age 
NIHSS, National Institutes of Health Stroke Scale; mRS, modified Rankin Score; NA, not applicable 
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Table 2. IS outcome at 3 months (3-mRS). Bivariate analysis of discovery cohort. 

 

 Discovery cohort mRS at 3 months (N=511) 
 0 

(n=98) 
1 

(n=114) 
2 

(n=106) 
3 

(n=67) 
4 

(n=54) 5 (n=7) 6 (n=65) p-
value 

Age (years)* 70.7 
(11.1) 

70.4 
(9.9) 

71.9 
(12.8) 

74.7 
(11.6) 

77.0 
(9.1) 

78.6 
(6.6) 

79.6 
(8.8) 

<0.001 

Sex (female), n (%) 30 
(30.6) 

40 
(35.1) 

42 
(39.6) 

30 
(44.8) 

28 
(51.9) 

6 
(85.7) 

40 
(61.5) 

<0.001 

NIHSS† 2 (1-5) 3 (2-5) 4 (3-7) 5 (3-10) 
11 (6-

18) 
20 (4 -

21) 
18 (12-

21) 
<0.001 

Recanalization treatment, 
n (%) 

20 
(20.4) 

16 
(14.0) 

15 
(14.2) 

12 
(17.9) 

8 
(14.8) 

1 
(14.3) 

20 
(30.8) 

0.113 

Dyslipidemia, n (%) 50 
(51.0) 

68 
(59.6) 

47 
(44.3) 

28 
(41.8) 

22 
(40.7) 

4 
(57.1) 

19 
(29.2) 

0.005 

Hypertension, n (%) 65 
(66.3) 

82 
(71.9) 

73 
(68.9) 

47 
(70.1) 

41 
(75.9) 

7 (100) 
51 

(78.5) 
0.361 

Diabetes mellitus, n (%) 37 
(37.8) 

42 
(36.8) 

45 
(42.5) 

32 
(47.8) 

24 
(44.4) 

5 
(71.4) 

26 
(40.0) 

0.476 

Coronary heart disease, n 
(%) 

17 
(17.5) 

13 
(11.5) 

14 
(13.2) 

6 (9.0) 
6 

(11.1) 
1 

(14.3) 
13 

(20.0) 
0.490 

Atrial fibrillation, n (%) 29 
(29.6) 

24 
(21.1) 

24 
(22.6) 

17 
(25.4) 

28 
(51.9) 

3 
(42.9) 

48 
(73.8) 

<0.001 

Smokers, n (%) 23 
(23.5) 

35 
(30.7) 

36 
(34.0) 

17 
(25.4) 

9 
(16.7) 

1 
(14.3) 

8 (12.7) 0.001 

Ischemic stroke etiology 
Large-artery 

atherosclerosis, n (%) 
Small-vessel disease, n (%) 

Cardioembolic, n (%) 

 
22 

(22.4) 
39 

(39.8)  
37 

(37.8) 

 
27 

(23.7) 
58 

(50.9) 
29 

(25.4) 

 
33 

(31.3) 
47 

(44.3) 
26 

(24.5) 

 
25 

(37.3) 
23 

(34.3) 
19 

(28.4) 

 
11 

(20.4) 
13 

(24.1) 
30 

(55.6) 

 
1 

(14.3) 
2 

(28.6) 
4 

(57.1) 

 
16 

(24.6) 
0 (0) 
49 

(75.4) 

<0.001 

 
* Mean (Standard deviation) 
† Median (Interquartile range) 
NIHSS, National Institutes of Health Stroke Scale 
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Table 3. Ordinal multivariate regression models outcome at 3 months (3-mRs), discovery 
cohort.  Model 1 is adjusted by recanalization treatment and all variables associated in the 
univariate analysis. In Model 2, stepwise lineal regression selected the most efficient model using 
the variables included in Model 1. Model 3 is model 2 also adjusted by blood cell estimations. 
 
 

Discovery Cohort 
(N=511) 

Model 1 Model 2 Model 3 
P- 

value 
OR (95%CI) 

R2=0.439 
P- 

value 
OR (95%CI) 

R2=0.435 
P- 

value 
OR (95%CI) 

R2=0.454 

Biological age 0.008 
1.04 (1.01-

1.07) 
<0.001 

1.04 (1.02-
1.06) 

0.040 
1.02 (1.00-

1.04) 

Chronological age 0.807 
1.00 (0.98-

1.03) 
- - - - 

Sex, female 0.004 
1.78 (1.20-

2.64) 
0.021 

1.47 (1.06-
2.04) 

0.038 
1.43 (1.02-

2.00) 
Recanalization 

treatment <0.001 
0.38 (0.24-

0.62) 
<0.001 

0.39 (0.24-
0.63) 

<0.001 
0.42 (0.26-

0.68) 

NIHSS <0.001 
1.27 (1.22-

1.31) 
<0.001 

1.26 (1.21-
1.30) 

<0.001 
1.25 (1.21-

1.30) 
Ischemic stroke 

etiology 0.534 
0.90 (0.66-

1.24) 
- - - - 

Dyslipidemia 0.045 
0.72 (0.52-

0.99) 
- - - - 

Atrial fibrillation 0.470 
0.80 (0.44-

1.46) 
- - - - 

Smoking habit 0.321 
1.14 (0.88-

1.47) 
- - - - 

Blood cell estimations - - - - - - 

Monocytes - - - - 0.680 - 

NK - - - - 0.929 - 

B-cells - - - - 0.826 - 

Granulocytes - - - - 0.685 - 

CD4 T cells - - - - 0.570 - 

CD8 T cells - - - - 0.296 - 

naïve CD8 T cells - - - - 0.165 - 

naïve CD4 T cells - - - - 0.708 - 

CD8+CD28‐CD45RA‐ - - - - 0.256 - 

Plasmablast - - - - 0.999 - 

 
R, odds ratio; CI, confidence interval; mRS, modified Rankin Score; R2, Nagelkerke's R-squared ; NIHSS, 
National Institutes of Health Stroke Scale. NK, Natural Killer. 
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Table 4. Ordinal multivariate regression models outcome at 3 months (3-mRs), replication 
cohort.  Model 1 is adjusted by recanalization treatment and all variables associated in the 
univariate analysis. In Model 2, stepwise lineal regression selected the most efficient model using 
the variables included in Model 1. 
 
 

Replication Cohort 
(N=85) 

Model 1  Model 2 

P- value OR (95%CI) 
R2=0.419 P- value 

OR (95%CI) 
R2=0.421 

Biological age 0.071 1.06 (1.00-1.13) 0.007 1.06 (1.02-1.10) 

Chronological age 0.776 0.99 (0.92-1.06) - - 

Sex, female 0.247 1.93 (0.63-5.85) - - 

Recanalization treatment 0.048 0.25 (0.06-0.99) - - 

Ischemic stroke etiology 0.046 0.69 (0.48-0.99) - - 

NIHSS <0.001 1.24 (1.12-1.39) <0.001 1.16 (1.09-1.23) 

Dyslipidemia 0.787  1.13 (0.45-2.83) - - 

Atrial fibrillation 0.298 2.12 (0.52-8.71) - - 

Smoking habit 0.634 1.29 (0.45-3.69) - - 

 
OR, odds ratio; CI, confidence interval; mRS, modified Rankin Score; R2, Nagelkerke's R-squared; NIHSS, 
National Institutes of Health Stroke Scale. 
 
 
 
 
Figure 1. Plot of predicted biological age against chronological age. r, Pearson correlation.  
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