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Abstract

Background: Migraine is a complex neurological disorder that is considered the most common disabling brain
disorder affecting 14 % of people worldwide. The present study sought to infer potential causal relationships
between self-reported migraine and other complex traits, using genetic data and a hypothesis-free approach.

Methods: We leveraged available summary statistics from genome-wide association studies (GWAS) of 1,504
phenotypes and self-reported migraine and inferred pair-wise causal relationships using the latent causal variable
(LCV) method.

Results: We identify 18 potential causal relationships between self-reported migraine and other complex traits.
Hypertension and blood clot formations were causally associated with an increased migraine risk, possibly through
vasoconstriction and platelet clumping. We observed that sources of abdominal pain and discomfort might
influence a higher risk for migraine. Moreover, occupational and environmental factors such as working with paints,
thinner or glues, and being exposed to diesel exhaust were causally associated with higher migraine risk.
Psychiatric-related phenotypes, including stressful life events, increased migraine risk. In contrast, ever feeling
unenthusiastic / disinterested for a whole week, a phenotype related to the psychological well-being of individuals,
was a potential outcome of migraine.

Conclusions: Overall, our results suggest a potential vascular component to migraine, highlighting the role of
vasoconstriction and platelet clumping. Stressful life events and occupational variables potentially influence a higher
migraine risk. Additionally, a migraine could impact the psychological well-being of individuals. Our findings
provide novel testable hypotheses for future studies that may inform the design of new interventions to prevent or
reduce migraine risk and recurrence.
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Introduction
Migraine is a complex neurological disorder charac-
terised by intense, debilitating headaches on one side of

the head, and it is often accompanied by nausea, vomit-
ing, numbness, and sensitivity to light and sound. Mi-
graine is the most common disabling brain disorder,
affecting 14 % of the population [1–5].
A migraine episode is commonly composed of three

stages [1, 3, 6, 7]. First, during the prodromal phase,
which can last from a couple of hours to several days, in-
dividuals may experience fatigue, lack of concentration,
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excessive yawning, irritability, neck stiffness, light sensi-
tivity, and nausea [1, 3, 6, 7]. Then, in the headache
phase, which can last a few hours or days, individuals are
affected by strong headaches on one side of the head along
with dizziness, light sensitivity, and vomiting [1, 3, 6, 7].
Finally, the postdromal phase lasts a few hours or a day,
and individuals are no longer afflicted by headache pain.
Still, individuals can experience fatigue, irritability, nausea,
light sensitivity, and lack of concentration [1, 3, 6, 7].
Migraine is a heritable trait, with heritability estimated

between 30 and 60 % [8]. Genome-wide association stud-
ies (GWAS) have led to substantial advances in under-
standing migraine’s genetic aetiology. In particular,
GWAS have identified over 40 genomic risk loci for mi-
graine [9] and genetic overlap between migraine and
other phenotypes, including attention-deficit hyperactive
activity disorder (ADHD), major depressive disorder,
epilepsy, stroke, and coronary artery disease [8]. None-
theless, the identification of a shared genetic architecture
between traits does not imply a causal relationship. A
genetic correlation could be explained by vertical pleio-
tropic effects (i.e., a genetic variant’s effect on a trait is
mediated by its effect on another trait) or by horizontal
pleiotropy (i.e., genetic variants have an effect on both
traits). In particular, horizontal pleiotropy, and sample
overlap, are known to bias estimates and increase the
possibility of false-positive findings in genetic epidemi-
ology studies using traditional methods, such as Mendel-
ian randomisation, to assess causality [10, 11].
As an alternative to Mendelian randomisation, the la-

tent causal variable method (LCV) was developed to
provide an opportunity to investigate potential causal as-
sociations with a different approach (see Methods) [10].
Advantages of the LCV method include that it is able to
minimise the effects of sample overlap [10, 12–14], it is
less susceptible to confounding by horizontal pleiotropy
[10, 12], and it uses aggregated genetic information
throughout the entire genome to increase statistical
power, allowing to test “underpowered” phenotypes with
none or few significant genome-wide loci [10, 12–14].
Despite extensive efforts to understand migraine’s aeti-

ology, there is still a growing need to generate investiga-
tion lines that can successfully incorporate results and
hypotheses from genetic studies of migraine into clinical
practice. That could enable the identification of disease-
modifying traits and pinpoint the underlying causes of this
complex neurological disorder. Here, we conduct a multi-
trait analysis of GWAS with samples for self-reported mi-
graine in the 23andMe cohort and chronic headaches in
the UK Biobank. Then, we leverage an extensive collection
(N = 1,504) of GWAS summary statistics to conduct a
hypothesis-free phenome-wide screening of traits causally
associated with migraine using the latent causal variable
(LCV) method. Our results generate testable hypotheses

for future studies and provide novel insights into the rela-
tionship between migraine and overall health.

Methods
Sample
The present study used samples from the 23andMe and
UK Biobank cohorts. Details are given below.

23andMe cohort
The 23andMe cohort comprised 30,465 self-reported
migraine cases and 143,147 controls and was previously
included in the meta-analysis by Gormely et al. [15]. Par-
ticipants provided informed consent and reported their
migraine diagnosis. Covariates included sex, age, and five
principal genetic components.

UK Biobank cohort
We used information for chronic headaches as a proxy
trait for migraine, as several cases of migraine might
have been undiagnosed or lacking an ICD10 code.
Chronic headaches were defined as pain in the head last-
ing for at least three months. In total, 39,283 (~ 9 %) of
the UK Biobank participants included in the analysis
were considered cases for chronic headaches.
Chronic headache was defined using the item “Have

you had headaches for more than three months?” (Field-
ID: 3799), which could be answered with “Yes”, “No”,
“Do not know”, or “Prefer not to answer”. Individuals
that selected “Yes” were defined as cases, whereas those
who selected “No” for headaches for more than three
months were defined as controls. GWAS was performed
using REGENIE (v1.0.6.2), a method that implements a
logistic mixed-effects model. This approach models gen-
etic relationships between individuals as a random effect
to account for cryptic relatedness. Quality control con-
sisted of excluding variants with minor allele frequency
(MAF) < 0.005, imputation quality < 0.6 and those deviat-
ing from Hardy–Weinberg equilibrium (p-value < 1 ×
10− 5). After quality control exclusions, a total of 11,172,
285 single nucleotide polymorphisms (SNPs) remained
in the analysis. Subject data were excluded if their
genotype-derived principal components 1 and 2 were
further than six standard deviations away from 1000 Ge-
nomes European sample population. Sex, age, genotyp-
ing array, and the top 10 principal components derived
from genetic data were used as covariates for the associ-
ation analysis. After quality control, a total of up to 441,
088 individuals remained in the GWAS.

GWAS Multivariate analysis
Given that chronic headaches and self-reported migraine
represent highly related but not the same trait, we per-
formed a multi-trait analysis of GWAS (MTAG) analysis
[16]. This approach leverages LD-score regression [17]
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to estimate a genetic correlation between two GWAS
and perform a weighted meta-analysis and boost statis-
tical power. We used MTAG(v2019/08/26) to combine
the 23andMe self-reported migraine GWAS summary
statistics with the UK-Biobank chronic headaches
GWAS and observed a robust genetic correlation (rG=
0.83 s.e.=0.05). Because the current study’s scope is mi-
graine, we focused on the output specific to migraine,
which had > 35 genome-wide significant loci.

Datasets
The Complex Traits Genomics Virtual Lab (CTG-VL;
https://genoma.io/) [18] has made available a compil-
ation of GWAS summary statistics for 1,504 traits. A
substantial proportion of these correspond to the second
wave of GWAS results from the UK Biobank released by
the Neale Lab (www.nealelab.is/uk-biobank/) [19], and
the rest come from multiple GWAS consortia. Thus,
most GWAS were performed using European ancestry
individuals, and traits include objective laboratory mea-
surements, self-reported phenotypes, and consortia
meta-analyses. UK Biobank GWAS were adjusted for
age, age-squared, inferred sex, age * inferred sex, age-
squared * inferred sex, and 20 genetic ancestry principal
components [18, 19]. For the present study, only GWAS
derived from European populations were used to avoid
biases due to population differences in linkage-
disequilibrium and allele frequencies [18].

Genetic correlations
A genetic correlation indicates the extent to which gen-
etic effect sizes at common genetic variants are shared
between two different phenotypes [13, 20]. We per-
formed genetic correlation analyses using an offline ver-
sion of CTG-VL for the LCV method, in which a linkage
disequilibrium score regression [17] is used to assess a
genetic correlation between two traits. Multiple testing
was corrected for using Benjamini-Hochberg’s False Dis-
covery Rate (FDR < 5 %).

Genetic causal proportion
We estimated the genetic causal proportion (GCP) be-
tween migraine and 1,504 other phenotypes using the
phenome-wide analysis pipeline in the CTG-VL as de-
scribed in previous studies [12–14] to assess if a signifi-
cant genetic correlation could be explained by a
potential causal relationship between the two traits.
Shortly, the CTG-VL implemented the phenome-wide
LCV analysis pipeline in R 4.0.0 [12] based on the R
script that the original authors of the LCV method [10]
have made available in the Github repository (https://
github.com/lukejoconnor/LCV). Further, to ensure
consistency of alleles and variants across GWAS sum-
mary statistics, data was formatted using munge_

sumstats.py, which is available by the LD-score software
and extracted hapmap SNPs using the provided list of
SNPs (w_hm3.snplist) (https://github.com/bulik/ldsc/
wiki). In the present study, we uploaded GWAS sum-
mary statistics for migraine onto CTG-VL. Then, we
performed the phenome-wide analysis pipeline to esti-
mate genetic correlations and GCP estimates with LD-
score regression and LCV, respectively. Finally, we used
causal architecture plots to illustrate our results. A de-
tailed and illustrated description of this approach is
available in previous studies [12, 13].
Regarding correction for multiple comparisons, we ap-

plied the LCV method to estimate the GCP for all phe-
notypes with evidence of a genetic correlation with self-
reported migraine at Benjamini-Hochberg’s False Dis-
covery Rate (FDR < 5 %). Then, FDR < 5 % was used to
account for multiple comparisons and identify those
traits that had evidence of a potential causal relationship
based on their GCP.
LCV leverages GWAS summary statistics to estimate a

genetic correlation and relies on a latent variable L, as-
sumed to be the causal constituent mediating the genetic
correlation between both traits, to estimate the genetic
causality proportion (GCP) [10, 12, 13, 21]. An absolute
GCP value of 1 indicates the detection of a causal associ-
ation that could be explained by vertical pleiotropic ef-
fects among a pair of genetically correlated phenotypes
(i.e., the effect of a genetic variant on a trait is mediated
by its effect on another trait). In contrast, a GCP value
of zero implies horizontal pleiotropic effects between the
phenotypes, in which case an intervention on any of
them would not affect the other, a consequence of the
absence of genetic causality between them [10, 12, 13].
Also, a |GCP| < 0.60 is considered low and indicates
limited partial genetic causality [10]. Multiple testing
was corrected for using Benjamini-Hochberg’s False Dis-
covery Rate (FDR < 5 %).

Results
We identified 510 significant genetic correlations of
which 17 were found to be potential causal associations
with self-reported migraine (|GCP| > 0.60; FDR < 5 %;
Supplementary File 1) and one showed evidence of lim-
ited partial genetic causality (|GCP| < 0.60; FDR < 5 %;
Supplementary File 1).
Traits identified to potentially increase self-reported

migraine risk include phenotypes allocated in the Inter-
national Classification of Diseases (ICD10) such as dia-
phragmatic hernia (rG = 0.53, GCP = -0.77, GCPpvalue =
4.85 × 10 − 06), ventral hernia (rG = 0.27, GCP = -0.68,
GCPpvalue = 7.04 × 10 − 04), and benign neoplasm of colon,
rectum, anus and anal canal (rG = 0.19, GCP = -0.71,
GCPpvalue = 2.91 × 10 − 08) (Fig. 1; Table 1).
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Our results show that self-reported migraine influ-
ences an increase in the intake of the analgesic Paraceta-
mol (rG = 0.66, GCP = 0.77, GCPpvalue = 9.70 × 10 − 23).
In contrast, a higher self-reported migraine risk is influ-
enced by traits involving the use of various medications
such as, Clopidogrel, which is an antiplatelet drug, and
Felodipine commonly prescribed for hypertension (Fig. 1;
Table 1).
Self-reported cardiovascular phenotypes such as deep

venous thrombosis (DVT) (rG = 0.21, GCP = -0.80,
GCPpvalue = 1.59 × 10 − 08) and pulmonary embolism (rG
= 0.19, GCP = -0.65, GCPpvalue = 1.45 × 10 − 03) appear
to increase self-reported migraine risk, as do some phe-
notypes diagnosed by a doctor, including a blood clot in
leg (rG = 0.19, GCP = -0.79, GCPpvalue = 5.15 × 10 − 08)
and stroke (rG = 0.32, GCP = -0.63, GCPpvalue = 7.55 ×
10 − 06) (Fig. 1; Table 1).
For psychiatric-related phenotypes, self-reported mi-

graine was a potential outcome of stressful life events
such as death of a close relative in the last two years (rG
= 0.27, GCP = -0.81, GCPpvalue = 6.00 × 10 − 09), whilst
ever feeling unenthusiastic / disinterested for a whole

week (rG = 0.53, GCP = 0.70, GCPpvalue = 4.25 × 10 − 04)
was a putative migraine consequence.
Occupational-related variables such as worked with

paint, thinner or glues (rG = 0.28, GCP = -0.72, GCPpvalue
= 1.39 × 10 − 04) and being at a workplace that had a lot
of diesel exhaust (rG = 0.25, GCP = -0.81, GCPpvalue =
3.69 × 10 − 04) potentially increase self-reported migraine
risk (Fig. 1; Table 1).

Discussion
The present study contributes to advance the under-
standing of migraine’s aetiology by providing insights
into migraine’s causal architecture. We used GWAS data
to investigate potential causal associations between self-
reported migraine and 1,504 different phenotypes and
identified 18 inferred causal associations. Overall, our re-
sults show a putative vascular component to self-
reported migraine and suggest that abdominal discom-
fort and stressful life events could increase self-reported
migraine risk.
Abdominal discomfort has been previously associated

with migraine [22–24]. For example, it has been shown

Fig. 1 Potentially causal associations for migraine. Causal architecture plots illustrating the latent causal variable exposome-wide analysis results.
Each dot represents a trait with a significant genetic correlation with migraine. The y-axis shows the genetic causality proportion (GCP) absolute
Z-score (statistical significance), whilst the x-axis exhibits the GCP estimate. The red dashed lines represent the statistical significance threshold
(FDR < 5 %), while the division for traits causally influencing migraine (on the left ) and traits causally influenced by migraine (on the right) is
represented by the grey dashed lines. Phenotypes in blue show a positive genetic correlation with migraine, while phenotypes in red show a
negative genetic correlation with migraine
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that migraine among patients with abdominal discomfort
can be eased once the abdominal pain source is treated
[22, 23]. Thus, a plethora of studies seeks to determine
whether gastrointestinal factors could influence the de-
velopment of a migraine episode. However, the range of
gastrointestinal abnormalities and disorders related to
migraine has not been entirely disclosed. In the present
study, phenotypes such as diaphragmatic hernia
(ICD10), ventral hernia (ICD10), and benign neoplasm
of colon, rectum, anus and anal canal (ICD10), which
are known to be usually accompanied by inflammation
and abdominal pain or discomfort [25–28], posed a pu-
tative causal effect increasing self-reported migraine risk.
Therefore, our results are aligned with the hypothesis in
which abdominal pain could be a risk factor for mi-
graine, possibly through inflammatory or vascular medi-
ators [23]. These findings could be used as testable
hypotheses in future studies, which in turn should seek
to describe the possible molecular underpinnings under-
lying the relationship between migraine and sources of
abdominal pain or discomfort.
Previous research has aimed to describe the extent to

which vascular components explain migraine [29–31].
Mendelian randomisation studies have identified dia-
stolic blood pressure as potentially causal for migraine
[32]. In our study, self-reports of pulmonary embolism
and deep venous thrombosis and traits diagnosed by a

doctor such as a blood clot in the leg increased self-
reported migraine risk. Similarly, the use of medications
for cardiovascular disorders was also found to increase
the risk for self-reported migraine. For instance, Felodi-
pine could be used as a proxy for hypertension [33],
while Clopidogrel could be used as a proxy for blood
clots and thromboembolisms [34]. Felodipine is a
calcium-channel blocker used to treat hypertension by
blocking calcium ions’ entry into the cell and minimising
vascular smooth muscle contraction [33]. This mechan-
ism has incremented calcium-channel blockers use as an
off-label migraine medication [35]. In addition, clopido-
grel is an antiplatelet drug commonly prescribed for
thromboembolism prevention [36], and previous studies
have demonstrated platelet aggregations to be signifi-
cantly higher in individuals during a migraine episode
[37, 38]. Therefore, our results suggest a potential vascu-
lar component to migraine, supporting the hypothesis in
which vascular changes lead to migraine. We speculate
that this relationship could be mediated by increased
platelet clumping and vasoconstriction, perhaps as a
consequence of hypertension and blood clots formation.
Lower socioeconomic status (SES) has been associated

with a higher risk for chronic diseases [39, 40]. For in-
stance, it has been noted that individuals with low SES
are more likely to be exposed to hazardous substances at
their workplace [39, 40]. In our study, self-reported

Table 1 Traits with an inferred causal relationship with migraine

Trait GCP GCP se GCP pval rG rG se rG pval

Medication: Paracetamol 0.89 0.09 9.70E-23 0.66 0.03 2.75E-90

Coffee consumed -0.80 0.09 2.40E-20 -0.25 0.10 1.36E-02

Death of a close relative in last 2 years -0.81 0.14 6.00E-09 0.27 0.06 3.55E-05

Self reported deep venous thrombosis (DVT) -0.80 0.14 1.59E-08 0.21 0.07 2.61E-03

Benign neoplasm of colon, rectum, anus and anal canal (ICD10) -0.71 0.13 2.91E-08 0.19 0.05 5.30E-04

Blood clot in the leg diagnosed by a doctor -0.79 0.15 5.15E-08 0.19 0.07 6.22E-03

Medication: Clopidogrel -0.76 0.16 1.38E-06 0.27 0.11 1.48E-02

Medication: Dihydrocodeine -0.77 0.16 1.98E-06 0.47 0.16 3.75E-03

Diaphragmatic hernia (ICD10) -0.77 0.17 4.85E-06 0.53 0.08 6.45E-11

Stroke diagnosed by doctor -0.63 0.14 7.55E-06 0.32 0.11 3.83E-03

Medication: Felodipine -0.73 0.18 3.06E-05 0.27 0.09 2.03E-03

Worked with paints, thinners or glues -0.72 0.19 1.39E-04 0.28 0.09 1.71E-03

Ever unenthusiastic / disinterested for a whole week 0.71 0.20 4.25E-04 0.34 0.05 8.12E-11

Workplace sometimes had a lot of diesel exhaust -0.75 0.22 5.55E-04 0.31 0.08 2.44E-04

Ventral hernia (ICD10) -0.68 0.20 7.04E-04 0.27 0.10 8.35E-03

Self-reported pulmonary embolism -0.65 0.21 1.45E-03 0.19 0.07 1.13E-02

Current alcohol drinker 0.61 0.19 1.47E-03 -0.39 0.04 1.51E-19

This table shows all traits with a significant (FDR < 5 %) and strong genetic causal proportion (|GCP| > 0.60) with migraine. Due to space constraints, results for all
nominally significant genetic correlations for migraine are shown in Supplementary File 1.
Trait Trait causally associated with obesity, GCP Genetic causal proportion, GCP se Genetic causal proportion standard deviation, GCP pval Genetic causal
proportion unadjusted p-value, rG Genetic correlation, rG se Genetic correlation standard deviation, rG p val Genetic correlation unadjusted p-value
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migraine was a putative outcome of work environments
in which individuals work with paint, thinner or glues, or
are in a workplace with a lot of diesel exhaust. In con-
trast, other work environments, such as being in a work-
place often full of chemicals or other fumes, did not show
evidence for a potential causal association with self-
reported migraine (Supplementary File 1). These results
are consistent with previous studies suggesting that
headaches and chronic neurological symptoms are
prevalent among individuals exposed to mixture solvents
and can be explained by the acute effect of solvents in
the central nervous system [41, 42]. Similarly, it has also
been reported that exposure to diesel exhaust particles is
associated with neuroinflammation and headaches [43–
45]. Although we cannot rule out the potential influence
of SES-related variables such as educational attainment
and assortative mating in the relationship between work
environments and migraine. Our results are consistent
with previous observational studies, suggesting that mi-
graine could be an outcome of being exposed to diesel
exhaust and working with solvents due to neuroinflam-
mation and hazardous effects in the central nervous
system.
The relationship between migraine and emotional dis-

tress has been described before; however, it has not been
fully elucidated. For instance, several studies point out
that migraine is associated with psychiatric disorders
such as depression and anxiety [46, 47], while others
suggest that the duration of a migraine episode is related
to an impairment of anger control [48]. In the present
study, experiencing the death of a close relative in the
last two years, which is considered a major stressful life
event that can lead to depression or anxiety [49], was
potentially influencing an increase in self-reported mi-
graine. In contrast, ever feeling unenthusiastic / disinter-
ested for a whole week was identified as a putative
consequence of self-reported migraine. Thus, our results
show that stressful life events can be a risk factor for mi-
graine, while migraine holds an impact on the psycho-
logical well-being of individuals, which in turn suggests
that identifying psychological vulnerabilities among
migraineurs is of great importance.
We note that statistical methods used in genetic epi-

demiology such as LCV and Mendelian randomisation
test the potential causal effect of the genetic liability for
a disease on the outcome [32]. Migraine can have its on-
set at around the age of 20, and some phenotypes identi-
fied to be causally associated with self-reported migraine
can have a late-onset (i.e., stroke diagnosed by a doctor
and neoplasms). Since the present study could not take
into account the age of onset of migraine and other con-
ditions, it is likely that genetic variants associated with
late-onset phenotypes increase the risk for self-reported
migraine, rather than the phenotype itself. Therefore,

causal associations between self-reported migraine and
late-onset phenotypes must be interpreted with caution.
We highlight the importance of triangulating results

from multiple study designs, of which at least one should
be an interventional study (i.e., a randomised controlled
trial). However, interventional studies can be expensive,
time-consuming, or unethical to perform. Therefore, iden-
tifying potential causal associations using statistical
methods in genetic epidemiology could be the best option
available. We suggest that the inferred causal relationships
identified through LCV analyses should be testable hy-
potheses for future observational and genetic studies.
Important limitations of this study must be acknowl-

edged. For instance, given that previous studies have
highlighted racial and ethnic differences in migraine [50],
and our analyses used participants of European ancestry,
the generalisability of our results outside European ances-
try individuals may be limited. Moreover, although more
than 1500 traits were included in our analyses, causal as-
sociations with other traits may exist. Also, even though
the LCV method uses aggregated information across the
genome to increase statistical power, the GCP estimate
still relies on the statistical power of GWAS [10, 12, 13],
limiting the capability to infer causal effects for some
traits. In addition, the presence of multiple latent factors
could reduce the statistical power of the analysis and
lower GCP estimates [10]. Lastly, since the bivariate na-
ture of the LCV method aims to identify the predominant
causal pathway between a pair of genetically correlated
phenotypes [10], bidirectional causality between traits can-
not be tested.
It is fundamental to consider potential biases in the

design of the GWAS involved. Although the self-
reported migraine sample used in the present study has
been previously included in a large migraine meta-
analysis, comprising ~ 52 % of the cases which allowed
the identification of ~ 40 independent loci associated
with migraine [15], we note that using self-reported data
may have led to a recruitment bias since some patients
may have misdiagnosed themselves with migraine [51].
Nonetheless, it has been reported that self-reported mi-
graine can be congruent with a clinical diagnosis. Still, a
self-report of migraine without a clinical diagnosis cri-
teria is not able to delineate between subtypes such as
migraine with or without an aura [52]. Similarly, we
broadly define chronic headaches with the standard
question of the International Headache Society [53]
“Have you had headaches for more than three months?”,
which could apply to primary or secondary types of
headaches. As we mention in the methods section, since
the focus of this study is migraine, we only used chronic
headaches to boost statistical power for self-reported mi-
graine due to the strong genetic correlation between
both phenotypes (rG=0.83 s.e.=0.05).

García-Marín et al. The Journal of Headache and Pain           (2021) 22:66 Page 6 of 8



Future studies should aim to assess whether the poten-
tial causal associations identified in the present study
could be specific to a particular type of migraine and if
they can be observed for secondary type headaches. As
previous studies have noted [54], we suggest that medi-
cation use GWAS in this study should be interpreted as
a proxy for the disease or disorder requiring the medica-
tion; however, as we mentioned earlier, due to the na-
ture of self-reported data, the identification of migraine
comorbidities only through medication use GWAS could
be inaccurate and should be addressed with caution until
confirmed by future studies. Related to this is the inter-
pretation of medication use Felodipine, a proxy for
hypertension, which could be indicative of a putative
causal association between hypertension and secondary-
type headache.

Conclusions
We provide evidence for potential causal relationships
between self-reported migraine and 1,504 different phe-
notypes. Our findings uncovered changes in blood ves-
sels, particularly vasoconstriction and platelet clumping,
potentially increasing migraine risk. Further, we show
the putative influence of workplace environments in-
creasing migraine risk and reveal emotional stress as a
risk factor for migraine. Also, we reveal migraine’s po-
tential impact on the psychological well-being of individ-
uals. In addition, we raise the possibility of abdominal
pain influencing a higher migraine risk. Altogether, our
results confirm some causal associations contemplated
in previous studies and point out testable hypotheses
that, if confirmed, may open novel avenues in the under-
standing of migraine, which in turn can provide oppor-
tunities to improve the design of emerging treatments
and drug targets.
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