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1. Introduction 

Common migraine and depression are complex disorders characterized by polygenic and 

multifactorial background (1, 2). Common migraine (henceforth migraine), unlike 

familial hemiplegic migraine, which follows Mendelian inheritance (3), refers to more 

prevalent forms of migraine, including migraine with and without aura, affecting 

approximately 14-15% of the global population (4), with a higher prevalence in women 

than men (5). Similarly, depression, defined as a mood disorder marked by constant 

sadness, loss of interest, and cognitive and physical symptoms, affects more than 300 

million people worldwide (6), also showing a marked female predominance (7). The 

diagnostic criteria for major depressive disorder (MDD) include the presence of at least 

one of two core symptoms, depressed mood or anhedonia, persisting for at least two 

weeks, accompanied by at least four additional symptoms (8). The polygenic nature of 

these disorders means that their risk is influenced by the combined effects of numerous 

common genetic variants, particularly single-nucleotide polymorphisms (SNPs). In 

addition to their complex genetic architecture, both migraine and depression are shaped 

by different environmental and lifestyle factors (9–11). This multifactorial nature 

highlights the need for integrative statistical frameworks to better understand the 

mechanisms underlying these disorders. In addition to their complex, polygenic nature, 

depression and migraine are highly comorbid disorders. Comorbidity refers to the co-

occurrence of two or more medical conditions within the same individual, occurring not 

by chance, but potentially indicating a shared biological background (12). For example, 

migraine and depression frequently co-occur, and both disorders are often comorbid with 

other conditions such as other psychiatric conditions, anxiety, and cardiovascular diseases 

(13–15). 

Recognizing the significant genetic contribution to these disorders, much research has 

been conducted to investigate underlying genetic architecture. While genome-wide 

association studies (GWAS) have advanced our understanding of the genetic basis of 

complex traits, they still leave important questions unanswered (16). A persistent gap 

remains between SNP-based heritability estimates and those derived from twin studies.  
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In migraine research, large-scale meta-analyses, Gormley et al. (17), Hautakangas et al. 

(18), have estimated SNP-heritability at 14.6% and 11.2%, respectively, whereas twin 

studies suggest heritability as high as 36-48% (19). Compared to migraine, depression 

has been more extensively studied in terms of its genetic architecture, yet substantial gaps 

remain. Twin studies estimate the heritability of major depressive disorder (MDD) at 37% 

(20), while the largest GWAS to date reported SNP-based heritability at just 8.4% (21), 

reflecting a notable discrepancy between common variant effects and the broader genetic 

background. This discrepancy, referred to as missing heritability (22), may reflect the 

influence of rare variants, copy number variations, epistasis, environmental factors, or 

complex interactions between genes and the environment, including epigenetic effects. 

Although some of these elements can be partially addressed through GWAS or advanced 

methods, many remain unresolved.  

One unexplored factor contributing to this gap could be the definition of the phenotype 

itself (23). To enhance the statistical power of GWAS, large sample sizes are often 

prioritized, sometimes without a precise definition of the disease or phenotype under 

investigation. Variations in how depression and migraine are defined, ranging from self-

reported symptoms to clinical diagnosis, can introduce noise into genetic analyses. 

Moreover, comorbidities present at the time of diagnosis may further blur the underlying 

genetic signal. Previous work from our group identified a network of migraine and 

depression comorbidities (15). In a follow-up study using machine learning approaches, 

we found preliminary evidence suggesting that the presence of diagnosed depression may 

influence the strength and direction of genetic associations in migraine (24). Similar 

findings in the literature report altered heritability estimates in comorbid populations (25). 

Although these observations are still preliminary, they raise the possibility that focusing 

on individuals for whom there is only one diagnosed condition could help refine the 

phenotype and uncover more specific genetic contributors. Such an approach could also 

improve target identification for treatments, particularly given that clinical trials often 

exclude patients with multiple diagnoses. 

Another pitfall of large-powered GWASs is that some disease-related genes may not meet 

the strict genome-wide significance threshold and thus, remain undetected (26).  
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Since genes participate in complex biological pathways, taking into account prior 

knowledge, like gene expression findings from animal models, can improve our ability to 

uncover key genetic contributors to disease (27).  

Transcriptomic studies in animal models have proposed several mechanisms for migraine 

(28); however, these studies have shown limited results, rarely identifying genes that were 

consistently significant after multiple testing correction. In depression research, interest 

in gene expression profiling is also increasing, as it could offer valuable insight into the 

molecular underpinnings of major depressive disorder (29–33). Despite the availability 

of numerous antidepressant treatments, most of which act on monoaminergic systems 

such as serotonin and norepinephrine (34, 35), these pathways explain only a fraction of 

the disorder’s heterogeneity and therapeutic response (36). Integrating transcriptomic 

data into depression research can therefore help to uncover additional pathways and 

targets beyond monoamines, potentially advancing both diagnostic precision and 

therapeutic development (37, 38). 

One promising approach to enhance understanding of complex disorders is the use of 

targeted analysis strategies informed by transcriptomic data. Unlike hypothesis-free 

GWAS, which investigate the genome without prior assumptions, targeted strategies 

focus on predefined gene sets or pathways supported by biological evidence. 

Transcriptomic profiling in animal models exposed to disease-relevant conditions can 

reveal genes and pathways that are differentially expressed and potentially 

mechanistically involved. These gene sets can then be tested in human genomic data to 

assess their association with the disorder, thereby increasing biological interpretability. 

This integrative approach bridges experimental findings and human genetics, allowing 

for the prioritization of genes that may not reach genome-wide significance in GWAS but 

are still functionally relevant. In depression and migraine research, such strategies are 

particularly valuable given the modest SNP-based heritability and the complexity of the 

underlying biology. 

One such pathway that has emerged as a candidate for targeted investigation in depression 

is the NAD+/SIRT1 signaling pathway (39).  
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Nicotinamide-adenine dinucleotide (NAD+)-dependent deacetylase sirtuin-1 (SIRT1) 

has a central role in diverse physiological processes, including stress response, energy 

metabolism, and neuroplasticity (39–41). Despite its biological relevance, genetic and 

transcriptomic studies investigating the NAD+/SIRT1 pathway in humans remain 

underrepresented. In the transcriptomic study of Morató et al. (42), they demonstrated 

that early life stress (ELS) in male rodents led to increased adiposity and reduced 

sociability in adulthood, central behavioral features relevant to depression. These effects 

were mediated by ELS-induced disruption of the stress-fat-brain axis, in which a 

downregulation of SIRT1 in the nucleus accumbens (NAc) and consequent impairment 

of the NAD+/SIRT1 signaling pathway played a central mechanistic role. Notably, 

treatment with nicotinamide mononucleotide (NMN), which boosts NAD+ levels and 

compensates for reduced SIRT1 activity, was able to reverse these behavioral changes. 

Given that social withdrawal is a symptom of depression, these findings suggest that ELS 

may predispose individuals to depression via dysregulation of the NAD+/SIRT1 pathway. 

However, the sex-specific and ELS-dependent effects of this pathway, its relationship 

with obesity, and its influence on NAc function remain largely unexplored in humans. 

This limits our ability to leverage components of the NAD+/SIRT1 pathway as 

biomarkers or therapeutic targets in depression. Taken together, both improved phenotype 

characterization and genetic analyses guided by prior knowledge hold the potential to 

refine and enhance genetic findings in polygenic disorders such as migraine and 

depression. Accordingly, the following research questions were formulated.    
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2. Objectives 

The objective was to answer the following research questions: 

 

Question 1 

Does a narrower migraine phenotype by excluding comorbidities improve the discovery 

of polygenic signals and lead to a deeper understanding of migraine pathomechanism? 

Question 2 

Does a human transcriptomic findings-driven genomic analysis provide novel insights 

into migraine pathophysiology?  

Question 3 

Do rodent model-derived transcriptomic findings allow for genomic signal detection in 

the NAD+/SIRT1 pathway in humans for stress-induced depression, thereby linking early 

environmental adversity and obesity to the development of depression?  
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3. Methods 

3.1 Study 1: polygenic signal detection of migraine-first diagnosis 

3.1.1. UK Biobank cohort 

Data from the UK Biobank (application number 71718) were used. Participants aged 40-

69 were invited and recruited using NHS patient registers (43). Approval for the study 

was obtained from the National Research Ethics Service Committee North West-Haydock 

(44). All participants gave written informed consent, and all procedures were conducted 

in accordance with the Declaration of Helsinki. The data collection methodology has been 

previously described by Bycroft et al. (45).  

3.1.2. Genomic quality control 

Quality control (QC) procedures were applied, including a minor allele frequency (MAF) 

threshold of 0.01, stepwise filtering for SNP and individual missingness (thresholds of 

0.1, 0.05, and 0.01), exclusion of variants failing Hardy-Weinberg equilibrium (p ≥ 1×10-

5), and linkage disequilibrium (LD) pruning using an R2 cutoff of 0.2. Multiallelic variants 

were excluded. In addition, variants with an imputation “info” score below 0.5 were also 

removed. These QC steps were conducted prior to sex check (discrepancies between 

reported and genetically inferred sex were excluded), identification of heterozygosity 

outliers, and principal component analysis (PCA). After excluding variants below minor 

allele frequency of 0.01 and variants on chromosome X, 6,077,313 SNPs remained. We 

followed the QC protocol outlined in Eszlari et al. (46).  

3.1.3. Phenotype definition  

Migraine-first patients were identified based on G43 diagnosis (UKB data-field 131052: 

date of first reported migraine, with or without aura). We restricted the cohort to 

individuals for whom G43 was the first recorded medical diagnosis in their lifetime. 

Healthy controls were defined as individuals with no diagnosed medical conditions at the 

age when migraine-first patients typically received their diagnosis (mean age 22 ± 12), 

and with no history of migraine at any point in their lifetime.  
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Data filtering resulted in 6,307 migraineurs and 200,571 controls. Restricting to 

individuals who had genetic data available, we had 6,139 migraineurs and 193,790 

healthy controls for further analysis. To characterize the population, we made descriptive 

statistics with R (v4.1.2). 

3.1.4. Genome-wide association analysis  

Genome-wide association analyses were conducted using PLINK2 (47). The model 

included the following covariates: sex, age (UKB fields 31 and 21003), 10 principal 

components of the genome, and the genotyping chip information (UKB Axiom Array or 

UK BiLEVE Axiom Array). 

3.1.5. Heritability estimation 

SNP-based heritability refers to the proportion of variation in a trait or disease that can be 

attributed to the additive effects of common SNPs across the genome. SNP effects are 

estimated through genome-wide association studies, and the resulting summary statistics 

are then used in downstream analyses to estimate heritability (h2). SNP-based heritability 

was estimated using SumHer from the LDAK software (v5.2) (48), following the authors’ 

recommendation, using the Human Default Model (HDM).  

 

Estimates were calculated for 1) all SNPs, 2) all SNPs excluding those that reached 

genome-wide and suggestive significance, and 3) a subset of SNPs restricted to the 

HapMap3 panel. The HapMap3 SNP set consists of common, well-imputed variants that 

are widely used in genetic studies due to their high quality, reliability (49). The major 

histocompatibility complex (MHC) region on chromosome 6 (25-35 Mb) was excluded 

from heritability estimations because of its highly complex linkage disequilibrium (LD) 

structure and extreme genetic variability (50).  

These characteristics can influence heritability estimates and complicate downstream 

analyses, so this region is typically omitted in genetic analyses to improve accuracy and 

interpretability. Heritability values were transformed to the liability scale using a sample-

based migraine prevalence of 3% and population prevalence of 16%, as done in previous 

study of Gormley et al. (17).  
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3.1.6. Validation of heritability estimations 

To verify the robustness of our results, we conducted several validation analyses: 

1) To demonstrate the importance of stringent control selection and to ensure that the 

elevated heritability estimate was not because of the limited statistical power, we re-ran 

the analysis using an alternative control group composed of all participants without any 

migraine diagnosis (N = 327,986). 2) We assessed the influence of case-control imbalance 

by repeating the analysis three times, each time randomly removing one-third of the 

healthy controls to simulate a higher proportion of cases in the sample (i.e., increased 

ascertainment). This approach allowed us to evaluate the stability and robustness of 

heritability estimates under different case-control ratios, as heritability on the liability 

scale can be sensitive to the assumed or observed prevalence of migraine in the 

population.  

3) To prove whether phenotype definition is crucial, we tested a broader migraine 

phenotype by including all individuals ever diagnosed with migraine (G43), regardless of 

first diagnosis onset, Ncases = 17,679; Ncontrols = 316,446. 4) We tested the effect of 

different heritability models: genome-wide complex trait analysis (GCTA), Human 

Default Model (HDM), LDAK model, and BLD-LDAK model, detailed in publications 

(48, 51), and explained in the Supplementary table S6 of Torok et al. (52). 

3.1.7. Post-GWAS analyses 

The goal of post-GWAS analyses is to interpret GWAS findings in the context of genomic 

architecture and biological pathways, which can help uncover potential mechanisms 

underlying migraine. Risk loci identification was carried out using FUMA (53), which 

involves identifying genomic regions (loci) that are significantly associated with 

migraine. We defined index SNPs as those that are LD-independent (r2 < 0.1), meaning 

they likely represent distinct association signals. Around each index SNP, we constructed 

a risk locus by including all nearby variants in high LD (r2 > 0.6) within a 250 kilobase 

pair (kbp) window. This approach helps to capture the broader genetic signal around a 

key variant, rather than focusing on individual SNPs. 
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Index SNPs were defined consistent with approaches from large migraine meta-analyses 

of Gormley et al. (17) and Hautakangas et al. (18). Significance thresholds for SNPs were 

set at p < 10-8 for genome-wide significance, conventional genome-wide significance (p 

< 5 × 10-8) and 10-8 < p < 10-5 for suggestive associations.  

Gene-set enrichment and tissue-specific enrichment analysis were conducted using 

MAGMA (54), a tool that maps associated SNPs to genes and tests whether certain 

biological pathways or functional gene sets are overrepresented among the associated 

genes. Gene-set enrichment aids in identifying biological processes or molecular 

functions potentially involved in migraine. In addition, tissue-specific enrichment 

analysis was performed to determine whether the genes associated with migraine are 

differently expressed in specific tissues or cell types. This analysis leverages gene 

expression data GTEx (55) to assess whether the distribution of associated genes is non-

random across different tissues, offering insights into where in the body, such as the brain 

or vascular tissues, genetic risk factors may exert their effects. 

3.2. Study 2: validation of transcriptomic findings through genetic analysis 

3.2.1. UK Biobank cohort 

We applied the same criteria to define migraine as a first diagnosis. To ensure consistency 

between the genetic and transcriptomic analysis, we included smoking, allergy, and 

information regarding vitamin A and vitamin A retinol equivalent intake as covariates.  

(56). Smoking status was classified using data on current (field ID: 1239) and past (field 

ID: 1249) smoking behavior. Asthma status was determined using self-reported medical 

conditions related to asthma or hayfever/eczema/allergic rhinitis (field ID: 6152). Intake 

of vitamin A and vitamin A retinol equivalents was estimated from dietary data and 

supplement use (field IDs: 26061, 20084). Sex and age were extracted from field IDs 31 

and 21003, respectively.  

3.2.2. Hungarian migraine cohort  

Research involving the Hungarian migraine cohort was approved by the Medical 

Research Council's local ethics committee (reference numbers: 23609-1/2011-EKU, 

23421-1/2015-EKU, 31304-1/2014-EKU, 014946-003/2016/OTIG, 

OGYÉI/49553/2017) and followed the guidelines of the Helsinki Declaration.  
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Data collection included information on migraine diagnosis, smoking status, age, sex, 

history of allergies, pregnancy and breastfeeding, serious acute or chronic illnesses (past 

or present), and regular medication use. The diagnosis of episodic migraine without aura 

(MO) was made by a specialist neurologist according to the International Classification 

of Headache Disorders, 3rd edition (beta version) (57).  

Controls were defined as individuals without any diagnosed diseases. Data from the entire 

cohort (Ncases = 172, Ncontrols =117) was used in the genetic analyses. 

A similar filtering process was applied to the Hungarian migraine cohort’s genetic dataset 

to ensure consistency with the UK Biobank pipeline. Descriptive statistics were done in 

R (version 4.1.2). 

3.2.3. Genetic analysis of the Leading Edge Genes (LEG) and vitamin A pathway genes 

In the transcriptomic study of Petschner et al. (56), gene set enrichment analysis (GSEA) 

comparing migraine cases to controls identified 88 significantly enriched pathways. 

To pinpoint the genes most relevant to these replicated, pathway-level findings, they 

extracted the 69 Leading Edge Genes (LEGs) - the key genes driving the enrichment 

signals. For the genetic validation analyses, we focused on SNPs (N = 13,650) located 

within these LEGs and their surrounding regions (±10 kbp), as these areas may contain 

regulatory elements that influence gene expression. 

Gene boundaries were defined based on the hg19 Known Gene track from the UCSC 

Genome Browser (58). SNPs falling within these boundaries or the neighboring 10 kbp 

regions were identified using ANNOVAR (59), a functional annotation tool for genetic 

variants. The complete list of selected SNPs and their corresponding genes is provided in 

Petschner et al. - Supplementary material 2, and Supplementary material 4 (56). 

Vitamin A pathway genes were manually selected based on protein names mentioned in 

previous studies (60, 61). The corresponding human gene names were identified using 

GeneCards (62), and SNPs (N = 13,635) were extracted using the same approach as for 

the Leading Edge Genes (LEGs). Total list of the selected SNPs and genes can be found 

in Petschner et al. - Supplementary Material 4 (56).  

Logistic regression analyses of the selected SNPs were conducted for migraine using 

PLINK2, including covariates such as sex, age, the top 10 genetic principal components, 

smoking status, and allergy history in both the UK Biobank and Hungarian migraine 

cohort.  
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For the UK Biobank analyses, genotype array type was also included as a covariate. In 

addition, for SNPs related to the vitamin A pathway, estimated intake of vitamin A and 

vitamin A retinol equivalents were included as covariates in the regression analyses.  

We performed t-test with R (version 4.1.2) to compare the vitamin A and vitamin A 

retinol equivalent intakes in migraineurs and controls. 

3.3. Study 3: genetic risk of NAD+/SIRT1 pathway in depression 

3.3.1. UK Biobank cohort 

Data from the UK Biobank (application ID: 1602) was used in the third study, including 

a total of 334,248 participants. 

Depressive symptoms were assessed by a composite score derived from multiple UK 

Biobank data fields 2050, 2060, 2070, and 2080, in line with prior methods described by 

Hullam et al (63).  

Early life stress, considering data fields 20487, 20488, 20489, 20490, 20491, was 

evaluated using the Childhood Trauma Screener of Walker et al (64). Body fat percentage 

was measured through impedance-based body composition measurement (field id: 

23099). Age (field id: 21003) and sex (field id: 31) were used as covariates in statistical 

analyses, except in sex-stratified models. 

3.3.2. Hungarian cohort 

Control individuals of the Hungarian migraine cohort (N=102), excluding migraineurs, 

were used in genetic and functional connectivity analyses. Depressive symptoms were 

assessed using the Zung Self-Rating Depression Scale (65), and early life stress (ELS) 

was measured with the Childhood Trauma Questionnaire (66). 

Descriptive statistics were done in R (version 4.1.2), describing both cohorts. 

3.3.3. NAD+/SIRT1 pathway 

Variants within 20 genes (PPARGC1A, TFAM, NDUFS4, SHD, UQCRB, COX6A2, 

ACO2, CS, MFN1, MFN2, BNIP3, CAT, GPX4, HSPD1, CLPP, BDNF, NPY, HCRTR2, 

KCNMB2, SIRT1) of the NAD+/SIRT1 pathway, as defined in Morató et al. (42), were 

selected, including a 10,000 kbp flanking region for each gene. SNP annotation was 

conducted using the biomaRt (67) R package and LDlink (68) database resources. 



17 

 

Following quality control, 3,827 SNPs in the UKB and 1,885 SNPs in the Hungarian 

dataset were retained for analysis. 

3.3.4. Genome-wide association analysis on depression score 

The UK Biobank cohort was divided into discovery and target subsets to ensure 

independent datasets for the estimation of polygenic risk scores (Figure 1).  

Individuals with available ELS data (N = 105,654) constituted the target group, while the 

remaining participants (N = 228,595) formed the discovery sample. GWAS was 

conducted on depression score in the discovery sample using PLINK2 (47), with 

covariates including age, sex, 10 genetic principal components, and genotyping chip 

information. 

3.3.5. Polygenic risk score estimation 

Calculating polygenic risk scores requires both a discovery sample and a target sample.  

The discovery sample is used to identify SNP-trait associations and estimate effect sizes 

through genome-wide association studies, while the target sample is used to calculate 

individual-level risk scores based on these effect sizes. This separation is essential to 

avoid overfitting and to ensure that the PRS reflects true genetic risk rather than sample-

specific noise. The method requires harmonization between the discovery and target 

datasets, which is crucial when the data originates from different sources. This 

harmonization process includes aligning SNP identifiers, filtering based on minor allele 

frequency, excluding ambiguous strand SNPs (A/T or C/G), and managing missing data.  

As part of our PRS workflow, we carried out parameter estimation procedures. Estimation 

of the posterior effect sizes depends on two key parameters: heritability (h2) and the 

proportion of causal variants. These parameters were inferred using linkage 

disequilibrium score regression, which incorporates SNP effect sizes from GWAS 

summary statistics, prior assumptions about genetic architecture, and LD structure. In our 

study, LD information was calculated specifically within the genomic regions 

corresponding to the NAD+/SIRT1 pathway genes under investigation. 

PRS calculations were performed on the target dataset and on the Hungarian cohort using 

LDpred2 (69), incorporating GWAS-derived beta values for NAD+/SIRT1 pathway 

variants. PRS was calculated for the full target sample and separately by sex. 
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3.3.6. Interaction between PRS and ELS 

Linear regression models assessed the combined effect of ELS and genetic risk on 

depression score.  

A baseline model (R2 
null) included PRS and ELS as main effects, with additional 

covariates: age, sex, except in sex-stratified models, population structure components, 

and genotyping array. The full model (R2 
PRS x ELS) included an interaction term between 

PRS and ELS. Analyses were performed using R version 4.1.2. 

The difference in explained variance (ΔR²) between the two models was calculated as 

shown in Equation 1: 

ΔR2 = R2 
PRS x ELS - R

2 
null 

Equation 1 - Variance change by the interaction of the PRS and ELS 

In this formula, ΔR² represents the variance change, explained by the interaction between 

polygenic risk score (PRS) and early life stress (ELS). R2
PRS x ELS refers to the variance 

explained by the full model, which includes covariates as well as the main effects and 

their interaction. R²null represents the variance explained by a model containing only the 

covariates and the main effects of PRS and ELS. 

We calculated the explained variance change in percentage (ΔR2
perc) with the following 

formula, explained in Equation 2: 

ΔR2
perc = ΔR2 / R2 

null * 100 

Equation 2 - Variance change in percentage 

3.3.7. Mediation analysis 

Mediation analysis can test specifically whether the influence of the PRS × ELS 

interaction on depressive symptoms could be partially explained by its impact on body 

fat, which in turn may contribute to depression score. This was assessed in the total 

sample as well as separately in male and female subgroups. The models included 

covariates such as age, sex (only in the full sample), top 10 genetic principal components, 

genotype array, and the main effects of both PRS and ELS. For each model, we estimated 

the direct effect (denoted as c), the indirect effect (a × b), and the total effect (c + a × b) 

(Figure 1).  
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Following the mediation framework proposed by Baron and Kenny (70), we tested three 

sequential hypotheses: (1) that the independent variable (in this case, PRS × ELS) 

significantly predicts the outcome (depression score), (2) that it also predicts the mediator 

(body fat percentage), and (3) that the mediator significantly predicts the outcome.  

We used “lavaan” (71) R package (version 0.6-12) for mediation analysis. 

3.3.8. Resting-state functional connectivity analyses 

Resting-state functional magnetic resonance imaging (fMRI) is used to assess 

spontaneous brain activity by detecting blood oxygen level-dependent (BOLD) signal 

fluctuations. When the BOLD signal time courses of different brain regions fluctuate in 

synchrony, it suggests potential functional connectivity, which is typically measured by 

calculating Pearson correlations and their conversion into Z-scores using Fisher’s 

transformation.  

The fMRI data were collected using two types of 3T scanners: a Philips Achieva (used 

for 40 participants) and a Siemens MAGNETOM Prisma (used for 62 participants). 

Structural brain images were obtained using a T1-weighted 3D turbo field echo (TFE) 

sequence on the Philips system and a 3D MPRAGE sequence on the Siemens system. 

Functional data were recorded with T2*-weighted echo-planar imaging (EPI) sequences. 

For the Philips scanner, the settings included a repetition time (TR) of 2,500 ms, echo 

time (TE) of 30 ms, a 240 mm2 field of view (FOV), and 3 × 3 × 3 mm voxel resolution. 

On the Siemens scanner, data were collected with a TR of 2,220 ms, TE of 30 ms, FOV 

of 222 mm2, and the same spatial resolution. To create seed-based connectivity maps, the 

average signal from predefined seed regions was correlated voxel-wise with the rest of 

the brain, and the results were normalized to Z-scores. Imaging data preprocessing steps 

were the same for both scanners as detailed in the publication of Gecse et al. (72).  

For the resting-state functional connectivity analysis, data from a Hungarian cohort of 

102 healthy individuals (58 females and 44 males) were involved (Figure 1). Each 

participant underwent a resting-state fMRI scan and provided both biological and genetic 

samples. Seed-based connectivity analysis was carried out using the nucleus accumbens 

(NAc) as the seed region, defined by MNI coordinates (x = 10, y = 12, z = -8) with a 4 

mm radius (73). The resulting individual connectivity maps were used for further analysis 

using the Statistical Parametric Mapping software (SPM12) within the Matlab 2016 

environment.  
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To account for potential confounding variables, all analyses included adjustments for 

different scanner types, sex, age, and motion. For visualization purposes, MRIcroGL 

(http://www.mccauslandcenter.sc.edu/mricrogl/) and R software (version 4.1.2) were 

employed. 

 

Figure 1. Methodological overview of Study 3.  
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4. Results 

4.1. Study 1: polygenic signal detection of migraine-first diagnosis 

4.1.1. Descriptive statistics of migraine-first population 

For GWAS and heritability analyses, we use data of migraine-first patients (6,139 (3%)) 

and healthy controls (193,790 (97%)) (Table 1). Among migraine-first patients, the large 

majority were females (4,688 (76%)) compared to males (1,451 males, 24%), while in 

the healthy control group, the sex ratio was balanced, consisting of 97,078 females (50%) 

and 96,712 males (50%). The average age for migraine-first diagnosis was 22±12 years.  

Table 1. Descriptive statistics of migraine-first patients and healthy controls.  

Migraine-first patients and healthy controls 

Age 
Mean 58.1743 

SD ±7.4741 

Sex 
Females 101766 (51%) 

Males 98163 (49%) 

Migraine-first cases - 

healthy controls 

Cases 6139 (3%) 

Controls 193790 (97%) 

Migraine-first patients - 

age 

Mean 56.0664 

SD ±7.7387 

Migraine-first patients - 

sex 

Females 4688 (76%) 

Males 1451 (24%) 

Healthy controls - sex 
Females 97078 (50%) 

Males 96712 (50%) 

Healthy controls - age 
Mean 58.2410  

SD ±7.4559 

Age when migraine was 

diagnosed (in migraine-

first patients) 

Mean 22.2105 

SD ±12.2849 

Note: SD denotes standard deviation.  
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4.1.2. Heritability estimation of migraine-first diagnosis 

SNP-based heritability of migraine among migraine-first patients with Human Default 

Model showed high heritability: 19.37% (± 0.019 SD) on liability scale, when considering 

all SNPs (Figure 2, Table 2).  

 

Figure 2. Manhattan plot shows results of genome-wide association analysis and 

heritability estimation performed on migraine-first diagnosis. On the x-axis, all 

chromosomes are represented, and all dots denote a single-nucleotide polymorphism. On 

the y-axis, the negative 10 base logarithmic transformation of the p-values is denoted. 

Genome-wide significance (p < 10-8) is indicated by the red line, while the blue dashed 

line represents the suggestive significance threshold (p < 10-5). SNPs shown in yellow are 

genome-wide significant, and those in green are suggestively significant. SNPs passing 

these thresholds are shown in yellow (genome-wide significant) and green (suggestively 

significant), together accounting for 1.25% of the total heritability. In contrast, the 

remaining SNPs, represented in black and grey, represent background variants that 

contribute the vast majority (98.75%) of heritability. 

 

After removing both genome-wide (p < 10-8) and suggestively (p < 10-5) significant 

variants, heritability remained relatively high at 18.13% (± 0.019 SD), suggesting that 

much of the genetic contribution arises from the broader, underlying polygenic 

background. When limiting the analysis to HapMap3 SNPs, consistent with the 

approaches of Gormley et al. (17) and Hautakangas et al. (18), the heritability estimate 

increased to 21.31% (± 0.019 SD) (Table 2), representing a 45.96% and 90.27% rise 

compared to the estimates reported in the respective studies.  
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Table 2. Results of heritability estimation according to the involved SNP sets.  

Migraine-first cases and healthy controls Heritability on liability scale SD ± 

All SNPs 19.37% 0.019 

All SNPs with GWS and suggestively 

significant SNPs excluded 
18.13% 0.019 

SNPs restricted to the HapMap3 SNP-set 21.31% 0.019 

Note: SD - standard deviation.  

4.1.3. Validation of heritability estimation  

4.1.3.1. Validation 1: Migraine-first cases and all controls 

We re-estimated SNP-based heritability using migraine-first cases and a broader control 

group comprising all individuals without a migraine diagnosis, thereby increasing the 

number of controls (Table 3). 

Table 3. Summary statistics of migraine-first patients and all individuals as controls. 

Migraine-first patients and all controls 

Age 
Mean 56.8738 

SD ±7.9919 

Sex 
Females 179427 (54%) 

Males 154698 (46%) 

Migraine-first patients - all 

controls 

Cases 6139 (2%) 

Controls 327986 (98%) 

Migraine-first patients - 

sex 

Females 4688 (76%) 

Males 1451 (24%) 

All controls - sex 
Females 174739 (53%) 

Males 153247 (47%) 

Migraine-first patients - 

age 

Mean 56.0665 

SD ±7.7387 

All controls - age 
Mean 56.8889 

SD ±7.9958 

Note: SD - standard deviation. 
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While increasing the number of controls led to greater statistical power, it resulted in a 

lower heritability estimate (h2 = 17.39%, SD = 0.016), reflecting a 10.22% decrease in  

liability scale.  

 

4.1.3.2. Validation 2: Migraine-first cases and balanced controls 

To assess the impact of control group sample size and the increased case-to-control ratio, 

we randomly subsampled one-third of the control individuals and repeated this procedure 

three times. (Table 4). 

Table 4. Descriptive statistics of the validation subsamples. 

Subsample 1 

Age 
Mean 58.1508 

SD ±7.4857 

Sex 
Females 69375 (51%) 

Males 65958 (49%) 

Migraine-first patients - 

randomly selected healthy 

controls 

Cases 6139 (5%) 

Controls 129194 (95%) 

Subsample 2 

Age 
Mean 58.1678 

SD ±7.4784 

Sex 
Females 69431 (51%) 

Males 65902 (49%) 

Migraine-first patients - 

randomly selected healthy 

controls 

Cases 6139 (5%) 

Controls 129194 (95%) 

Subsample 3 

Age 
Mean 58.1271 

SD ±7.4866 

Sex 
Females 69368 (51%) 

Males 65965 (49%) 

Migraine-first patients - Cases 6139 (5%) 



25 

 

randomly selected healthy 

controls 
Controls 129194 (95%) 

Note: SD - standard deviation. 

 

Using more balanced samples with a greater proportion of migraine patients resulted in a 

lower SNP-based heritability estimate (Table 5), h2
mean = 18.45%, SD = ± 0.017 , a 

13.42% reduction on liability scale, likely due to diminished statistical power, though the 

heritability remained considerably higher than in earlier studies (17, 18). 

 

Table 5. Results of the second validation analyses.  

Note: SNP-based heritability estimates on the liability scale for migraine-first patients 

and three independent subsamples of randomly selected healthy controls. Heritability was 

estimated using SNPs restricted to the HapMap3 panel. The table reports heritability 

values and corresponding standard deviations (SD) for each subsample, along with the 

mean heritability across the three datasets. 

4.1.3.3. Validation 3: Heritability of migraine diagnosis without filtering for first onset 

We applied the same analysis steps using a broader phenotype definition that included all 

individuals diagnosed with migraine (G43 diagnosis), without restricting to first-onset 

Migraine-first patients and randomly selected 

healthy controls - subsample 1 

Heritability on 

liability scale 
SD ± 

SNPs restricted for the HapMap3 SNP-set 18.54% 0.017 

Migraine-first patients and randomly selected 

healthy controls - subsample 2 

Heritability on 

liability scale 
SD ± 

SNPs restricted for the HapMap3 SNP-set 18.18% 0.017 

Migraine-first patients and randomly selected 

healthy controls - subsample 3 

Heritability on 

liability scale 
SD ± 

SNPs restricted for the HapMap3 SNP-set 18.63% 0.017 

Mean of the heritability of the 3 subsamples 

(h2
mean) 

18.45% 0.017 
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cases (17,679) and all controls (316,446) (Table 6). Age of diagnosis was higher, 37 

years, compared to migraine-first disease onset, 22 years. 

 

Table 6. Descriptive statistics for the total UK Biobank population, including all 

migraineurs and all control participants.  

All patients diagnosed with G43 and all controls 

Age 
Mean 56.8738 

SD ±7.9919 

Sex 
Females 179427 (54%) 

Males 154698 (46%) 

G43 migraine - all controls 
Cases 17679 (5%) 

Controls 316446 (95%) 

G43 migraine patients - age 
Mean 55.5428 

SD ±7.8920 

G43 migraine patients - sex 
Females 13228 (75%) 

Males 4451 (25%) 

All controls - sex 
Females 166199 (53%) 

Males 150247 (47%) 

All controls - age 
Mean 56.9482 

SD ±7.9910 

Age when migraine was 

diagnosed (for G43 

migraine patients) 

Mean 37.1125 

SD ±18.9314 

Note: SD - standard deviation. 

 

The heritability estimate for G43 migraine diagnosis without restricting to first-onset 

cases was lower, h2 = 12.92%, SD = ±0.007, representing a 39.32% reduction on the 

liability scale. 
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4.1.3.4. Validation 4: Effect of the heritability model 

The impact of the GCTA heritability model was small and yielded comparable results to 

the default heritability model (h2 = 23.89%, SD = ±0.021). Results of all different 

heritability estimations can be found in Supplementary Tables S5, S7, and S8 of Torok et 

al. (52).  

4.1.4. Interpreting the biological significance of migraine-first GWAS findings 

We identified 9 independent SNPs that survived genome-wide significance correction 

threshold (p < 10-8) and one that survived a conventional (p < 5 × 10-8) threshold.  

 

Among these, eight variants were associated with a risk effect (odds ratio > 1), and two 

were associated with a protective effect (odds ratio < 1) and were located in 5 loci: 

PRDM16, FHL5, ASTN2, STAT6/LRP1 (Table 7). 

 

Table 7. Genome-wide significant SNP-level results. 

rsID p-value OR gene 

rs11153082 5.18 x 10-13 1.16 FHL5 

rs7518255 1.23 x 10-12 1.18 PRDM16 

rs324012 2.82 x 10-11 0.87 STAT6/LRP1 

rs11172113 2.84 x 10-11 0.87 LRP1 

rs3798293 4.85 x 10-11 1.17 FHL5 

rs4839683 2.23 x 10-10 1.16 FHL5 

rs12684144 1.47 x 10-9 1.15 ASTN2 

rs2651899 3.55 x 10-9 1.13 PRDM16 

rs2294897 5.66 x 10-9 1.15 SLC24A3 

rs2455136 3.48 x 10-8 1.14 PRDM16 

Note: rsID is the unique identifier of the single-nucleotide polymorphism, p-value is the 

significance of the association analysis, OR is the odds ratio, the effect of the SNP, and 

gene is the annotated gene in which the found SNP is located.  

 

Among the risk loci identified by GWS SNPs, all (100%) were previously reported in 

earlier meta- and GWAS analyses. Using the suggestive significance threshold, 30.56% 

of the loci were replicated across all studies (Table 8). The full list of the 54 identified 

suggestively significant SNPs can be found in the Supplementary Table S10 of Torok et 

al. (52).  
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Table 8. Overlapping SNPs and risk loci. 

GWS SNPs 

 
Current 

study 

Gormley 

et al. 

Hautakangas 

et al. 

Overlap in 

all three 

GWS SNPs 10 44(1) 170(-) - 

GWS risk loci 5 38(5) 123(5) 5 

Suggestive and GWS SNPs 

 
Current 

study 

Gormley 

et al. 

Hautakangas 

et al. 

Overlap in 

all three 

GWS + suggestive 

SNPs 
64 44(5) 170(-) - 

GWS risk loci 36 38(11) 123(11) 10 

Note: Numbers in parentheses indicate overlaps with our current findings. For the study 

by Hautakangas et al. (18), only data on risk loci were available; (-) denotes data not 

available. 

Among the suggestively significant risk loci (Table 9) ADAMTSL4, MEF2D, TRPM8, 

PHACTR1, SUGCT/C7orf10, ITPK1 were replicated in all three studies. The identified 

CALCB was only found in the study of Hautakangas et al. (18).  

Table 9. Genome-wide and suggestively significant risk loci (p < 10-5) identified by 

genome-wide association analysis comparing migraine-first patients and healthy 

controls. 

Chr Start End 

Independent 

significant 

SNPs 

P-

value 
Gene 

6 12768218 12948388 

rs9349379, 

rs9381500, 

rs12202891 

5.35 x 

10-8 
PHACTR1  

11 14980848 15121130 
rs7396909, 

rs7394786 

1.68 x 

10-7 
CALCB 

2 234804509 234867513 

rs12988953, 

rs6709005, 

rs2302153, 

rs6760630 

2.14 x 

10-7 
TRPM8 
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7 40360982 40477363 rs12532479 
4.31 x 

10-7 

SUGCT/ 

C7orf10 

10 53156442 53222958 rs113137506 
5.41 x 

10-7 
PRKG1 

9 86342917 86683120 
rs7045525, 

rs117722586 

7.66 x 

10-7 
LOC101927575 

4 166062170 166128741 
rs73009672, 

rs112524929 

8.23 x 

10-7 
- 

6 91892908 91986228 rs9359932 
9.49 x 

10-7 
- 

2 205842583 206337543 rs189372686 
1.13 x 

10-6 
PARD3B 

2 231896204 231914845 rs6854 
2.59 x 

10-6 
C2orf72 

14 93591673 93596315 

rs11160100, 

rs7148352, 

rs11624776 

2.64 x 

10-6 
ITPK1 

8 106594719 106643913 rs62527241 
2.77 x 

10-6 
ZFPM2 

1 206685627 206685627 rs944770 
3.23 x 

10-6 
RASSF5 

6 43455719 43633417 rs140119541 
3.52 x 

10-6 
POLH, POLR1C 

16 68555187 68680651 rs12921494 
3.66 x 

10-6 
ZFP90 

1 150204405 150513711 
rs6693567, 

rs141292640 

3.71 x 

10-6 

LOC124904415, 

RPRD2, 

ADAMTSL4 

1 156406381 156474929 rs1342442 
3.8 x 

10-6 
MEF2D 

19 3042734 3042734 rs11084993 
3.9 x 

10-6 
TLE2 

16 79207139 79207139 rs79101720 
4.66 x 

10-6 
WWOX 

2 55564300 56101058 rs115740972 
4.73 x 

10-6 
PPP4R3B 

2 145755449 145969331 rs79120566 
4.81 x 

10-6 
LOC100505498 

7 153143250 153158288 rs117637348 
5.09 x 

10-6 
- 

11 111109258 111111729 rs7119658 
5.16 x 

10-6 
- 

2 224890196 224890196 rs151027228 
5.51 x 

10-6 
SERPINE2 

1 100998783 101149093 rs115756886 
5.85 x 

10-6 
LOC124904231 

10 26677166 26688963 rs111936115 7.28 x - 



30 

 

10-6 

16 1056547 1076660 rs2432301 
8.19 x 

10-6 
- 

11 125283916 125456805 rs11220077 
8.99 x 

10-6 
FEZ1 

20 25205031 25758201 rs3787078 
9.02 x 

10-6 
PYGB 

7 20656054 20724826 rs10266137 
9.15 x 

10-6 
ABCB5 

2 66228401 66228539 rs13429325 
9.88 x 

10-6 
LINC02934 

Note: Chr: chromosome; start/end: genomic coordinates of the risk loci; independent 

significant SNPs: significant SNPs located in risk loci, found in GWAS analysis; gene: 

annotated genes associated with the loci. 

We were able to explicitly replicate the significant tissue-specific enrichment of our risk 

loci, using suggestive significance SNP threshold (p <10-5), in tibial artery tissue (p = 

0.0001927), consistent with findings reported by both Gormley et al. (17) and 

Hautakangas et al. (18). Enrichment in other tissues remained non-significant. 

Pathway-level analysis based on risk loci defined by genome-wide significant (GWS) 

SNPs did not identify any significant gene sets. However, analysis using suggestively 

significant SNPs revealed enrichment in seven KEGG pathways (MsigDB C2 sets), 

including retinol metabolism and steroid hormone biosynthesis. Additionally, analysis of 

MsigDB C3 sets identified significant transcription factor-related enrichments involving 

STAT1 and PEA3. Detailed results can be found in Supplementary Figures S2, S3 of 

Torok et al. (52). 

4.2. Study 2: validation of transcriptomic findings through genetic analyses 

in migraine 

4.2.1. UK Biobank cohort descriptors 

In these analyses, apart from migraine-first diagnosis, sex, and age, we included smoking 

status, allergy, vitamin A intake, and retinol equivalent intake (Table 10). 
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Table 10. Sample characteristics of the UK Biobank cohort included in the genetic 

analyses of LEGs and vitamin A-related pathway’s SNP-level investigations.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: SE - standard error; μg - micrograms. 

4.2.2. Migraine transcriptomic cohort description 

Mean age of the Hungarian migraine transcriptomic study population (27.5) was smaller 

than in the UK Biobank (58.2), and the migraine case-control ratio was more balanced 

(Table 11). 

  

Age 

Mean 58.1743 

SE 0.0167 

Range 39-72 

Smoking 
Cases Controls 

102976 66403 

Allergy 
Cases Controls 

25321 144469 

Migraine 
Cases Controls 

6139 193790 

Sex 
Males Females 

101766 98163 

Vitamin A 

retinol 

equivalents 

intake 

Mean 978.9086 

SE 3.8709 

Range (μg) 0-41446 

Vitamin A 

intake 

Mean 482.1076 

SE 3.4461 

Range (μg) 0-38784 
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Table 11. Sample characteristics of the migraine transcriptomic cohort included in 

the genetic analyses of LEGs and SNP-level analyses related to vitamin A. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: SE - standard error. 

 

4.2.3. Findings from the Leading Edge Gene (LEG) genetic analyses 

No results remained significant after applying Bonferroni correction for multiple testing 

(p ≤ 3.66 × 10-6; 0.05/13,650). However, numerous variants showed nominal significance 

(p ≤ 0.05), including those in CBR3 (Nsnp = 46), CORIN (Nsnp = 14), EFNB2 (Nsnp = 5), 

KCNMA1 (Nsnp = 90), and TEK (Nsnp = 6) in the models including covariates sex, age, 

allergy, and smoking. Detailed results for each SNPs can be found in Petschner et al. -

Supplementary Table 10 (56). 

4.2.4. Results from the analyses of genes involved in vitamin A pathway 

The result of the t-test showed that the vitamin A intake was significantly different in 

migraineurs compared to controls. In case of vitamin A retinol equivalent intake, we did 

not find a significant difference (Table 12). 

Age 

Mean 27.5051 

SE 0.3868  

Range 19-49 

Smoking Mean 4.6329 

 SE 0.0511  

 Range 1-5 

Sex 
Males Females 

83 206 

Migraine 
Cases Controls 

172 117 

Allergy 

 

Cases Controls 

106 177 
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Table 12. Results of the comparison of vitamin A and retinol equivalent intake 

between the migraine and control groups. 

 

4.2.4.1. UK Biobank cohort 

Eleven variants in the LRP1 gene, rs4759276, rs4759275, rs1385526, rs1799737, 

rs1466535, rs10876964, rs4759045, rs10876965, rs11172113, rs4367982, and 

rs4759277, were significantly associated with migraine both for controlling for vitamin 

A and vitamin A retinol equivalent intake, with p-values (Table 13) exceeding the 

multiple testing correction threshold of 3.66 × 10-6 (0.05/13,635). 

 

Table 13. Significant SNPs of vitamin A pathway genes 

vitamin A intake 

ID OR P 

rs4759276 0.84 1.46 x 10-8 

rs4759275 0.84 1.63 x 10-8 

rs1385526 0.84 6.29 x 10-8 

rs1799737 0.84 7.85 x 10-8 

rs1466535 0.84 8.63 x 10-8 

rs10876964 0.84 8.66 x 10-8 

rs4759045 0.84 9.23 x 10-8 

rs10876965 0.84 9.45 x 10-8 

rs11172113 0.85 1.22 x 10-7 

rs4367982 0.85 1.30 x 10-7 

rs4759277 0.85 1.57 x 10-7 

vitamin A retinol equivalent intake 

ID OR P 

rs4759276 0.84 1.45 x 10-8 

rs4759275 0.84 1.62 x 10-8 

rs1385526 0.84 6.21 x 10-8 

rs1799737 0.84 7.79 x 10-8 

 
Vitamin A 

intake mean 
t-test p-value 

Vitamin A retinol 

equivalent intake 

mean 

t-test p-value 

migraineurs 426.7946 

0.00021 

946.5640 

0.06491 

controls 484.0020 980.0163 
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rs1466535 0.84 8.53 x 10-8 

rs10876964 0.84 8.56 x 10-8 

rs4759045 0.84 9.13 x 10-8 

rs10876965 0.84 9.35 x 10-8 

rs11172113 0.85 1.20 x 10-7 

rs4367982 0.85 1.28 x 10-7 

rs4759277 0.85 1.55 x 10-7 

 

Note: ID - unique identifier of SNPs, OR - odds ratio, P - p-value. We did correction for 

1) age, sex, genotype array, smoking, allergy, and vitamin A intake, and 2) age, sex, 

genotype array, smoking, allergy, and vitamin A retinol equivalent intake.  

4.2.4.2. Hungarian migraine cohort 

Seven LRP1 SNPs that were significant in the UK Biobank and present in Hungarian 

cohort showed nominal significance (p ≤ 0.05) for migraine status, regardless of the 

applied corrections (Table 14).  

Table 14. Nominally significant SNPs of vitamin A pathway genes, correcting for 1) 

age, sex, smoking, allergy.  

ID OR P 

rs10876964 0.60 0.0176 

rs10876965 0.60 0.0176 

rs1466535 0.60 0.0176 

rs4759045 0.60 0.0176 

rs4367982 0.61 0.0187 

rs1799737 0.63 0.0287 

rs4759277 0.63 0.0304 

Note: ID - unique identifier of SNPs, OR - odds ratio, P - p-value. 

Across all analyses for UK Biobank and Hungarian cohort, the minor alleles were 

associated with a protective effect (OR < 1) against migraine, suggesting increased risk 

for carriers of the major allele. 
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4.3. Study 3: genetic risk of NAD+/SIRT1 pathway in depression 

4.3.1. Descriptive statistics 

4.3.1.1. UK Biobank cohort 

Discovery sample included 228,594 individuals with genetic data, age, genotype 

information, and depression score (Table 15). 

Table 15. Mean and standard error of the age and depression score in the UKB 

discovery sample. 

 

UK Biobank discovery sample 

  Total 
Female 

(N=120392) 

Male 

(N=108202) 

Age 

Mean 57.1867 57.1429 57.2355 

SE ±0.0170 ±0.0230 ±0.0251 

Depression 

score 

Mean 5.7041 5.8352 5.5581 

SE ±0.0046 ±0.0065 ±0.0065 

 

As a target sample, as was explained in the methods (Figure 1), we used independent 

individuals from UK Biobank (Table 16), including data of 105,654 individuals. In our 

analyses, we utilized the same depression score, early life stress, body fat percentage, and 

PRS for NAD+/SIRT1 pathway. 

 

Table 16. Descriptive statistics of the target sample. 

 

UK Biobank target sample 

  Total 
Female 

(N=59073) 

Male 

(N=46581) 

Age 

Mean 56.1947 55.6724 56.8571 

SE ±0.0236 ±0.0313 ±0.0357 

Depression 

score 

(range: 4-16) 

Mean 5.3883 5.5133 5.2297 

SE ±0.0057 ±0.0079 ±0.0082 
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Early life 

stress (ELS) 

(range: 0-20) 

Mean 1.6872 1.7740 1.5772 

SE ±0.0072 ±0.0104 ±0.0097 

Pathway PRS 

Mean -0.0006 -0.0005 -0.0006 

SE ±1.5461x10-5 ±2.0727x10-5 ±2.3213x10-5 

Body fat 

percentage 

Mean 30.7378 35.6352 24.5118 

SE ±0.0260 ±0.0282 ±0.0265 

Note: Mean values and corresponding standard errors of age, depression score, early life 

stress (ELS), body fat percentage, and pathway-specific polygenic risk score in the UK 

Biobank target sample. 

 

4.3.1.2. Hungarian cohort 

In this study, we used the same cohort as used in study 2, but restricted only to control 

individuals, and considered depression score, early life stress, and calculated polygenic 

genetic risk for NAD+/SIRT1 pathway (Table 17). 

 

Table 17. Hungarian cohort description  

 

Hungarian cohort: 

  
Total 

population 

Females 

(N= 58) 

Males 

(N=44) 

Age 

Mean 26.0294 26.1035 25.9318 

SE ±0.5132 ±0.7873 ±0.5919 

Depression 

score 

(range: 22-55) 

Mean 33.4608 34.1724 32.5227 

SE ±0.5808 ±0.8341 ±0.7649 

Early life stress 

(ELS) 

(range: 25-90) 

Mean 33.9902 33.00 35.2955 

SE ±1.0109 ±1.0426 ±1.8960 
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Pathway PRS 

Mean 0.0024 0.0026 0.0020 

SE ±0.0004 ±0.0006 ±0.0007 

Note: Mean and standard error of depression score, early life stress (ELS), and pathway-

specific polygenic risk score in the Hungarian cohort. 

 

4.3.2. Interacting effect of PRS and early life stress on depression score 

Significant p-values for the interaction effect (p ≤ 0.016; 0.05/3) were observed in the 

total sample and the male subpopulation. For the male subpopulation, we identified the 

largest percentage change in explained variance (ΔR2
perc) (Table 18). 

 

Table 18. Interacting effect of PRS and early life stress. 

Effect of PRS x ELS on depression score 

 Total population Females Males 

Explained variance 

change (ΔR2
perc) 

0.0992% 0.0143% 0.5037% 

P-value of PRS x ELS  0.0074* 0.4623 0.0002* 

Effect size and SE of 

PRS x ELS 
1.2615(±0.4712) 0.4392(±0.5976) 2.9275(±0.7768) 

  

Note: Percentage changes in explained variance (ΔR2
perc) for depression score resulting 

from the interaction between early life stress (ELS) and genetic risk associated with 

NAD+/SIRT1 pathway genes, analyzed in the total sample and in subpopulations. P-

values reflect the significance of the interaction term between PRS and ELS; bold and * 

indicate values that remain significant after multiple testing correction (p ≤ 0.0167; 

0.05/3). Effect size refers to the beta coefficient, with the corresponding standard error 

(SE) shown in parentheses. PRS: polygenic risk score; ELS: early life stress. 
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4.3.3. Mediating role of body fat percentage in the interaction between PRS and ELS 

In this model, consistent with the regression analyses, the interaction between PRS and 

ELS had a significant direct effect (c) on depression (p ≤ 0.05) in both the total sample 

and the male subpopulation. Body fat percentage also demonstrated a significant direct 

effect (b) on depression score across all groups (p ≤ 0.05). However, no significant 

indirect effects (a x b) via body fat percentage were found (Table 19), indicating that 

body fat does not mediate the interaction effect. A visual summary of the mediation 

analyses is provided in Figure 1. 

 

Table 19. Results of mediation analyses in the total population and subgroups. 

Total population 

 Beta SE P 

(a) effect of interaction on 

body fat percentage 
0.0111 ±1.6434 0.9946 

(b) effect of body fat 

percentage on depression 

score 

0.0248 ±0.0009 < 2.2 x 10-16* 

(a x b) effect of interaction 

through body fat percentage 

on depression score 

0.0003 ±0.0408 0.9946 

(c) effect of interaction on 

depression score 
1.1768 ±0.4738 0.0130* 

 (a x b + c) total effect of 

interaction and body fat 

percentage on depression 

score 

1.1771 ±0.4756 0.0133* 

Female subpopulation 

 Beta SE P 

(a) effect of interaction on 

body fat percentage 
-2.5926 ±2.1697 0.2321 
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(b) effect of body fat 

percentage on depression 

score 

0.0269 ±0.0011 < 2.2 x 10-16* 

(a x b) effect of interaction 

through body fat percentage 

on depression 

-0.0697 ±0.0584 0.2327 

(c) effect of interaction on 

depression score 
0.4167 ±0.6000 0.4874 

 (a x b + c) total effect of 

interaction and body fat 

percentage on depression 

score 

0.3469 ±0.6028 0.5649 

Male subpopulation 

 Beta SE P 

(a) effect of interaction on 

body fat percentage 
4.8282 ±2.5347 0.0568 

(b) effect of body fat 

percentage on depression 

score 

0.0209 ±0.0014 < 2.2 x 10-16* 

(a x b) effect of interaction 

through body fat percentage 

on depression score 

0.1011 ±0.0535 0.0589 

(c) effect of interaction on 

depression score 
2.7691 ±0.7827 0.0004* 

 (a x b + c) total effect of 

interaction and body fat 

percentage on depression 

score 

2.8703 ±0.7845 0.0003* 

Note: Beta values represent effect sizes, with SE indicating the corresponding standard 

error. P-values: Significant results (p ≤ 0.05) are indicated in bold and marked with an 

asterisk (*). PRS: polygenic risk score; ELS: early life stress. 
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4.3.4. Sex-specific association between NAc resting-state functional connectivity and the 

interaction of PRS and ELS in the Hungarian cohort 

No significant association was found between NAc resting-state functional connectivity 

and the interaction between NAD+/SIRT1 pathway PRS and ELS in the overall sample. 

However, a sex-specific pattern emerged. Males exhibited stronger connectivity between 

the NAc and both the middle frontal gyrus (Peak T = 3.967; MNI coordinates: 44, 30, 30) 

and the triangular part of the inferior frontal gyrus (Peak T = 4.142; MNI: 42, 22, 30) 

compared to females (pFWE = 0.0139, cluster size k = 159; Figure 3). 

 

Figure 3. Brain regions showing significant connectivity with the nucleus accumbens 

(NAc) in males, associated with the interaction between NAD+/SIRT1 pathway 

genetic risk and early life stress. Green: NAc seed region (MNI coordinates: x = 10, y 

= 12, z = –8; radius = 4 mm). Red: Middle frontal gyrus and triangular part of the inferior 

frontal gyrus. Significance threshold: cluster-level pFWE < 0.05, MNI: Montreal 

Neurological Institute space. 

 

In males, increased interaction scores between PRS and ELS were associated with 

enhanced functional connectivity between the NAc and the frontal regions (β = 0.3859, 

SE = 0.1513, R2 = 0.1135). In contrast, females showed the opposite trend, where higher 

interaction scores were linked to weakened connectivity (β = -0.3850, SE = 0.1104, R2 = 

0.1637) (Table 20 and Figure 4). 
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Table 20. Shows the sex-specific association between resting-state functional 

connectivity of the NAc (Z-scores) and the interaction between NAD+/SIRT1 

pathway PRS and early life stress (ELS). 

Linear regression results 

 Beta SE P R2 

Females -0.3850 ±0.1104 0.0010 0.1637 

Males 0.3859 ±0.1513 0.0145 0.1135 

Note: beta - effect size; SE - standard error; P - p-value of the association; R2- coefficient 

of determination. 

 

Figure 4. Sex-specific functional connectivity between the nucleus accumbens and 

the inferior frontal gyrus is modulated by the interaction between genetic risk in the 

NAD+/SIRT1 pathway and early life stress. The X-axis shows the interaction between 

PRS and ELS, while the Y-axis displays the Z-score of functional connectivity between 

the NAc and the inferior frontal gyrus. Shaded regions indicate standard errors (SE). 
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5. Discussion 

Question 1 

Previous large-scale meta-analyses have identified 38 and 123 genome-wide significant 

loci using cohorts of 59,674 cases with 316,078 controls (17) and 102,084 cases with 

771,257 controls (18), reaching p-values as low as 5.6 × 10-49 and 10-90, respectively. 

These efforts also reported SNP-based heritability estimates of 14.6% and 11.2%, 

underscoring migraine’s polygenic nature. 

In contrast, by focusing on a more homogeneous migraine-first subgroup, we identified a 

45.96% and 90.27% increase in SNP-based heritability, reaching 19.37%, despite our 

considerably smaller sample size. Notably, only 1.25% of this heritability was accounted 

for by genome-wide significant and suggestive hits (Figure 2), reinforcing the polygenic 

architecture of migraine and suggesting that the observed increase in heritability largely 

arises from widespread genetic effects of non-genome-wide significant variants. 

Furthermore, all genome-wide significant loci we detected (5/5) overlapped with 

previously reported findings, and 31% (11/36) (Table 8) of our suggestive associations 

also aligned with previous results. 

The identified genes are biologically relevant and consistent with prior literature: RDM16 

is involved in thermoregulation, adult neurogenesis, and cerebrospinal fluid regulation 

(74, 75), FHL5 plays roles in vascular remodeling and gene regulation (76). ASTN2 is 

associated with neuronal migration and psychiatric conditions such as schizophrenia (77), 

LRP1 participates in vitamin A transport, immune modulation, lipid metabolism, and 

various vascular diseases (Alzheimer’s disease, aortic and coronary artery conditions) 

(78, 79), SLC24A3 is linked to sodium/calcium exchange and intracellular calcium 

balance (24, 80).  

Among our findings reaching suggestive significance, we identified CALCB, a gene 

encoding a calcitonin gene-related peptide (CGRP). Notably, among previous large-scale 

meta-analyses, only the study by Hautakangas et al. (18) detected this gene, likely due to 

their extensive sample size. Remarkably, our smaller-scale study was also able to capture 

this signal, which we assign to the use of a well-defined and refined migraine phenotype. 

The relevance of this finding is emphasized by the growing body of literature linking 

CGRP to migraine pathophysiology (81, 82).  
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In recent years, migraine treatment has advanced significantly through the development 

of therapies targeting CGRP or its receptor (83). These include small-molecule receptor 

antagonists (gepants) for acute migraine and monoclonal antibodies (Eptinezumab, 

Fremanezumab, Galcanezumab, and Erenumab) for migraine prevention. Unlike earlier 

treatments, these CGRP-targeted drugs are designed specifically to modulate the 

trigeminal pain system, offering greater specificity and minimal side effects (83). 

Our findings, therefore, underscore the importance of phenotype refinement focusing on 

comorbidity exclusion in genetic studies, as it enables the detection of biologically 

meaningful signals, even in studies with small sample sizes. 

 

At pathway level, enrichment of STAT1-, PEA3-, and retinol metabolism-related gene 

sets highlights potential roles of immune and vitamin A-related processes in migraine 

(84–86). Moreover, tissue-specific enrichment in the tibial artery supports the vascular 

hypothesis of migraine pathophysiology (87). 

These findings are in line with previous literature but offer an important refinement: while 

meta-analyses using broader, heterogeneous disease definitions have greater statistical 

power to detect genome-wide significant loci, they may underrepresent the polygenic 

contribution underlying migraine. Our data suggest that the genetic signal captured by top 

hits represents only a small fraction of overall heritability, and that variants under the 

genome-wide significance threshold collectively account for a much larger portion of the 

genetic architecture. Thus, taking into account and interpreting top hits alone may provide 

an incomplete understanding of migraine genetics. 

From a clinical perspective, three implications arise: 1) More precise genetic risk 

estimation may be achievable using better-defined subgroups such as migraine-first 

patients. 2) The search for novel therapeutic targets may benefit from focusing on 

biological pathways enriched in this polygenic background, rather than only genome-

wide significant loci. 3) Given that a major part of migraine heritability reflects small-

effect variants, multi-target therapeutic strategies may have greater promise than single-

target approaches. 

In summary, our findings indicate that patients diagnosed with migraine-first represent a 

genetically informative subgroup, characterized by higher SNP-based heritability and 

consistent replication of known risk loci.  



44 

 

The majority of this heritability remains unexplained by genome-wide significant 

variants, supporting the need to consider the broader polygenic background. 

Question 2 

Genomic analysis of the LEGs, selected based on our transcriptomic study of interictal 

migraine without aura patients, did not show significant results. We showed that top 

leading edge gene, CYP26B1, downregulation is not explained by genetic 

polymorphisms, but rather reflects dysregulated retinoic acid receptor signaling, driven 

by reduced retinoic acid availability linked to disease-associated variants in the LRP1 

gene. 

In our previous genome-wide association analysis (Study 1), LRP1 emerged as one of the 

top replicated risk loci among migraine-first patients. In line with these findings, Study 2 

provided evidence for the importance of LRP1 independently of the different vitamin A 

retinol equivalent intake of migraineurs, reinforcing its central role through pathway-level 

genetic analyses. 

Although candidate gene-level associations across differentially expressed genes did not 

yield genome-wide significant SNPs in migraine-first patients, suggesting limited direct 

overlap between transcriptomic changes and individual common variants, even in this 

well-defined migraine subgroup, LRP1 provided replicable evidence. Specifically, we 

identified eleven polymorphisms within the LRP1 gene that remained significant after 

correction for multiple testing (Table 13) and seven replicated investigating an 

independent population of Hungarian migraine cohort (Table 14). This highlights a 

potential functional role of LRP1 in retinoid signaling dysregulation, which may be 

behind migraine. 

Mechanistically, LRP1 facilitates the hepatic uptake of retinyl ester-containing 

chylomicron, a key step in storing and redistributing vitamin A derivatives to peripheral 

tissues (61). Moreover, it mediates the internalization of serum amyloid A-retinol 

complexes in immune cells within the intestinal tract (79). These dual functions suggest 

that LRP1 influences both immune cell vitamin A access and peripheral retinoic acid 

availability. Disturbance of these processes, due to disease-associated SNPs in LRP1, 

may also be involved in reductions in retinoic acid levels, impair retinoic acid receptor 

signaling, and suppress downstream targets such as CYP26B (88). 
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Taken together, these results provide context for the transcriptomic findings in the form 

of LRP1 as a genetic marker of dysregulated retinoid signaling in migraine. This not only 

aligns with its known vascular and immune-related roles but also proposes novel 

perspectives on migraine pathophysiology. 

The convergence of findings across genome-wide and pathway-level analyses highlights 

the importance of extending traditional GWAS approaches. By examining biologically 

coherent pathways, such as vitamin A metabolism pathway, we can better characterize 

the underlying mechanisms in migraine and identify candidate targets for precision 

treatment, even if in naive, systemic analyses these genes would otherwise remain 

insignificant. 

Question 3 

This study’s results present new evidence that the genetic risk of NAD+/SIRT1 signaling 

pathway in interaction with early life stress (ELS) influences depressive symptoms in 

human males. This gene-environment interaction appears to impact depressive symptom 

scores independently of body fat percentage. Additionally, we found that this interaction 

alters the functional connectivity of the nucleus accumbens, a key brain region in reward 

processing, with connectivity patterns differing between males and females. The results 

extend previous findings from animal models to humans and highlight the NAD+/SIRT1 

pathway in interaction with ELS behind depression. 

The observed interaction between NAD+/SIRT1 RPS and ELS underscores the role of 

early environmental exposures and genetic risk of depression. This aligns with prior 

human studies reporting decreased SIRT1 expression in individuals exposed to childhood 

adversity, correlating with depression severity (89). Another finding in a rodent model 

has shown that early-life stress downregulates SIRT1 expression in the brain and in 

peripheral blood, which is linked to adult depressive-like behavior, and pharmacological 

treatment reversed this process along depressive symptomatology (90). Our current 

findings, in line with the literature, provide important translational insights by suggesting 

that there is an interplay between ELS and NAD+/SIRT1 pathway genetic risk in humans. 

Though the variance explained by the PRS × ELS interaction is modest (0.5037% in 

males, Table 18) is relatively high for a pathway-level result, especially when compared 
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to the typical genome-wide PRS effect sizes, which generally explain about 2-12% of 

variance on the liability scale (91, 92). 

Our results suggest that the observed effects are not limited to SIRT1 but extend to other 

components of the NAD+/SIRT1 pathway. In the pathway, many genes encode 

mitochondrial proteins. This supports emerging literature pointing to mitochondrial 

dysfunction, particularly in nuclear-encoded mitochondrial genes, as a contributor to 

depression (93).  

Given the link between mitochondrial processes and cognitive symptoms of depression, 

future research could explore whether cognitive deficits in depression are modulated by 

genetic variation in this pathway. 

Contrary to findings from rodent studies where ELS was associated with increased 

adiposity and SIRT1 alterations, our results suggest that in humans, body fat percentage 

does not mediate the effect of NAD+/SIRT1 genetic risk on depressive symptoms. It is 

important to consider that our UK Biobank cohort has a mean age of approximately 57 

years (Table 15), and the timing and duration of ELS in this population vary widely, in 

contrast to the animal models. This difference may have influenced the observed lack of 

mediation by body fat percentage in our sample. 

Several genes within this pathway encode proteins involved in oxidative stress responses 

and metabolic regulation as well (NPY, PPARGC1A, CAT, GPX4, and HSPD1) (62). 

NPY, the gene for neuropeptide Y, is particularly remarkable, as it has been implicated in 

both major depressive disorder through interaction with ELS (94) and in obesity and 

energy metabolism (95). Despite evidence from original findings of Morató et al. (42)  

and established associations between high body mass index and depression (96, 97), our 

data did not support a mediating role of adiposity in the interaction between 

NAD+/SIRT1 genetic risk and ELS in depression.  

The NAc, central component of reward processing (98), showed altered functional 

connectivity with middle frontal gyrus and inferior frontal gyrus in males exposed to ELS 

with high NAD+/SIRT1 PRS (Table 20, Figure 4). These regions are located in the 

dorsolateral prefrontal cortex. Early life stress has been linked to increased medial 
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prefrontal cortex (mPFC) connectivity, which is associated with higher levels of 

symptoms of depression and anxiety (99).  

In addition, the prefrontal cortex regulates reward processing by exerting top-down 

control over the striatum (100); thus, increased connectivity between the NAc and middle 

frontal gyrus (part of the dorsolateral PFC) may reflect reduced hedonic capacity 

following ELS. This aligns with recent studies linking elevated NAc-PFC connectivity to 

melancholic depression (101) and anhedonia (102). Our results are in line with this 

evidence and suggest that the interaction of NAD+/SIRT1 PRS and ELS may influence 

reward-related brain circuits in a sex-dependent manner, contributing to depressive 

symptoms in males. 

Our findings reveal a male-specific effect of the interaction of NAD+/SIRT1 PRS and 

ELS on depressive symptoms and functional connectivity. This sex difference is 

consistent with prior work, including rodent studies of Morató et al. (42), where ELS-

induced increased fat mass and reduced sociability were only observed in males. 

Depression is more prevalent in women during reproductive years (7), and our findings 

emphasize that the biological mechanisms underlying depression may differ by sex. 

Rodent studies often rely exclusively on male animals due to the complexity of female 

reproductive cycles. Even when females are included, the effects observed in males are 

frequently absent (103). Notably, this study has successfully translated findings from 

male rodents to human males. Our findings underscore that meaningful translation in the 

form of genomic identification is possible when sex differences are properly considered, 

emphasizing the importance of including both sexes in animal research and recognizing 

sex as a critical factor in cross-species studies of depression. 

In the study by Morató et al. (42), treatment with nicotinamide mononucleotide reversed 

behavioral effects of early life stress in adult mice. Similarly, resveratrol, an activator of 

SIRT1 (39), has shown antidepressant effects in animal models (104). Our findings 

highlight the relevance of the interaction of NAD+/SIRT1 pathway and ELS in 

depression, in males, and help define a subgroup that may benefit most from such targeted 

interventions. 
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Limitations 

A key limitation of Study 1 is that the available migraine diagnosis (ICD code G43 - 

migraine) does not distinguish between migraine with or without aura. Future studies 

should aim to differentiate between these subtypes, ideally focusing on individuals with 

a first diagnosis of migraine without comorbidities, in order to gain a more precise 

understanding of the distinct genetic backgrounds associated with each type. 

In Study 2, the main limitation when comparing transcriptomic and genetic analyses 

findings is that genetic association analyses reflect tissue-independent associations. 

Another limitation is that we were unable to measure retinoic acid (vitamin A) levels in 

our small Hungarian migraine cohort, likely due to degradation by the time of analysis. 

The following limitations should be acknowledged when interpreting the results of Study 

3. First, the division of the UK Biobank data into discovery and target samples was based 

on the availability of early life stress data. First, using the same cohort data for both 

discovery and validation may raise concerns about representativeness. However, since 

participation in the online follow-up and filling out the Childhood Trauma Screener 

assessing early life stress occurred randomly, the risk of non-representative bias is likely 

reduced. 

Second, the genetic coverage of the NAD+/SIRT1 pathway in our analyses was 

incomplete. This was primarily due to standard genomic QC procedures and the 

unavailability of mitochondrial DNA data in the UK Biobank and in the Hungarian 

sample. While this represents a limitation, it is worth noting that mitochondrial function 

is influenced by nuclear-encoded genes, and common variants in these genes have been 

shown to affect depressive phenotypes with modest but less compensable effects (93). 

Therefore, it is unlikely that inclusion of mitochondrial variants would change the 

observed patterns; rather, it could further strengthen the associations found. Nonetheless, 

future research incorporating mitochondrial genomic data could offer a complete 

understanding of the role of mitochondrial function in ELS-related depression. 
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6. Conclusion 

This PhD thesis demonstrates that enhancing genetic signal detection in polygenic 

disorders is achievable through the integration of two strategies: clear phenotype 

definition and biologically grounded, mainly transcriptomics-driven pathway analysis. In 

the context of migraine, refining the phenotype by focusing on migraine-first individuals 

without comorbidity led to improved heritability estimates and clearer identification of 

genetic loci. When combined with transcriptomic findings-based pathway-level focus, 

particularly on the vitamin A pathway, these analyses enabled more targeted, replicable 

findings. Translating findings from an animal study, calculating pathway-level polygenic 

risk score, and testing its interaction with early environmental adversity, it became 

possible to identify interacting genetic influences on both depressive symptoms and on 

functional connectivity levels.  

These findings emphasize the importance of phenotype definition and hypothesis-driven 

statistical analyses in genetics. Rather than seeking general associations in broad, noisy 

samples, this work encourages targeted, biologically informed analyses, whether to 

explore migraine pathomechanism or to translate neurobiological insights from animal 

models into human contexts. This thesis contributes to a growing framework for more 

interpretable and biologically meaningful genetic research in various disorders. 
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7. Summary 

The work presents novel strategies to improve genetic signal detection in polygenic 

disorders by combining refined phenotype definitions with biologically grounded, 

pathway-level analyses. Using migraine and depression phenotypes, it highlights how 

hypothesis-driven insights improve discovery and interpretability in genetics. 

In migraine, focusing on individuals without comorbidities at disease onset, those whose 

first diagnosis was migraine, increased SNP-based heritability to 19.37%, compared to 

the previously reported 14.6%. This refined group showed stronger genetic signals, 

replicated known migraine loci (PRDM16, FHL5, ASTN2, STAT6/LRP1, SLC24A3), and 

identified suggestive associations in CALCB, a key CGRP coding gene. 

Integrating findings of transcriptomic study in migraine, focusing on the vitamin A 

pathway, provided additional biological context. Although most differentially expressed 

genes showed no significant association, LRP1 emerged as a key gene: eleven SNPs were 

significantly associated with migraine, and seven replicated in an independent cohort, 

supporting its involvement in pathophysiology. 

The pathway-based approach was then extended to depression. Based on rodent findings, 

NAD+/SIRT1 pathway polygenic risk scores were calculated and tested in interaction 

with early life stress. In males, NAD+/SIRT1 genetic risk in interaction with early life 

stress explained variance from depressive symptoms at 0.5037% with p-value of 0.0002. 

Body fat percentage did not mediate this effect. Resting-state fMRI revealed that these 

individuals also showed altered connectivity between the nucleus accumbens and 

prefrontal cortex regions (females, beta = -0.3850, p-value = 0.0010, males, beta = 0.3859, 

p-value = 0.0145), involved in reward and anhedonia. Notably, the increased connectivity 

observed in males aligns with patterns previously reported in melancholic depression. 

Together, these findings show that precise phenotype selection and pathway-focused 

genetic analyses can improve signal detection and biological relevance. This work 

supports a shift from broad, noisy samples toward targeted, replicable frameworks in 

genetics.  
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twin-heritability estimates are considered “missing heri-
tability”, and are often attributed to various factors, like 
rare variants, environmental factors, or their epigenetic 
interactions. Some of these factors could be compensated 
during analyses.

A prominent example can be known comorbidities 
upon onset. We have previously identified the comor-
bidity network of migraine. Among others, a factor in 
this comorbidity map of the disorder was major depres-
sion [4]. A later study from our lab using machine learn-
ing methods provided substantial evidence that already 
diagnosed, comorbid major depression can influence rel-
evance and effect size of genomic hits for migraine [5]. 
Another study reported altered heritability in the pres-
ence of comorbid depression [6]. Taken together, findings 
suggest, given the above are true for other comorbidi-
ties too, that migraine-first diagnosis may have a better 
characterizable genomic background. Thus, to investigate 
the biological background of the migraine-first diagnosis 

Introduction
Previous large meta-analyses [1, 2] (henceforth, Gorm-
ley et al., Hautakangas et al.) estimated 14.6% and 11.2% 
single nucleotide polymorphism (SNP)-based heritability 
in migraine (with or without aura), respectively. In con-
trast, twin-heritability estimates of the disorder range 
from 30 to 60% [3]. Differences between SNP-based and 
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Abstract
Background  Recent meta-analyses estimated 14.6% and 11.2% SNP-based heritability of migraine, compared 
to twin-heritability estimates of 30–60%. This study aimed to investigate heritability estimates in “migraine-first” 
individuals, patients for whom G43 (migraine with or without aura) was their first medical diagnosis in their lifetime.

Findings  Using data from the UK Biobank (N = 199,929), genome-wide association studies (GWAS) were conducted 
on 6,139 migraine-first patients and 193,790 healthy controls. SNP-based heritability was estimated using SumHer, 
yielding 19.37% (± 0.019) for all SNPs and 21.31% (± 0.019) for HapMap3 variants, substantially surpassing previous 
estimates. Key risk loci included PRDM16, FHL5, ASTN2, STAT6/LRP1, and SLC24A3, and pathway analyses highlighted 
retinol metabolism and steroid hormone biosynthesis as important pathways in these patients.

Conclusions  The findings underscore that excluding comorbidities at onset time can enhance heritability estimates 
and genetic signal detection, significantly reducing the extent of “missing heritability” in migraine.
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is important to improve our understanding of migraine 
pathophysiology and to enhance migraine-specific 
drug target prediction, particularly as clinical drug tri-
als mainly focus on migraine patients without other 
comorbidities.

Accurate migraine definition may also improve GWAS 
results and heritability estimates. Meta-analyses (Gorm-
ley et al., and Hautakangas et al.), to include as many 
individuals as possible and increase statistical power, 
often use data from self-reported questionnaires to iden-
tify participants with migraine. A clinical diagnosis or 
more homogeneous patient subgroups can provide more 
homogeneous samples and reduce noise for genomic 
methods.

In light of the above, our aim was to define a migraine-
first population, i.e. migraine patients diagnosed with 
the disorder (G43, migraine with or without aura) with-
out apparent comorbidities at the time of the diagnosis 
(henceforth: migraine-first patients) and run genome-
wide association study and heritability estimation com-
paring them to age-matched controls without diagnosed 
diseases. Our goal was to test if such an approach is capa-
ble to discover relevant top hits or increase background 
polygenic signal in migraine.

Methods
Data used in our analysis were part of the UK Biobank 
(application number 71718). Genomic quality control 
steps and filtering were performed as described in the 
supplementary information of Eszlari et al. [7], includ-
ing filtering for minor allele frequency, Hardy-Weinberg 
equilibrium, missingness, info and certainty filters, link-
age disequilibrium pruning, kinship check, sex check, 
and heterozygosity outlier detection, leaving 334,125 par-
ticipants with valid genomic data.

Migraine-first patients (N = 6,139) were identified 
by the date of their migraine diagnosis (UKB data-
field 131052 - Date G43 first reported [migraine]), with 
the criterion that migraine was their initial diagnosis. 
Healthy controls (N = 193,790) were defined as individu-
als who had no recorded diseases at the same age (22 ± 12 
years, mean ± standard deviation) when the migraine-first 
patients received their diagnosis and had no migraine 
diagnosis in their lifetime. Descriptive statistics were cal-
culated with R (v 4.1.2) and can be found in Supplemen-
tary Table S1.

Genome-wide association analyses were performed 
with PLINK2 [8] on migraine-first patients and healthy 
controls. After quality control steps and exclusion of 
SNPs on chromosome X, 6,077,313 SNPs remained. The 
following covariates were included in the analyses: sex, 
age (UKB data-field 31 and 21003), first 10 principal com-
ponents of the genome and genotype array (UKB Axiom 
Array and Affymetrix UK BiLEVE Axiom Array).

Evaluation of the GWAS result (risk loci identifica-
tion, gene-set enrichment analysis) was performed 
with FUMA [9] and MAGMA [10]. Index variants were 
defined as LD-independent variants (r2 < 0.1) and loci 
containing all variants in high linkage disequilibrium 
(r2 > 0.6) within 250  kb distance to the index variants. 
(The definitions were the same as in Gormley et al. and 
Hautakangas et al.). We used two thresholds for lead 
SNP identification: a genome-wide significance (GWS) 
value of p < 10− 8

, and a suggestive significance of 10− 8 < 
p < 10− 5.

SNP-based heritability was estimated with SumHer 
(part of the software package LDAK, version 5.2.) [11], 
following the authors’ recommendation, using a one-
parameter heritability model - The Human Default Model 
(specified by adding these parameters: --ignore weights 
YES and --power − 0.25) for (1) all SNPs, (2) all SNPs with 
genome-wide (GWS) and suggestive significant SNPs 
excluded, and (3) SNPs restricted for the HapMap3 SNP-
set. MHC region (chr 6, 25–35  Mb) was excluded from 
FUMA and MAGMA analyses and all heritability estima-
tions. The estimated heritability was converted to liability 
scale using 0.03 “ascertainment” (reflecting that migraine 
proportion was 0.03 in our sample) and “prevalence” was 
set to 0.16 (as in Hautakangas et al.). During analyses no 
genomic inflation correction was used to be able to com-
pare results with Gormley et al. and Hautakangas et al., 
and follow the guidelines of the authors of SumHer. In 
addition, such a correction is recommended only for low 
quality data with population structure and relatedness, 
which we controlled due to the standard quality control 
pipeline employed.

For validation purposes, we also tested (1) our control 
group definition by performing the same analysis steps 
with controls without restrictions (henceforth: all par-
ticipants without migraine diagnosis in their lifetime, 
(Nall_controls = 327,986, Supplementary Table S2), (2) the 
influence of the small proportion of migraine patients 
in our population (ascertainment) by running and aver-
aging three analyses after excluding a third of randomly 
selected healthy controls to increase the “ascertainment” 
parameter (Supplementary Table S3), (3) our phenotype 
definition by conducting the same analysis steps for all 
migraine diagnosed patients (G43) without filtering for 
first onset (NG43_diagnosis = 17,679, Nall_controls = 316,446, 
Supplementary Table S4), (4) the effect of the heritabil-
ity model [11–13] namely, genome-wide complex trait 
analysis (GCTA) using the following parameters: --ignore 
weights YES and --power 1; Human Default Model (HD) 
with --ignore weights YES and --power − 0.25; LDAK 
model with --weights < weights for each variant > and 
--power − 0.25; and BLD-LDAK model with --annota-
tion-number 65, --annotation-prefix < baseline anno-
tation categories>, --ignore-weights YES and --power 
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− 0.25. All model assumptions are described in Supple-
mentary Table S6.

In addition, to assess whether including variants with 
a lower MAF (MAF ≥ 0.001) could enhance heritability 
estimation, we expanded our analysis to include these 
rare variants (MAF extended analysis).

Results
Figure 1 shows the five genome-wide significant risk loci 
identified both in our GWAS, in the study of Gorlmey et 
al., and Hautakangas et al. The red line denotes genome-
wide significance, and the blue dashed line denotes 
the suggestive significance threshold. Yellow dots are 
genome-wide significant, and green dots are sugges-
tively significant SNPs. The colored SNPs denote the 
combination of genome-wide- and suggestively signifi-
cant SNPs (explaining 1.25% of the total heritability). In 
contrast, black and grey dots denote the “background” 
SNPs, explaining a large majority of the total heritabil-
ity (98.75%). Migraine-first patients: initial filtering was 
based on G43 migraine (with or without aura) diagnosis 
and narrowed down to migraine-first patients for whom 
G43 (migraine with or without aura) was their first medi-
cal diagnosis in their lifetime. Healthy controls: individu-
als who had no recorded diseases at the same age when 
the migraine-first patients received their diagnosis and 
had no migraine diagnosis in their lifetime.

SumHer estimated SNP-based heritability was 19.37% 
(± 0.019, SD) for migraine in migraine-first patients using 
all SNPs (Fig.  1). Excluding genome-wide and sugges-
tively significant hits still resulted in a SNP-based herita-
bility of 18.13% (± 0.019, SD), indicating that the majority 
of the signal stems from the background polygenic signal. 
Restricting our SNP set to HapMap3 variants, in accor-
dance with Gormley et al. and Hautakangas et al., gave 
a SNP-based heritability of 21.31% (± 0.019, SD). This is 
a 45.96% and 90.27% increase compared to the study of 

Gormley et al. and Hautakangas et al., respectively. All 
heritability results can be found in Supplementary Table 
S5.

Table 1 shows the overlapping SNPs and loci based on 
the results of Gormely et al., and Hautakangas et al., and 
our current study. Numbers in brackets denote the over-
lap with our current study. In case of Hautakangas et al., 
only risk loci data was available. GWS: genome-wide sig-
nificant (p < 10− 8), GWS + suggestive: significance thresh-
old is p < 10− 5, n/a -not available.

Full list of GWS and suggestively significant SNPs can 
be found in Supplementary Tables S9-S10. Among risk 
loci calculated using GWS SNPs (Supplementary Table 
S11), 100% of our present results were found in the pre-
vious meta-analyses. With suggestive significance thresh-
old (to avoid a reduction in potential risk loci caused 
by reduced power in the current study, Supplementary 
Table S12), 30.56% of risk loci replicated in all studies 
(see Table  1). Prominent genes associated with GWS 
and suggestive significant risk loci were identified as: 
PRDM16, FHL5, ASTN2, STAT6/LRP1, SLC24A3, and 
the former five genes plus ADAMTSL4, MEF2D, TRPM8, 
PHACTR1, SUGCT/C7orf10, ITPK1, respectively.

Table 1  Genome-wide and suggestively significant SNPs and 
risk loci
GWS SNPs

Current 
study

Gorm-
ley et 
al.

Hautakan-
gas et al.

Overlap 
in all 
three

GWS SNPs 10 44(1) 170(n/a) -
GWS risk loci 5 38(5) 123(5) 5
GWS + suggestive SNPs

Current 
study

Gorm-
ley et 
al.

Hautakan-
gas et al.

Overlap 
in all 
three

GWS + suggestive SNPs 64 44(5) 170(n/a) -
GWS + suggestive risk loci 36 38(11) 123(11) 11

Fig. 1  Summary of the results: genome-wide significant loci and SNP-heritability of migraine-first patients and healthy controls

 



Page 4 of 5Torok et al. The Journal of Headache and Pain          (2024) 25:161 

We could explicitly replicate significant tissue-specific 
enrichment of our risk loci in tibial artery tissues (Sup-
plementary Table S13), similarly to both Gormley et al. 
and Hautakangas et al. Other tissue-specific enrichment 
remained non-significant.

Using risk loci based on GWS SNPs, pathway-level 
analysis yielded no significant gene sets, while employing 
suggestive significant SNPs gave seven KEGG pathways 
(MsigDB C2 sets), including e.g., retinol metabolism 
and steroid hormone biosynthesis, among others (Sup-
plementary Figure S2). Enrichment of MsigDB C3 sets 
resulted in STAT1 and PEA3 significant transcription 
factor-related sets (Supplementary Figure S3).

Validation efforts showed (Supplementary Table S5) 
that (1) although we observed a higher statistical power 
with more significant GWS hits increasing the number of 
controls, the heritability estimate was lower (h2 = 17.39%, 
a 10.22% reduction on liability scale), (2) employing more 
balanced samples with higher proportion of migraine 
patients compared to controls decreased SNP-based 
heritability (h2

mean = 18.45%, a 13.42% reduction on liabil-
ity scale), probably due to the reduced statistical power, 
but still remained substantially higher than in previous 
studies, (3) heritability of G43 migraine diagnosis with-
out filtering for first onset was low (h2 = 12.92%, a 39.32% 
reduction on liability scale) (4) the impact of GCTA heri-
tability model was small and yielded comparable results 
(h2 = 23.89%) to HD. Results for all other heritability esti-
mation analysis can be found in Supplementary Tables 
S5, S7 and S8. Results regarding MAF extended analy-
ses showed that extending our analyses to include rarer 
variants can enhance the explained heritability, albeit, 
average contribution of the rarer variants was in general 
smaller compared to more common ones (Supplemen-
tary Table S7, Supplementary Fig. 1).

All in all, validation efforts indicated that control 
group definition, ascertainment parameter and herita-
bility model could not explain the elevated SNP-based 
heritability in migraine-first patients, while the diagnosis 
alone without considering first onset on the UKB popu-
lation yielded comparable heritability to Gormley et al. 
Although there was a modest enhancement in heritabil-
ity estimation, the overall contribution of variants with 
lower MAF appears to be low.

Discussion
In our study, substantially elevated SNP-based heritabil-
ity and replicable top hits in risk loci of PRDM16, FHL5, 
ASTN2, STAT6/LRP1, SLC24A3 genes were found among 
migraine-first patients (Fig. 1).

Previous meta-analyses identified 38 and 123 risk loci 
with significance values reaching 5.6 × 10− 49 and 10− 90 
in 59,674 cases and 316,078 controls, and 102,084 cases 
and 771,257 controls in the studies of Gormley et al. and 

Hautakangas et al., respectively. The two meta-analyses 
also indicated a 14.6% and 11.2% SNP-based heritability 
of migraine.

Using migraine-first patients, we found a 45.96% and 
90.27% increase in SNP-based heritability with a much 
smaller sample size. From our estimated 19.37% heri-
tability, top hits (at a GWS and suggestive significance 
level) explained only 1.25% (Fig. 1), which is well in line 
with the polygenic structure of migraine and suggests 
that an elevated background polygenic signal is primar-
ily responsible for the observed increase in SNP-based 
heritability. In addition, 100% of our risk loci overlapped 
with results of previous meta-analyses in case of GWS- 
(5/5, Table  1) and 31% in case of suggestive significant 
hits (11/36, Table 1), albeit, the most significant risk locus 
obtained a significance of only 10− 13. The identified risk 
loci are related to (1) thermoregulation, adult neurogen-
esis, and cerebrospinal fluid maintenance (PRDM16); 
(2) vascular remodeling and gene programs (FHL5); (3) 
neuronal migration and schizophrenia (ASTN2); (4) vita-
min A transport into immune cells, Alzheimer’s disease, 
lipid homeostasis, various vascular disorders, spontane-
ous coronary artery dissection [14, 15], in cervical artery 
dissection [16], in abdominal aortic aneurysm [17, 18], 
in descending aorta strain and, in descending aortic 
diameter [19] (LRP1); (5) sodium-calcium change and 
intracellular calcium homeostasis (SLC24A3) (www.gen-
ecards.org, https://www.ebi.ac.uk/gwas/) [5, 20]. Among 
the pathways, STAT1-, PEA3- and retinol metabolism-
related sets implicate immunologic and vitamin A-bound 
processes behind migraine. Tissue-specific enrichment 
in tibial artery confirmed previous assumptions about 
vascular components of the disease, which is in line with 
LRP1-associated processes. In sum, significant findings 
were consistent with previous studies.

Although large meta-analyses with less well-defined 
phenotypes possess large statistical power and can iden-
tify top hits in migraine with high significance, they seem 
to substantially underestimate the background polygenic 
signal based on the current results. This phenomenon 
may distort the picture of the real underlying genetic 
architecture of migraine, overemphasizing top hits and 
underemphasizing the underlying background poly-
genic signal. In accordance, results also show that these 
top hits do contribute, but a larger part of the genomic 
signal stems from non-significant hits. Given these con-
siderations, polygenic risk scores that estimate such 
polygenicity and could be useful in disease and progno-
sis prediction may be calculated more accurately from 
better-defined, more homogenous patient subgroups, like 
our migraine-first group.

All in all, our study provided evidence that migraine 
patients who had their migraine diagnosis first have 
higher heritability compared to a general migraine 

http://www.genecards.org
http://www.genecards.org
https://www.ebi.ac.uk/gwas/
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population. Additionally, this migraine-first subgroup 
also showed association with the same genetic risk fac-
tors that were established based on large heterogeneous 
cohorts, but the top hits could only explain a small pro-
portion of this heritability. Three clinical implications 
emerge: (1) optimized and more precise estimation 
of the polygenic risk of migraine based on migraine-
first patients can pave the way for improved predic-
tion of migraine risk, (2) key research attempts to find 
novel migraine medications could be improved by fur-
ther investigating biological mechanisms related to the 
polygenic background of patients with a migraine-first 
diagnosis, (3) and finally, due to the fact that migraine 
heritability mainly explained by polygenicity, novel 
migraine treatment strategies probably benefit from a 
multi-target approach.
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Abstract 

Background  The present study aimed to deliver a replicable transcriptomic map of migraine without aura (MO) 
and its comprehensive, genome- and drug discovery focused analysis to identify hypotheses for future research- 
and clinical attempts.

Methods  We recruited 30 controls and 22 MO patients without serious chronic comorbidities/regular medication 
intake. RNA-sequencing was conducted interictally at two different time points to identify replicable differential gene 
expression and enriched pathways. Subsequent refining and functional analyses were performed, including: 1) testing 
additional patient factors, 2) running genetic association analysis on migraine in the UK Biobank (UKB) and our cohort, 
and 3) predicting drug binding with AutoDock Vina and machine learning to proteins of transcriptomic changes.

Results  Difference in CYP26B1 was identified as key alteration in migraine. Gene set enrichment analysis identified 
88 replicated, significant, exclusively downregulated core pathways, including metabolic, cardiovascular, and immune 
system-related gene sets and 69 leading genes, like CORIN. Logistic regression of leading genes’ and vitamin 
A pathway-related polymorphisms identified 11 significant polymorphisms in LRP1. Confirmatory analyses excluded 
a substantial impact of sex, allergy and different vitamin A/retinol intake. Binding simulations and predictions pointed 
to potential future drug molecules, like tetrandrine and probucol.

Conclusion  The replicable transcriptomic map of MO and functional analyses: 1) identified pathomechanisms 
related to metabolic, cardiovascular and immune system related processes on a molecular level, 2) reported gene 
level hits, 3) proposed novel potential etiology, like LRP1-induced decreased retinoic acid signaling, and 4) delivered 
novel drug candidates for the disorder.
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Introduction
Migraine was responsible for about 5% of the total global 
years lived with disability in 2019 [1] indicating one of 
the most significant disease burdens. Numerous mech-
anisms for the disorder and its symptoms have been 
proposed based on animal models and targeted inter-
ventionist approaches [2], yet systematic investigation of 
the responsible underlying genetic and transcriptomic 
changes in humans could only provide modest results. 
Genomic meta-analyses focusing on single nucleotide 
polymorphisms (SNPs) were able to identify a moderate 
number of loci, which were in line with both vascular- 
and neuronal origins of the disease [3, 4]. On a transcrip-
tomic level, human migraine gene-expression studies, 
investigating mRNAs, were scarcely published [5–10], 
despite the method being able to capture direction of 
changes, identify both primary causes and secondary 
alterations, highlight novel pathophysiology and deliver 
potential drug targets. These few published mRNA-
sequencing (RNA-Seq) and microarray studies could not 
determine genes that were consistently replicated and/
or remained significant after multiple testing correc-
tion between migraine patients and controls. Systematic 
analyses in RNA-Seq studies on a pathway-level yielded 
few results too. One of them pointed to a downregulation 
of immune system-related pathways [8]. Another study 
implicated, for migraine in general, macromolecular 
complex, nucleus and protein complex-related genes [5], 
while a non-systematic analysis suggested enrichment of 
nominally significant genes in mitochondrial processes 
and inflammatory response between migraine patients 
and controls [7]. Despite known differences between 
migraine with and without aura (MO), only one study 
addressed specifically the more common MO, and found 
no significant genes after multiple hypothesis correction 
and only two significant pathways, the macromolecular 
and ribonucleoprotein complex pathways [5].

A reason for the inconclusiveness could be the underly-
ing heterogeneity of the investigated samples, influencing 
gene expression, migraine or both. We hypothesised that 
rigorous collection of a large sample with clinical diag-
nosis of MO subtype, strict exclusion criteria for serious 
acute/chronic illnesses and regular medication intake, 
and correction for remaining phenotypic variables might 
yield replicable results and provide a reliable transcrip-
tomic map of the disease. Such a map and its functional 
analysis could widen knowledge regarding the underlying 
pathophysiology, connection between MO-transcriptom-
ics and -genetics, boost drug development and provide 
testable hypotheses for clinical interventions and future 
studies.

To generate such a reliable interictal transcriptomic 
map of MO, we collected a large, rigorously phenotyped 

cohort of MO patients and healthy controls, and per-
formed gene- and pathway-level analyses on raw RNA-
Seq data of interictal, whole blood samples taken at two 
independent time points. Various analysis steps and 
additional datasets were used: 1) to test if correction 
for remaining phenotypic variables (smoking, history 
of allergy) influence gene expression replicability, 2) to 
obtain a differentially expressed core set of genes and 
pathways for MO, 3) to identify allergy-/sex-depend-
ent genes and pathways in the core set, 4) to determine 
potential underlying genetic variants behind transcrip-
tomic findings, 5) to characterise the leading gene-level 
candidate, CYP26B1, and its role in the observed changes, 
6) to test binding affinity of current medications to the 
identified genes and 7) search for novel drugs capable of 
influencing the gene- and pathway-level targets (Fig. 1).

Methods
Participants
Volunteer recruitment for the migraine cohort took place 
through advertisements at university, headache clinics, in 
newspaper articles and online in Hungary. We collected 
data about diagnosis of MO, smoking status, age, sex, 
history of allergy, pregnancy, breast feeding, any other 
serious acute, previous and chronic illnesses and regular 
medication intake. Additionally, we collected Migraine 
Disability Assessment (MIDAS) measures, including 
attack frequency (MIDAS A), headache severity (MIDAS 
B) [11], and years since MO onset, from the MO cohort 
using standardized questionnaires and headache dia-
ries. Diagnosis of episodic MO was made by an expert 
neurologist based on the International Classification of 
Headache Disorders 3rd edition (beta version) [12]. Sub-
jects were excluded for 1) neurological problems (except 
MO), 2) psychiatric disorders, 3) serious, acute, previous 
and chronic illnesses (except history of allergy), 4) regular 
medication intake, except contraceptives, 5) pregnancy 
and breastfeeding determined by self-reported ques-
tionnaires and a neurologist. Mental health problems 
were assessed by Mini International Neuropsychiatric 
Interview (MINI) [13]. On measurement days, blood 
was taken from cubital veins of a random subset of par-
ticipants (N = 52, transcriptomic cohort) following the 
recording of randomly assigned psychological tasks from 
participants. Sampling and measurements were repeated 
for a second time with average time difference of around 
four weeks. Subjects had to confirm that 48 h before sam-
ple collection no analgesic, anti-migraine medication and 
4 h before no caffeine was consumed. MO samples were 
excluded if they were not attack- and headache-free 24 
h before and after sample collection at both time points. 
Healthy controls had to be headache free 24 h before 
sampling.
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RNA sample preparation, sequencing, quality control 
and gene‑level analysis
For purification and extraction of blood samples PAX-
gene Blood mRNA kit (Qiagen, Venlo, The Netherlands) 
was used with QiaCube instrument at the Institute of 
Psychiatry, Psychology & Neuroscience, King’s College 

London (United Kingdom) per the manufacturers hand-
book. Samples were processed according to “NEBNext 
Ultra Directional RNA Library Prep Kit for Illumina” 
(NEB #E7420S/L) at GenomeScan (Leiden, The Nether-
lands). Sequencing was performed using Illumina Next-
Seq 500, with 75 bp single-end sequencing according to 

Fig. 1  Workflow and Experimental Design for Migraine Transcriptomic Analysis. Figure shows scientific questions, methodological approaches 
and key findings and implications of the study. Significance, unless otherwise noted, represents significant values after multiple hypothesis 
correction. Abbreviations: LEGs – Leading Edge Genes, S1 – Time Point 1, S2 – Time Point 2. SNP – Single Nucleotide Polymorphism
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Illumina’s and GenomeScan’s standard operating proce-
dures and ISO standards with a sequencing depth of 20 
M reads per sample.

Remaining adapters (attached during sequencing) were 
removed with Trimmomatic (v 0.39) [14]. Raw data qual-
ity control (QC) was done by FastQC (v0.11.8, [15]), 
resulting in a quality score > 30 for all reads, meaning a 
99.9% accuracy in base calls. Consequently, no sample 
exclusions were made.

RNA-seq reads were aligned to Ensembl human refer-
ence GRCh38.96 with HISAT2 (v2.2.1, [16]), with default 
settings and spliced alignment options for downstream 
transcriptome assembly and rna strandness R, providing 
alignment rates ranging between ~ 91–96%, except one 
sample with 84%. Subsequently, StringTie (v2.1.4, [17]) 
was used for transcriptome assembly and quantification.

Gene level analysis to determine differentially 
expressed genes was done in R (v4.0.3, [18]) with Biocon-
ductor (v3.11, [19]) package edgeR (v3.30.3, [20]) using 
the quasi-likelihood F-test. P-values were adjusted for 
multiple testing by the Benjamini–Hochberg false discov-
ery rate (FDR) [21].

All transcriptomic analyses included covariates: 1) age 
and sex or 2) age (for sex-specific analyses), where age 
corresponded to the exact age at the time of measure-
ment (at S1 and S2). In analyses considering the impact of 
vitamin A intake and using the covariate of supplements 
with certain or potential vitamin A content we used sup-
plement intake as a binary variable.

For gene set enrichment analyses (GSEA, [22]) we used 
all C5 gene sets representing Gene Ontology (GO) sets. 
C5 sets were chosen, because: 1) these provide the largest 
coverage, 2) represent various functional gene sets able 
to connect a high-level neurologic disorder with gene 
expression changes [23], and,3) are the most comparable 
with other studies on the field. Results using the cellular 
compartment sets are presented only in supplementary 
materials, as we considered these hard to interpret with 
respect to migraine.

Gene‑set enrichment analysis
GSEA was performed with Bioconductor package fgsea 
(v. 1.14.0, [24]) using default settings with size of gene 
sets between 15 and 500. Gene sets were obtained from 
Molecular Signature Database (MSigDB) v.7.4. Results 
are published for Gene Ontology molecular functions 
(GOMF) and biological processes (GOBP) sets in the 
main text.

A pathway was significant if FDR < = 0.05 at both time 
points. Leading edge genes (LEGs) of the significant 
GOBP and GOMF pathways, a subset of the pathway’s 
genes, which appear in the ranked list of genes before the 
running sum reaches its maximum, were extracted. In 

short, LEGs were genes driving significant pathway-level 
enrichment. LEGs were considered important if they 
have shown a mean absolute logarithm twofold change 
(Log2 FC) value over 2 (for LEG5) and over 0.5 (for 
LEG69). Since these genes were important behind the 
significantly replicated pathways, our criteria were rather 
as a post-hoc filtering than a standalone statistical evalu-
ation. The thresholds were selected based on literature 
for 0.5 [25], and conventions in transcriptomic analyses, 
which usually consider a log2 FC > = 2 a threshold for 
substantially altered genes.

Sign concordance analysis
Gene expression values (Supplementary material 2) 
were filtered for the common set of genes present at all 
time points and corrections investigated, with the fil-
tered set consisting of 10,765 genes. Log2 FC signs were 
considered concordant if a given gene had either posi-
tive or negative log2 FC at both time points for a given 
comparison, discordant otherwise. Similar analyses were 
conducted after filtering for an absolute log2 FC value 
of 0.001 and 0.05 (Supplementary material 3) to assess 
genes with increasingly non-near zero expression change.

UK Biobank participants
Migraine phenotype was determined based on cases, 
who had migraine as a first medical diagnosis in UK 
Biobank (UKB) (project ID: 71718). We used field ID: 
131052, G43 to determine first reported migraine (result-
ing in 6,307 migraineurs and 200,571 controls). This phe-
notype is considered to be a more genetically determined 
migraine phenotype [26]. Smoking status was defined 
based on current (field ID: 1239) and past (field ID: 1249) 
smoking habits. Information related to asthma or hay-
fever/eczema/allergic rhinitis from medical conditions 
(field ID: 6152) were used to determine asthma status 
and estimated food nutrients and vitamin and/or mineral 
supplement use was utilized for vitamin A- and vitamin 
A retinol equivalent intake (field IDs: 26061, 20084). We 
used field IDs 31, 21003 to determine sex and age of par-
ticipants in UKB. Control individuals were participants 
who, at the mean age of the migraine group (+ -SD) had 
no diagnosed disease.

Migraine cohort
Data from whole migraine cohort including those that 
were not sampled for transcriptomic analysis (N = 289) 
were included in the genetic analyses. Phenotypic varia-
bles were determined similarly for the subset that under-
went transcriptomic analysis, resulting in 172 migraine 
cases and 117 controls.
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Selection of Single Nucleotide Polymorphisms for Leading 
Edge Genes for genetic analyses
SNPs that belong to the LEGs and their 10 kbp vicinity 
were retrieved using gene boundaries according to hg19 
known gene gene track of UCSC and ANNOVAR [27]. 
The final list of SNPs and genes can be found in Supple-
mentary material 4.

Vitamin A pathway genes and selection of Single 
Nucleotide Polymorphisms for genetic analyses
Vitamin A pathway genes were manually selected from 
[28] and [29], based on protein names mentioned in the 
texts, human gene names retrieved using GeneCards 
[30], and corresponding SNPs extracted like for LEGs 
(Supplementary material 4).

Plink2 genetic analyses
Logistic regression of the above SNPs was performed for 
migraine with Plink2 using covariates, sex, age, top 10 
principal components of the genome, smoking, allergy in 
both UKB and our cohort. Additionally, genotype array 
was included in the UKB analyses. For vitamin A path-
way SNPs, retinol equivalent- and vitamin A intake was 
also used in the UKB analyses (Supplementary mate-
rial 1). All genetic analyses used Bonferroni-correction 
(threshold of significance/number of tests performed) as 
this is standard on the genomic field [3, 4].

Binding predictions using AutoDock Vina
Sixty-four migraine medications were selected from 
DrugBank 5.1 [31] by two pharmacists (SK and KG). 
Antiemetic and non-small molecule drugs (e.g., antibod-
ies, botulinum toxin, etc.) were excluded (Supplementary 
material 5). For binding simulations, small molecule 3D 
structures of the remaining 54 drugs were downloaded 
from PubChem [32]. For AutoDock Vina analyses pdb 
files containing AlphaFold2 predicted protein structures 
were downloaded from UniProt [33]. Proteins and ligands 
were prepared with default settings using prepare_recep-
tor command (except that “-A” flag was used to add 
hydrogens to structures) and ml_prepare-ligand com-
mand, respectively. Basic docking simulations using 0,0,0 
as centre and 126,126,126 as size for grid parameters with 
Vina forcefield using AutoDock Vina (v1.2.3., [34]) were 
run with “exhaustiveness” set to 32. Based on preliminary 
runs maximum number of binding modes was left at 
default. From the simulated binding pair modes, the one 
with the lowest score (strongest binding) was selected as 
representative of the drug-protein binding. Docking sim-
ulations require normalization [35]. Normalization was 
performed by randomly sampling 100 proteins for each 
drug (Supplementary material 6) and Z-scores for the 
drugs using the mean and standard deviation of random 

samples were calculated and one-sided p-values derived 
from these scores (energetically more favourable bind-
ing pairs only). Z-test significance values were considered 
significant if they survived Bonferroni multiple hypoth-
esis correction (p-value < = 1.3617 × 10–5).

Drug‑protein binding prediction with machine learning
Genes of the significant pathways and all drugs from the 
5.1 version of DrugBank [31] were used. To our knowl-
edge, no immediately deployable comprehensive drug 
binding prediction pipeline exists for genes, therefore 
we developed our own (Supplementary material 1). In 
detail, genes were extracted from all pathways for a rel-
evant comparison, and structures downloaded from 
the UniProt database [33]. All proteins of a gene were 
used. HyperAttentionDTI, using a convolutional neu-
ral network (CNN) with an attention block and the 
drug’s SMILES strings and the amino acid sequence 
code for proteins, was utilized to predict drug-binding 
scores for all proteins [36]. Key hyperparameter settings 
were: learning rate of 1 × 10–4, weight decay of 1 × 10–4, 
input embeddings of 64. CNN blocks had three stacked 
1D-CNN layers with 32, 64, 96 filters, window sizes were 
4, 6, 8 for drugs and 4, 6, 12 for proteins, output block 
was four layers with 1024, 1024, 512 and 2 neurons, 
respectively. Dropout rate was 0.1 and batch size 32. Pre-
dictions were run on a 24 GB Nvidia RTX A5000 GPU.

After obtaining protein-drug prediction for 11,064 
drugs from DrugBank, the maximum binding score 
among all proteins for the gene was associated as the 
binding score of the drug and the gene. We calculated all 
drug-gene binding scores and assessed how many times 
each drug was in the top 10 most binding drugs for every 
gene from the 9,657 genes. Such drugs are less suitable 
drug candidates due to their ubiquitous binding, thus 
drugs with more than 10 times in the top 10 predictions 
of the 9,657 genes were excluded. Finally, normalisation 
using the mean and standard deviation of the drug’s pre-
dicted binding score to all proteins was performed and 
right-sided p-values were calculated. FDR values were 
calculated considering binding to all LEGs for a given 
drug. The values, in sum, show which proteins are bound 
by the given drug with significantly higher affinity than a 
hypothetical average protein.

One drug-one target approaches in migraine drugs 
were criticized for inadequacy to reveal relevant can-
didates [37]. Thus, a pipeline from the significantly 
enriched pathways has been developed to obtain path-
way level drug candidates. Drug-gene prediction scores 
for a given gene were multiplied with the mean absolute 
log2 FC values of a gene from the migraine versus con-
trol allergy-corrected comparison, if it had both predic-
tion and gene expression values in all measurements. 
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To calculate effect on a pathway of a given drug, genes 
belonging to a pathway weighted with the drugs’ normal-
ised binding affinity to an average protein (as in single 
target case) were aggregated using the L2-norm. The L2 
norm gave binding score for each drug on the pathway 
level and can be considered as a weighted sum of the 
binding scores with the expression change of the genes 
in a pathway. Empirical p-values were calculated using 
the Monte Carlo integral of the ranked p-values list for 
all pathways and drugs and pathway-gene pairs below the 
arbitrary significance threshold of 0.0005 are presented.

Results
Descriptive statistics
We assessed clinical characteristics and basic demo-
graphic data of the transcriptomic cohort summarized in 
Table 1 (for additional population characteristics such as 
sleep quality/chronotype, diet, exercise, smoking status, 
allergy history, supplement intake, and contraceptive use, 
see Supplementary material 1).

Smoking‑ and allergy‑correction increase gene expression 
replicability in migraine
First, we tested if remaining phenotypic factors like his-
tory of allergy (henceforth allergy) and smoking status 
(henceforth smoking), in addition to the standard age and 
sex variables, could influence replicability of gene expres-
sion in general (and if their correction is necessary). Dis-
cordant gene expression signs at the two time points (S1 
and S2) decreased in the following order of corrections in 
migraine versus control comparisons: 1) age and sex cor-
rection (44.38%), 2) age, sex and allergy (36.01%), 3) age, 
sex and smoking (21.68%), and 4) age, sex, allergy and 
smoking (21.39%) using all 10,765 genes. Results were 
consistent with this pattern if genes with small expres-
sion differences between groups were excluded (Supple-
mentary material 2).

Core gene‑level expression changes in migraine implicate 
CYP26B1 gene
Correction for age, sex, smoking and allergy (henceforth 
the allergy-corrected analysis) left no significant, repli-
cated genes at both time points (no significant genes at S1 
and five at S2) comparing MO and controls (Supplemen-
tary material 2). Investigation of log2 FC revealed that 
CYP26B1 had the largest average log2 FC in the analyses 
and was downregulated in MO (log2 FCS1 = − 5.865, log2 
FCS2 = − 5.860, Supplementary material 2).

Core pathway‑level differences in migraine support 
pathophysiology
GSEA of allergy-corrected expression of the migraine 
versus control comparison yielded 88 enriched pathways 
(FDR < = 0.05 at both time points and concordant nor-
malized enrichment score [NES]). All significant, rep-
licated pathways were downregulated (Supplementary 
material 7). For the list of the top 10 pathways based on 
their mean NES of S1 and S2, see Table 2.

Grouping of the significant pathways into migraine-
related, high-level categories based on the pathway’s 
functional descriptions is visible on Fig.  2 and support 
known pathophysiology mechanisms including altered 
amino-acid-, lipid, carbohydrate metabolism, cardio-
vascular- and hormonal elements and immune system-
related processes.

Leading edge analysis identifies 69 genes in migraine
To extract genes with relevance for the replicated, sig-
nificant core pathway-level results, LEGs – genes driving 
pathway-level enrichment signals – were extracted from 
pathways. Among the LEGs, five (LEG5) showed a mean 
log2 FC value below −2, namely: CYP26B1, CORIN, 
PRTN3, CCL23, CTSG and 69 (LEG69) showed a mean 
log2 FC below −0.5. There were no LEGs with positive 
log2 FC (Table 3, Supplementary material 2).

Table 1  Demographic and Clinical Characteristics in Control vs. Migraine Groups

Data for continuous variables (age, MIDAS, duration of migraine onset) are presented as mean ± SD (range). Sex distribution was compared using a chi-square test 
between MO and controls, and age was compared using a Mann–Whitney U test at both scan time points (S1, S2). MIDAS (A, B) and duration of MO onset were not 
tested against controls as these were not recorded in the control group. Abbreviations: SD – Standard Deviation, U – Mann–Whitney U test statistic, χ2 – Chi-squared 
statistic, S1 – Time Point 1, S2 – Time Point 2, MIDAS – Migraine Disability Assessment, MO – Migraine without Aura

Characteristic Control (n = 30) Migraine (n = 22) Test statistic p-value

Sex (M/F) 14/16 5/17 χ2 = 2.1895 0.139

Age (S1) [years] 26.4 ± 4.02 (21–37) 26.8 ± 5.13 (20–37) U = 324 0.92

Age (S2) [years] 26.6 ± 3.99 (21–37) 26.9 ± 5.17 (20–38) U = 319 0.847

MIDAS A not applicable 11.71 ± 5.83 (2–21) not applicable not applicable

MIDAS B not applicable 5.57 ± 1.60 (2–9) not applicable not applicable

Duration of MO onset [years] not applicable 12.42 ± 6.31 (2.55–28.23) not applicable not applicable
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Influence of allergy and sex on core gene expression 
results
We considered two remaining phenotypic factors, allergy 
and female/male sex, that may have influenced our find-
ings and their analysis could reveal interesting insights 
into MO. On one hand, correction for allergy—despite 
its overall beneficial effect on replicability—may have 
removed migraine-relevant genes from comparisons 
due to the high comorbidity and potential shared aeti-
ology with migraine (38). We tested this possibility by 
comparing results of allergy-corrected and -uncorrected 
analyses. With the notable exception of 16 non-overlap-
ping LEGs (Fig.  3) the majority of LEG69 and all LEG5 
genes remained relevant in driving pathway level enrich-
ments independent from allergy-correction. CORIN and 
CYP26B1 remained LEGs with largest mean log2 FC, 
with the latter reaching FDR-significance at both time 
points in allergy-uncorrected analysis (Supplementary 
material 2,7,8,9).

Sex‑specific analyses confirm pathway‑level findings 
and importance of CYP26B1 and CORIN
Correction for sex in above tests has ensured that the 
identified core results are important in both sexes. 
Nonetheless, sex-specific analyses are recommended in 
migraine research and migraine prevalence is two- to 
threefold in females compared to males [39]. Therefore, 
we speculated that analyses comparing the sexes may 
deliver additional insights about the stability of the found 
genes and pathways and can point to sex-specific charac-
teristics for future studies.

Comparison of gene expression between female and 
male migraine patients with correction for control sam-
ples in the sexes left no significantly different genes 

at any time points neither in allergy-corrected nor in 
allergy-uncorrected analyses (Supplementary material 
1), indicating lack of significant sex-specific gene-level 
differences.

Pathway-level findings indicated that the general com-
parison of migraine versus controls delivered stable 
results and pathway-level difference between the sexes 
stems from larger downregulation in men, and smaller 
downregulation or slight, non-significant upregulation 
in women (For full results see Supplementary material 
2,7,8,9).

Genetic associations of Leading Edge Genes refine 
background of expression changes
To test if the observed changes have an underlying 
genetic cause, we performed logistic regression analy-
ses with age, sex, smoking status and history of allergy 
as covariates on SNPs of the LEG69 genes for migraine 
in the UK Biobank. No results survived Bonferroni-type 
multiple hypothesis correction (p-value < = 3.66 × 10–6, 
0.05/13,650). Nominally significant hits were numer-
ous and included variants from EFNB2, CBR3, TEK, 
KCNMA1 and CORIN. Many SNPs below nominal 
threshold were related to SGCD (Supplementary material 
10).

CYP26B1 indicated a role for retinoic acid pathway 
in migraine
The fact that CYP26B1 is regulated by and metabolises 
all-trans-retinoic acid (atRA) and our previous results, 
i.e. 1) being the top gene with largest average log2 FC, 2) 
having stable, sex- and allergy-independent expression 
change and 3) showing no underlying SNP hits indicated 
that retinoic acid-related pathways may be involved in 
MO. Therefore, we conducted further investigations and 

Table 2  Top 10 Significant Gene Ontology Pathways in Migraine Without Aura

The table shows top 10 replicated significant Gene Ontology pathways for interictal episodic migraine without aura patients compared to controls based on 
mean normalised enrichment scores using two time points. For detailed statistics, see Supplementary material 7. Abbreviations: FDR – False Discovery Rate, NES – 
Normalized Enrichment Score, S1 – Time Point 1, S2 – Time Point 2

Pathway name Mean NES FDR at S1 FDR at S2

Myeloid leukocyte mediated immunity − 2.66 5.44E- 08 4.3E- 08

Myeloid leukocyte activation − 2.55 5.44E- 08 4.3E- 08

Cell activation involved in immune response − 2.41 5.44E- 08 4.3E- 08

Defense response to fungus − 2.20 1.72E- 03 1.1E- 03

Antimicrobial humoral response − 2.19 4.98E- 04 1.3E- 03

Regulation of DNA templated transcription in response to stress − 2.19 5.72E- 04 6.4E- 06

Response to fungus − 2.18 4.20E- 03 2.5E- 04

Regulation of transcription from rna polymerase II promoter in response 
to hypoxia

− 2.12 3.53E- 03 1.5E- 04

Regulation of cellular amino acid metabolic process − 2.02 3.25E- 03 7.2E- 03

Activation of innate immune response − 2.00 1.08E- 03 2.4E- 04
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Fig. 2  Functional Categorization of Significant Pathways in Migraine Pathophysiology. Functional categories were selected based 
on expert knowledge. Pathways were assigned to terms based on the relevance of their name/functional description to the given 
term. Abbreviations: HP – Human Phenotype Ontology, GOBP – Gene Ontology Biological Process, GOMF – Gene Ontology Molecular Function

Table 3  Leading Edge Genes in Migraine and Their Expression Changesdant normalized enrichme

Table shows gene level expression statistics of leading edge genes with absolute mean log2 FC value > = 2 (LEG5) of allergy-corrected analyses, for detailed values see 
Supplementary material 2. Abbreviations: Log2 FC – Logarithm Two fold Change, FDR – False Discovery Rate, S1 – Time Point 1, S2 – Time Point 2

Gene name Mean log2 FC Log2 FC at S1 p-value at S1 FDR at S1 Log2 FC at S2 p-value at S2 FDR at S2

CYP26B1 − 5.8622 − 5.8646 0.0001 0.2005 − 5.8598 0.0001 0.0585

CORIN − 4.1653 − 3.5429 0.0015 0.5275 − 4.7877 0.0004 0.1426

PRTN3 − 3.0534 − 3.3806 0.0005 0.2991 − 2.7263 0.0029 0.4484

CCL23 − 2.7878 − 2.7640 0.0386 0.8735 − 2.8115 0.0458 0.8297

CTSG − 2.6687 − 2.7865 0.0004 0.2936 − 2.5509 0.0009 0.2410
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first, scrutinized specific related gene sets in pathway-
level results.

Allergy-corrected analyses showed a nominal signifi-
cance for retinoic acid receptor signalling pathway at 
S2. This result became FDR-significant at S2 in allergy-
uncorrected analysis, suggesting a potential involvement 
of retinoic acid signalling (Supplementary material 9).

Genetic analyses of vitamin A pathway point to connection 
with LRP1
Logistic regression of vitamin A pathway SNPs for 
migraine with age, sex, history of allergy, smoking status 
and vitamin A intake correction was done in the UKB 
dataset.

Eleven polymorphisms, rs4759276, rs4759275, 
rs1385526, rs1799737, rs1466535, rs10876964, rs4759045, 
rs10876965, rs11172113, rs4367982, rs4759277 of the 
LRP1 gene showed significant results for migraine with 
p-values below the multiple hypothesis correction 
threshold of 3.66 × 10–6 (0.05/13635, Supplementary 

material 11). Analyses correcting for sex, age, smok-
ing, allergy and vitamin A showed that the associations 
are independent of vitamin A intake, excluding associa-
tions due to an underlying correlation of different vita-
min A intake with migraine status and highlighting LRP1 
polymorphisms as potential independent causal factors. 
Seven LRP1 SNPs that were significant in the UKB and 
were present in our population showed nominal signifi-
cance for MO status independent of the corrections used 
(Supplementary material 11). In all tests conducted the 
minor alleles at the given positions showed protective 
effects against migraine, indicating risk for major allele 
carriers.

Majority of genes behind pathway‑level enrichment 
in migraine are regulated by RAR and RXR receptors
For further validation of an altered retinoic acid signal-
ling raised by the GSEA results, regulatory connections 
between LEG69 and retinoic acid receptors RARA, 

Fig. 3  Distribution and Comparison of Leading Edge Genes Between Allergy-Corrected and Uncorrected Analyses. Figure shows LEGs 
with absolute mean log2 FC values over 0.5. Bold values, blue and red colours denote log2 FC > = 2, down- and upregulation, respectively. Log2 FC 
– Logarithm Twofold Change, LEGs – Leading Edge Genes
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RARB, RARG, RXRA, RXRB, RXRG were searched for 
in Gene Regulatory Network database (GRNdb) [40].

Results using bulk, healthy human data from GTEx 
resulted in 63.76% of the LEG69 being regulated by at 
least one of the receptors and 28 being regulated by 
multiple receptor families with the default NES thresh-
old (> = 3). CORIN provided only one hit in pancreas 
tissue samples via RXRA (NES = 3.04, Supplementary 
material 12).

If pathological conditions were also included, 81.16% 
of LEG69 were regulated by at least one of the recep-
tors with NES over 3 (Supplementary material 12).

Migraine‑associated drugs do not bind proteins of gene 
expression changes
To assess if migraine-associated compounds from 
DrugBank can act at the corresponding proteins of 
the identified LEG69, binding simulations with Auto-
Dock Vina were run (since binding is a prerequisite 
of pharmacological effect). For LEG69, no migraine 
medications showed significant binding after multiple 
hypothesis correction (one-sided p-value < = 1.3617 
× 10–5, Supplementary material 13).

Binding predictions to proteins of gene expression 
changes find new drug candidates
Given the binding results for the gene expression 
changes and current migraine-associated compounds, 
we speculated that a search for potential drug candi-
dates can help to find efficient therapies acting on the 
identified genes. Chemical structure-based machine 
learning prediction of drug-protein binding with 
HyperAttentionDTI showed that CYP26B1 is not 
bound by any investigated drug at the given signifi-
cance level, while CORIN had four potential binding 
candidates with FDR < = 0.10 (Table 4, Supplementary 
material 14).

Estimating gene expression-weighted pathway-level 
binding showed numerous potential binding candi-
dates (a selected list with p-values below 0.0005 can be 
found in Supplementary material 15). We have to note, 
the list of gene- and pathway-level candidates includes 
both (potential) migraine-promoting and -treating 
drugs, since the method is based on binding predic-
tions, not direction of effects. Among the significant (p < 
= 0.0005) substances, several drugs showed a connection 
to migraine, migraine symptoms, headaches and -treat-
ments in the literature (see Table  5). In addition, sev-
eral, already known migraine-associated compounds (in 
DrugBank, bold in Table 5) were found among pathway-
level drugs, like eletriptan.

Discussion
Previous transcriptomic investigations in MO yielded 
inconsistent findings and remained detached from 
existing migraine pathophysiology theories, genetic 
findings and the method’s potential for drug devel-
opment (5–10). Here, we report replicated pathway-
level gene expression changes in MO at interictal 
state obtained after correction for underlying mask-
ing phenotypic differences, allergy and sex. The results 
highlight two genes, CORIN and CYP26B1 and down-
regulated metabolic, cardiovascular, immunologic-, 
oxidative stress- and hormone regulation-related 
pathways as important transcriptomic findings. We 
show that genetic polymorphisms cannot explain 
the observed CYP26B1 downregulation, and provide 
consistent proofs for its marker role of a dysregu-
lated retinoic acid receptor signalling in patients and 
its potential underlying cause, reduced retinoic acid 
availability due to disease-associated genetic polymor-
phisms within the LRP1 gene. We also show that few 
current migraine medications utilise the correspond-
ing proteins of the observed transcriptomic alterations, 
and highlight gene- and pathway-level drug candidates, 
like probucol, tetrandrine and indoramin to promote 
future drug development.

No significantly replicated gene for MO could be 
found in our core analysis. This was in part due to the 
replication criterion, partly due to allergy-correction, 
as evidenced by the large number of additional path-
ways and the significantly replicated CYP26B1 gene in 
the allergy-uncorrected analysis. Another reason may 
have been the relatively smaller change of expression of 
individual genes, corresponding to the polygenic nature 
of MO [41], making detection of gene-level differences 
harder. The latter can be compensated, at least in part, 
by pathway-level analysis methods.

Table 4  Predicted drug candidates targeting CORIN in Migraine

Table shows four potential drug candidates, predicted binding scores and FDR 
values from 11,164 drugs in DrugBank with predicted FDR significant (FDR < = 
0.1) binding predictions to CORIN. Last column indicates PMIDs, with reference 
for the given substances, if any. Abbreviations: FDR – False Discovery Rate, PMIDs 
– PubMed IDs

Drug candidate Predicted 
binding Z-score

FDR value for 
the Z-score

Literature 
reference, 
if any 
(PMIDs)

probucol 2.570 0.070 10601122

fasoracetam 2.557 0.073

ginsenosides 2.454 0.081 1648425, 
3248333, 
32420095

rovafovir 2.454 0.098
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Indeed, numerous replicable results emerged with 
pathway-level analyses and these aligned to existing 
migraine pathophysiology theories: downregulated and 
altered amino acid-, lipid- and carbohydrate metabo-
lism [42–45], immunologic processes [8, 46], cardiovas-
cular comorbidities [38, 47] and hormonal influences 
[48] have been implicated in MO previously. It remains 
uncertain, if in contrast to our interictal study, during a 
migraine attack different findings would have emerged 
(as suggested by ref. [6]). Nonetheless, agreement of the 
observed changes with numerous proposed attack mech-
anisms in the literature [8, 38, 42–48] suggests that our 
findings may not only represent interictal characteristics, 
but are more general. Future studies need to decipher if 
the present results correspond only to interictal state and 
if during migraine attack new gene expression changes 
(e.g., other pathways) emerge or expression level of the 
found pathways change.

Sex- and allergy-dependent analyses indicated a prom-
ising direction for future studies investigating MO-rele-
vant pathways. The more than 3-times larger number of 
significantly replicated pathways and the additional genes 
in allergy-uncorrected analysis clearly indicated that 
allergy may have common mechanisms with MO, while 

analyses directly comparing the two sexes suggested 
that male-specific pathways that were also significant in 
females were found by general migraine versus control 
comparison confirming the stability of our findings, but 
leaving room for, especially, male-specific studies for the 
future.

Among sex- and allergy-independent migraine-asso-
ciated genes, CYP26B1 and CORIN deserve particular 
attention. Both 1) the downregulated CYP26B1-levels, 
which are reliant on the substrate, all-trans retinoic acid 
(atRA) in the heart and vasculature [49–51] and 2) the 
lack of CYP26B1 SNPs associated with migraine even on 
a nominal level, indicated a marker role for CYP26B1 for 
reduced atRA levels in MO. Analyses of vitamin A path-
way SNPs implicated LRP1 polymorphisms as potential 
underlying cause for reduction in CYP26B1 levels. LRP1 
helps retinyl-ester containing chylomicron remnant 
uptake [28] in the liver, from where vitamin A deriva-
tives are transported to the periphery [28] LRP1 is also 
involved in the uptake of serum amyloid A-retinol com-
plexes in immune cells of the intestine [52]. Thus, LRP1 
is capable of influencing both direct retinol uptake into 
immune cells and peripheral atRA abundance available 
for signaling (Fig. 4). Impairment of the latter processes 

Table 5  Potential drug candidates and associated pathways for migraine therapy

The table shows 1) selected migraine-associated drugs (bold) and potential drug candidates with significant (p-value < = 0.0005) weighted binding to significantly 
replicated pathways between migraine and controls and 2) supporting literature references. See also Supplementary material 15. Abbreviations: PMIDs – PubMed IDs

Drugs Associated pathway(s) Reference(s) (PMIDs)

buclizine Positive regulation of cell death, response to lipid, transmembrane receptor protein tyrosine 
kinase signalling pathway

22469258

mecloxamine Positive regulation of cell death 17373440,9265005,8366753,6342291

verapamil Positive regulation of cell death 2668225

tetrandrine Positive regulation of cell death 29147842

olmesartan Transmembrane receptor protein tyrosine kinase signaling pathway 16618270,16942482,31515634

nicardipine Cytokine mediated signaling pathway, innate immune response, phagocytosis, positive 
regulation of cell death, transmembrane receptor protein tyrosine kinase signaling pathway

30600979,2245455

tubocurarine Positive regulation of cell death, transmembrane receptor protein tyrosine kinase signaling 
pathway

28496430,10686170

zafirlukast Positive regulation of cell death 17691939,15648777,10759916

opc-28326 Positive regulation of cell death 17103145

indoramin Positive regulation of cell death 49624,324566

nystatin Positive regulation of cell death 28041915

pasireotide Positive regulation of cell death 29925553

thioridazine Transmembrane receptor protein tyrosine kinase signaling pathway 10667670

bicuculline Positive regulation of cell death 36259130,12499053

bi 44370 ta Positive regulation of cell death 32525262

berberine Transmembrane receptor protein tyrosine kinase signaling pathway 23758551

resiniferatoxin Positive regulation of cell death 29187670,23155193

ondansetron Positive regulation of cell death 32433024,20661681

lomerizine Transmembrane receptor protein tyrosine kinase signaling pathway 37194515,29221971

eletriptan Positive regulation of cell death 15853473
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naturally can lead to decreased levels of hepatic- and 
peripheral retinoic acid derivatives and result in 
diminished atRA-dependent signalling and CYP26B1 
expression.

RXR/RAR receptors are key players in atRA-depend-
ent signaling and known to influence gene expression. 

The found regulatory connections between 63.76% of 
LEGs and RXR/RAR receptors show how a reduced 
retinoic acid level can be connected to the LEGs and 
pathway-level changes. In agreement, pathway-level 
downregulations including amino acid- and carbohy-
drate metabolism and oxidative stress can also be related 

Fig. 4  Proposed Mechanistic Model: Role of Vitamin A Signaling in Migraine Pathogenesis. Figure depicts how LRP1 polymorphisms, impacting 
LRP1 gene expression (not measured due to low blood-expression) and protein levels, may lead to migraine-related transcriptomic changes. Key 
processes involve retinyl-ester and retinol uptake in hepatocytes and myeloid cells. The changes ultimately result in the downregulation of CYP26B1 
in a replicated allergy-uncorrected analysis, indicative of underlying physiological alterations, and other downregulated migraine-related pathways, 
where one example pathway each has been mentioned. Measured changes are highlighted in bold black fonts
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to reduced atRA levels, as vitamin A deficiency could 
induce growth restriction and reduced gluconeogen-
esis, glycolysis, and likely, protein catabolism in the liver 
[53] and a reduced antioxidant response [54]. Further-
more, LRP1-dependent reduced retinol uptake may be 
the cause for downregulation in immune system-related 
pathways by restricting retinol availability for immune 
cells [52], while impaired chylomicron remnant uptake 
[28] may be responsible for the observed downregulated 
lipid metabolism and elevated lipid availability in the 
periphery, an often comorbid condition with migraine.

All in all, CYP26B1 downregulation together with the 
genetic polymorphisms of LRP1, the regulatory connec-
tions between LEGs and RXR/RAR receptors and sev-
eral downregulated pathway categories paint a consistent 
picture about a reduced retinoic acid signaling in MO. It 
extends previous meta-analyses [3, 4], which found con-
sistent associations between LRP1 polymorphisms and 
migraine, by providing a genetically founded mechanism 
for the transcriptomic and pathophysiological changes, 
which were independent of the different vitamin A 
intake between migraine patients and controls. The pro-
posed mechanism also establishes a connection between 
migraine subtypes, since 1) meta-analysis showed rel-
evance for LRP1 lead variant for both MO and migraine 
with aura (4) and 2) reduced retinol binding protein 4, a 
protein with high sensitivity and specificity to measure 
vitamin A deficiency, was found in both subtypes [55]. In 
sum, the found changes 1) integrate alterations in various 
pathways corresponding to migraine pathophysiology 
theories via an altered retinoic acid signaling, 2) and raise 
the possibility of therapeutic approaches targeting this 
pathway in MO in clinical settings.

CORIN downregulation seemed to be an independ-
ent alteration in MO, as regulatory connections between 
retinoic acid receptors and CORIN were scarce. CORIN 
is a key enzyme in atrial and brain-derived natriu-
retic peptide (ANP, BNP, respectively) synthesis [56]. 
Reduced level of CORIN may explain for 1) a report 
about decreased blood ANP levels in migraine [57] and 
2) increased BNP precursors in patients [58]. Further-
more, reduced BNP level, a likely result of downregulated 
CORIN in our study, has been shown to mimic effects of 
a key mutation in the familial form of migraine on P2X3 
receptors in trigeminal neurons and to facilitate trigemi-
nal sensitization, the primary cause for migraine pain [59, 
60].

Additional LEGs of interest also emerged. The overall 
picture of these candidates (Fig.  2) shows that the rela-
tionship between genetic background and observed 
transcriptomic changes in MO is complex. As Bonfer-
roni-correction is known to filter positive findings in 
favor to control type 1 errors [61–63], some genes, such 

as EFNB2, CBR3, TEK, KCNMA1, HTR7 with nomi-
nally significant SNPs and connection to migraine or 
its characteristics [64–68], may (also) have genetically 
determined changes in their gene expression. Another 
gene of interest may be SGCD, which is involved in car-
diomyopathy and age-related macular degeneration [69], 
and provided a large majority of SNP-level nominally sig-
nificant hits, but remained unassociated previously with 
MO. These findings propose that different underlying 
mechanisms are reflected in the current findings: 1) with 
some directly linked to underlying SNPs and 2) some 
connected indirectly, via probable, functional, secondary 
links.

Despite replicable, consistent findings on gene- and 
pathway-levels, existing migraine medications showed 
limited binding to corresponding proteins in accordance 
with their significant, but modest absolute therapeu-
tic benefit [70]. This is not due to non-existing chemical 
agents to manipulate these targets. Multiple drug candi-
dates from Drugbank were shown to bind LEGs or sig-
nificant pathways. In fact, some of these have been tested 
for migraine or its symptoms already, like probucol, gin-
senosides, nicardipin, tetrandrine (Tables  4–5). These 
may serve as templates for future drug developments. At 
the same time, results contain several hundred additional 
small molecule compounds predicted to act at the iden-
tified LEGs and pathways. These, especially, if combined 
with expert knowledge and well-formulated hypotheses, 
can deliver more efficient MO medications in the future.

Our approach comes with limitations. First, the use of 
whole blood samples was limited in identifying differen-
tially expressed genes with low or no absolute expression 
in blood (like LRP1). It has to be noted, however, that 1) 
the reported CYP26B1 and CORIN downregulation and 
metabolic, immunologic, cardiovascular and hormonal 
pathways’s effects have mostly tissue-independent impli-
cations, 2) expression from blood samples correlated well 
with e.g., that of brain samples especially, when relevant 
genes were examined [71], 3) genetic analyses by nature 
report tissue-independent associations. Second, single-
cell gene expression may have provided detailed results, 
but our intention in the present study was not a detailed 
temporal and spatial resolution of cell-type specific 
changes. Third, we did not measure protein levels, thus, 
it cannot be excluded that some gene expression changes 
do not manifest in protein level changes. However, this is 
unlikely to substantially influence our conclusions, since 
mRNA and protein levels show reasonable correlation 
with divergence often attributed to post-transcriptional 
regulation [72], a phenomenon less relevant in case of 
mRNA downregulations. Fourth, we could not directly 
measure retinoic acid/vitamin A levels in our small sam-
ple due to its likely degradation at the time we realised 
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its importance. Few subjects also reported taking vitamin 
A containing supplements in the control group (Supple-
mentary material 1) with variable amounts and uncer-
tain regimen. Despite these uncertainties, we conducted 
confirmatory analyses with corrections for vitamin A 
containing supplement intake to test the independence 
of our results. Results have shown marginal changes 
in log2 FC and significance values of key findings (Sup-
plementary material 16), indicating that our core results 
are independent from supplement intake. Furthermore, 
vitamin A deficiency is a rare condition in the examined 
population [73] and the chance that such individuals 
were accidentally assigned disproportionately to the MO 
group is improbable. Fifth, we did not correct for contra-
ceptive use due to the various active ingredients used by 
the subjects (Supplementary material 1). Sixth, one par-
ticipant took an anti-allergic medication at the second 
time point. The latter two limitations may have contrib-
uted to heterogeneity of findings, but for this very reason 
were unlikely to influence those that remained significant 
at both time points. Seventh, additional factors, like diet, 
sleep and exercise may have influenced our results, for 
which, however, we had less reliable data. However, for 
the only factor showing significant differences between 
MO and controls, a measure of sleep quality (Supple-
mentary material 1), we conducted confirmatory analy-
ses. Similarly to vitamin A containing supplement intake, 
results showed that inclusion of sleep quality as co-vari-
ate only slightly changed log2 FC and significance values 
(Supplementary material 16). Eighth, genomic analyses 
use Bonferroni correction as standard despite the poten-
tial for false negatives, therefore, nominally significant 
results in genetic analyses may be potential candidates for 
future studies to test. Ninth, CYP26B1 protein levels have 
not been validated by further experiments and the con-
nection between LRP1 and CYP26B1 remains hypotheti-
cal, albeit with strong empirical evidence for both being 
involved in retinoic acid signaling. The above are unlikely 
to severely impact the interpretability or generalizability 
of the present findings due to the study’s rigorous selec-
tion criteria, methodological detail and replication cri-
terion., Future studies compensating these, nonetheless, 
could definitely add further insights.

Conclusion
All in all, the presented results provide solid support 
for existing pathophysiology theories through the sta-
ble, interictal transcriptomic map of MO, which pro-
vided both gene- and pathway level candidates for the 
underlying pathophysiology. In addition, our study 
also delivered drug candidates and interventions to 
manipulate these MO-associated gene- and pathway 

level targets. Furthermore, the present study provided 
consistent evidences for a factor behind a share of pre-
vious pathological observations in metabolic-, immu-
nologic- and cardiovascular processes in migraine 
in the form of an altered retinoic acid signaling and 
implicitly suggests that targeting elements of this path-
way in patients may alleviate some of the previously 
found pathological alterations in the disorder.
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