Supplementary Methods
Summary Statistics
GWAS summary statistics for quantitative measures of word reading were available in the GenLang meta-analysis of 27,180 (male = 13,874, female = 13,202, no information = 104) participants of European ancestry only across 18 studies 1. Participants were children or young adults ranging from 5-26 years 1. Measures depended on the contributing cohort and are detailed in Eising et al 1, with the Test of Word Reading Efficiency (TOWRE) and Wide Range Achievement Test (WRAT) most common. Summary statistics without genomic-control correction were used.
Summary statistics for self-reported dyslexia diagnosis (23andMe, Inc.) were reported in Doust et al (2022) 2. Participants responded “Yes” to “have you been diagnosed with dyslexia” (Ncases = 51,800, female = 30,287, male = 21,513), and Ncontrols = 1,087,070 responded “No” (female = 641,016, male = 446,054). All participants were over 18 years of age (mean 49.6 (cases) and 51.7 years (controls)). Participants with non-European ancestry were excluded prior to analysis. Summary statistics without genomic-control correction were used 2. 
23andMe participants provided informed consent and volunteered to participate in the research online, under a protocol approved by the external AAHRPP-accredited Salus IRB (https://www.versiticlinicaltrials.org/salusirb).
Both sets of summary statistics were annotated with rsIDs (build hg19), formatted for MTAG, and Z scores were calculated in R. Variants with imputation quality <0.8 or minor allele frequency of <0.01 were excluded prior to analysis. 

Multivariate GWAS using MTAG
Multivariate GWAS was performed with MTAG 3 using default settings and false discovery rate (FDR) calculation. We note that minimal sample overlap is expected, given that the GWAS of dyslexia includes a single sample of adults predominantly US-based 23andMe, Inc. research participants and the GWAS of word reading is a meta-analysis of cohorts of children and young adults with a minority from the US. Moreover, MTAG uses bivariate LD score regression to control for sample overlap between cohorts. 
Associations were visualised using ggplot2 4. Individual regions were visualised using LocusZoom (http://locuszoom.org). FUMA v1.5.0 was used to annotate the associated regions that met the genome-wide significance threshold 5 (P ≤5x10-8, R2 <0.6, and <250kb maximum distance between LD blocks to merge into one genomic locus). 

Heritability and Genetic Correlation
SNP-based heritability (h2snp) was estimated using LDSC v1.0.1 6. European LD reference panel was obtained from https://alkesgroup.broadinstitute.org/LDSCORE. We also applied a second method for estimating h2snp - SumHer within LDAK (https://dougspeed.com/) 7, using the BLD-LDAK model HapMap3 GBR pre-computed based on 2000 white British UKBiobank individuals. Sample prevalence was 5% in both analyses and based on the 23andMe cohort prevalence of cases 2. The effective sample size (N = 1,228,832) for the multivariate dyslexia GWAS output by MTAG was applied.  
GWAS summary statistics were obtained from the Complex-Traits Virtual Genetics Lab (CTG-VL) platform (https://vl.genoma.io), except for ASD 8 and ADHD 9 which were downloaded from the Psychiatric Genomics Consortium repository (https://www.med.unc.edu/pgc/download-results). Genetic correlations were performed using LD-Score v1.0.1 within the CTG-VL platform and considered significant at a Bonferroni corrected threshold of P ≤ 1.77x10-5 from 2824 tests.
Due to the difference in sample size between the dyslexia and GenLang univariate summary statistics, we cross-checked genetic correlations with LDSC, between each set of summary statistics and the reading ability MTAG output. We used r2 and false discovery rate (FDR) to assess potential effects from the sample size and power imbalance.
Gene-based and Gene-set Analysis
Gene-based associations were calculated using MAGMA v1.08 10 using SNP2GENE within the FUMA interface (https://fuma.ctglab.nl/) for 18,842 genes and were considered significant at a Bonferroni corrected threshold of P ≤ 2.65x10-6. Gene-set analyses of biological pathways defined by gene ontology (GO) pathways and curated gene-sets were examined using MAGMA. Gene-sets containing fewer than 20 genes were excluded from analysis, therefore 9,113 biological pathways were tested and a Bonferroni corrected threshold of P ≤ 5.49x10-6 was applied. 

Functional Mapping, Annotation and Partitioned Heritability
Fine mapping and annotations were performed using the Variant Effect Predictor (VEP) online tool (http://grch37.ensembl.org/) on the list of candidate SNPs present with R2 ≤0.6 with an independent significant SNP generated by FUMA, and including tagged SNPs extracted from the 1000 genomes reference panel. Variants were considered potentially damaging if they were annotated as probably damaging by PolyPhen2 and deleterious by SIFT. Expression QTL analysis was performed using PsychENCODE eQTLs, BRAINEAC, eQTLcatalogue BrainSeq, and GTEx v8 Brain databases within FUMA, and the false discovery rate threshold (eqtlMapminQ) of 0.05 applied. 
MAGMA, within FUMA, was used to test for enrichment of tissue-specific annotations. For this, we used bulk RNA-seq expression profiles from 53 tissue types from GTEx v8, and BrainSpan RNA-sequencing from 29 ages spanning 11 developmental stages. 
To interrogate cell- and region-specific resolution, we accessed single-cell RNA-seq (scRNA) data via the Cell Type function within FUMA. Expression data from human embryonic ventral mid-brain (6-11 weeks post gestation) (GSE76381), human embryonic prefrontal cortex (8-26 weeks post gestation) (GSE104276), and human adult and fetal cortex (GSE67835) datasets were tested. 
We partitioned SNP heritability using stratified LDSC, as described by Finucane et al 11, to determine if significantly more SNPs clustered within tissue-specific chromatin modification patterns than expected by chance, based on the proportion of SNPs that map within these types of genomic regions. Annotations were based on data from the Roadmap Epigenomics project and Enhancing GTEx project (ENTEx). LD scores, regression weights and European allele frequencies were obtained from https://alkesgroup.broadinstitute.org/LDSCORE. 

Polygenic Index Analysis
Polygenic index (PGI) for dyslexia was calculated for the National Child Development Study (NCDS); a large UK birth cohort study born in 1958 12, with extensive genetic data and longitudinal reading measures as described in Bridges et al 13. Individuals genotyped on one of the two lowest resolution arrays (Illumina 15k Custom chip and Affymetrix 500k) were excluded prior to analysis due to lack of available data from chromosome X, resulting in a cohort of N = 6,410 with imputed genotypes. Six measures of functional reading were used, consisting of composite measures at ages 7 years, 11 years, 16 years and across all time points, and binary measures of difficulties at ages 23 years and 33 years 13. 
The dyslexia PGI was estimated for the NCDS cohort using PRSice2 v2.3.5 14. Suitable SNP GWAS P value thresholds were generated by PRSice2 and plotted using ggplot (supplementary figures 8-12). PGIs were also estimated using SBayesRC, a recently developed method which uses functional information in the SNP weighting algorithm 15. 
PGIs were standardised to a mean of zero and standard deviation of one. Linear or logistic regression were performed using sex, genotyping array and 10 genetic principal components as covariates 13 in either a null (phenotype ~ covariates) or full model (phenotype ~ PGI + covariates). Odds ratio and confidence intervals for age 23 and age 33 variables, as well as PGI analyses, were calculated in R. 

Polygenic Selection Analysis
We sought to identify evidence of polygenic selection for dyslexia using a large panel of 1015 imputed ancient genomes, sampled from across West Eurasia16, 17. This dataset represents a dense transect of ancient individuals sampled over the last 15k years with local ancestry contributing to present day Europeans. We ascertained statistically independent SNPs associated with dyslexia by filtering our genome-wide summary statistics to only retain positions imputed with high confidence in the ancient dataset. LD-clumping was performed using Plink 1.90b4 with a window size of 250kb, maximum R2 threshold of 0.05, and maximum P ≤ 5x10-8 using the 1000 Genomes Project phase 3 European populations (GBR, FIN, TSI) as the reference panel. We then inferred allele frequency trajectories and selection coefficients using CLUES18 and exported the posterior likelihood densities. Finally, we modelled the polygenic selection gradient for reading ability with PALM19 using imputed ancestral data generated and method described by Barrie et al 20.



Supplementary Notes
MTAG Quality Control
The multivariate GWAS for dyslexia using MTAG 3 resulted in a GWAS equivalent maximum sample size of N = 1,228,832 (MTAG χ2 = 1.69) with a maximum false discovery rate of 0.00024. Analysis with LDSC found moderate genomic inflation ( = 1.573, χ2 = 1.773, LD intercept = 1.017 (0.012)) which is consistent with a highly polygenic trait in a well powered GWAS. Additional genomic control correction was not deemed necessary as the meta-analysis is based on the genetic correlation derived using LDSC, therefore MTAG corrects for population stratification. 
The multivariate GWAS for reading ability resulted in a GWAS equivalent sample size of N = 102,082 (MTAG χ2 = 1.093) and a maximum false discovery rate of 0.06. The FDR indicates that 6% of SNPs are likely false positives, meaning they are null for the trait of interest (reading ability), but not null for univariate dyslexia. Further, analysis with LDSC identified moderate genomic inflation ( = 1.28, χ2 = 1.431, LD intercept = 0.843 (0.01)).
As the two constituent univariate summary statistics were derived from GWAS efforts with different sample sizes (N = 27,180 versus Ncases = 51,800/ Ncontrols = 1,087,070) and type of measure (quantitatively assessed continuous measure versus self-reported binary), we investigated whether the multivariate GWAS for reading ability was overwhelmed by signal from the dyslexia study. To do this we estimated genetic correlations with LDSC between multivariate reading ability and univariate dyslexia (rg = -0.98, SE = 0.00, Z = -334.76, P = 0.00), and then between multivariate reading ability and univariate GenLang word reading (rg = 0.84, SE = 0.03, Z = 27.63, P = 4.66 x 10-168). While univariate word reading showed a substantial genetic correlation with multivariate reading ability (rg = 0.84) showing evidence that it is indeed capturing genetic variation associated with quantitative reading ability, the near-complete correlation with the univariate dyslexia GWAS (rg = -0.98) suggested it was. Taken together, it is likely that the multivariate reading ability GWAS was saturated by the univariate dyslexia GWAS. We therefore focussed downstream analyses only on the multivariate dyslexia GWAS.  

Polygenic Selection Analysis
One-hundred and four statistically independent SNPs present in the ancient dataset were retained after LD-clumping (R2 <0.05, window 250kb). Overall, the independent SNPs associated with dyslexia did not show evidence of selection over the past 15k years ( = -0.115, SE = 0.088, Z = 01.31, P = 0.19). Thirteen individual SNPs showed statistically significant evidence of directional selection (Bonferroni threshold of P  4.8x10-4 for 104 tests), however it is likely that these variants show modest directional selection because of their contributions to traits other than dyslexia. 
Independent SNP rs3184504 (P = 8.14x10-27) mapped to genes ATXN2 and SH2B3, showed the most pronounced increase in allele frequency over time and a protective effect on dyslexia. The variant is also associated with a wide range of immune, metabolic and disease traits including platelet count 21, type 1 diabetes 22 and hypothyroidism 23. Interestingly, the next two strongest signals are SNPs in nearby regions on chromosome 12, also protective and increasing in frequency over time; rs17696736 (P = 4.94x10-26) in the gene NAA35, has previous associations including blood pressure 24 and kidney function 25; and rs11066301 (P = 7.16x10-25) in PTPN11 is associated with a range of metabolic function and disease including arterial disease 26. All three SNPs are associated with primarily metabolic phenotypes. Finally, a fourth SNP, rs10781465 (P = 7.18x10-9), also showed significant rise in allele frequency and was protective for dyslexia, although no prior trait associations were reported. 
Only one protective SNP (rs72843193 (P = 1.2x10-9) showed falling allele frequency across time, and no prior associations were reported. 
The strongest signal in alleles associate with increased risk of dyslexia was in rs1317140 in the gene TRAIP associated with body mass index 27 and urate measurement 28, and showed decreasing allele frequency over time. Secondly, SNP rs6784820 (P = 3.73x10-5) in gene TCTA, also showing increasing risk of dyslexia, was previously associated with household income 29. Lastly, rs11646282 (P = 4.64x10-4) also showed significant falls in allele frequency over time and increasing risk for dyslexia (no associations with other traits). 
The strongest signal in alleles associated with dyslexia and showing increasing allele frequency over time was rs72841395 (P = 1.79x10-5) (no associated traits). Finally, rs56116936 (P = 4.26x10-5) (no associated traits), rs9879531 (P = 7.17x10-5) in gene NCK1 and associated with blood urea nitrogen measurement 25, rs9837158 (P = 1.12x10-4) (no associated traits) and rs72916919 (P = 1.22x10-4) (no associated traits), also showed significantly rising alleles frequencies across time and increasing risk.
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Figure S1: Quantile-Quantile (Q-Q) plot showing expected versus observed -log10 P-values for each variant from multivariate GWAS of dyslexia, represented by grey dots. The dashed red line shows the null hypothesis. The plot indicates moderate P value inflation, and is consistent with a high powered GWAS of a highly polygenic trait. 
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Figure S2: LocusZoom of suggestive significance chr1:62900811-63199936 at P = 1.96x10-6 with rs1168114 (1:63156043 G/A). This region overlaps completely with the locus previously reported by Eising et al 2022, however lead SNP has changed from rs11208009 to rs1168114. 
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Figure S3: LocusZoom of region associated with dyslexia; region chr1q25.1 - rs117256995.
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Figure S4: LocusZoom of region associated with dyslexia; region chr2p22.2 - rs2706809.
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Figure S5: LocusZoom of region associated with dyslexia; region chr2q11.2 - rs35783535.
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Figure S6: LocusZoom of region associated with dyslexia; region chr2q22.3 - rs55683518
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Figure S7: LocusZoom of region associated with dyslexia; region chr2q32.3 - rs719166.
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Figure S8: LocusZoom of region associated with dyslexia; region chr2q32.3 - rs115653413.

[image: A diagram of a number of dots

AI-generated content may be incorrect.]
Figure S9: LocusZoom of region associated with dyslexia; region chr3p24.3 - rs79162559.
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Figure S10: LocusZoom of novel region associated with dyslexia; region chr3p21.31 - rs140587615.
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Figure S11: LocusZoom of region associated with dyslexia; region chr3p12.1 - rs35843490.
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Figure S12: LocusZoom of novel region associated with dyslexia; region chr4p16.3 - rs362307.
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Figure S13: LocusZoom of novel region associated with dyslexia; region chr4q28.2 - rs2952899.
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Figure S14: LocusZoom of novel region associated with dyslexia; region chr5p15.31 - rs17812877.
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Figure S15: LocusZoom of novel region associated with dyslexia; region chr5q12.1 - rs12653108.
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Figure S16: LocusZoom of novel region associated with dyslexia; region chr5q23.2 - rs2055873.
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Figure S17: LocusZoom of novel region associated with dyslexia; region chr6p22.3 - rs7776042.
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Figure S18: LocusZoom of region associated with dyslexia; region chr6q21 - rs2802295.
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Figure S19: LocusZoom of region associated with dyslexia; region chr7q22.3 - rs6466034.
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Figure S20: LocusZoom of novel region associated with dyslexia; region chr8p12 - rs79445414.


[image: A graph of different colored dots

AI-generated content may be incorrect.]
Figure S21: LocusZoom of novel region associated with dyslexia; region chr8p12 - rs56372812.
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Figure S22: LocusZoom of region associated with dyslexia; region chr9p24.3 - rs10964508.
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Figure S23: LocusZoom of novel region associated with dyslexia; region chr11q22.3 - rs641574.
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Figure S24: LocusZoom of region associated with dyslexia; region chr11q25 - rs77867811.


 [image: A graph of different colored triangles

AI-generated content may be incorrect.]
Figure S25: LocusZoom of region associated with dyslexia; region chr12q14.1 - rs57431669.
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Figure S26: LocusZoom of region associated with dyslexia; region chr13q14.2 - rs4142285.
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Figure S27: LocusZoom of region associated with dyslexia; region chr13q21.2 - rs9538299.
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Figure S28: LocusZoom of novel region associated with dyslexia; region chr15q25.1 - rs60567504.
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Figure S29: LocusZoom of region associated with dyslexia; region chr16p13.3 - rs1639161.
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Figure S30: LocusZoom of novel region associated with dyslexia; region chr16p12.1 - rs7184217.

[image: A graph with numbers and dots

AI-generated content may be incorrect.]
Figure S31: LocusZoom of region associated with dyslexia; region chr16p12.1 - rs6497931.
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Figure S32: LocusZoom of region associated with dyslexia; region chr16q21 - rs62066820.
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Figure S33: LocusZoom of region associated with dyslexia; region chr16q22.2 - rs11646282.
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Figure S34: LocusZoom of region associated with dyslexia; region chr17q23.1 - rs7219089.
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Figure S35: LocusZoom of novel region associated with dyslexia; region chr18q11.2 - rs5022348.
.
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Figure S36: LocusZoom of region associated with dyslexia; region chr18q11.2 - rs7505854.
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Figure S37: LocusZoom of regions associated with dyslexia; region chr18q21.1 - rs12965648.
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Figure S38: LocusZoom of region associated with dyslexia; region chr19q13.33 - rs112205523.


[image: A graph of a graph

Description automatically generated]Figure S39: Quantile-Quantile (Q-Q) plot showing expected versus observed -log10 P-values for each variant from multivariate GWAS of reading ability, represented by grey dots. The dashed red line shows the null hypothesis. The plot indicates the absence of uncorrected population stratification and is consistent with a highly polygenic trait.
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Figure S40: Variant consequences annotated by Variant Effect Predictor (VEP) showing A) positional annotation of the SNP, and B) for SNPs that fell within a coding region, the functional consequence of that variant associated with dyslexia.
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Figure S41: -log10 P values from a MAGMA gene-property analysis of dyslexia multivariate GWAS showing enrichment of expression in brain regions. The dashed line indicates the Bonferroni correction for 124 tests to P < 4.032 x 10-4.
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Figure S42: -log10 P values from a MAGMA gene property analysis of dyslexia multivariate GWAS showing enrichment through 11 developmental stages from BrainSpan. The dashed line indicates the Bonferroni correction for 124 tests to P < 4.032 x 10-4.
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Figure S43: -log10 P values from a MAGMA gene property analysis of dyslexia multivariate GWAS showing enrichment through 29 human brain ages from BrainSpan. The dashed line indicates the Bonferroni correction for 124 tests to P < 4.03 x 10-4. Yrs = years, pcw = post conception weeks.
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Figure S44: Threshold model fit for polygenic index of dyslexia using PRSice2, predicting a composite measure of reading ability at age 7 in the NCDS cohort. X axis indicated the range of P value cutoffs tested, and Y axis shows the PGI model fit (R2) at each threshold. * indicates the best P value threshold for each PGI model. 
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Figure S45: Threshold model fit for polygenic index of dyslexia using PRSice2, predicting a composite measure of reading ability at age 11 in the NCDS cohort. X axis indicated the range of P value cutoffs tested, and Y axis shows the PGI model fit (R2) at each threshold. * indicates the best P value threshold for each PGI model.
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Figure S46: Threshold model fit for polygenic index of dyslexia using PRSice2, predicting a composite measure of reading ability at age 16 in the NCDS cohort. X axis indicated the range of P value cutoffs tested, and Y axis shows the PGI model fit (R2) at each threshold. * indicates the best P value threshold for each PGI model.
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Figure S47: Threshold model fit for polygenic index of dyslexia using PRSice2, predicting a binary measure reading ability at age 23 in the NCDS cohort. X axis indicated the range of P value cutoffs tested, and Y axis shows the PGI model fit (R2) at each threshold. * indicates the best P value threshold for each PGI model.
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Figure S48: Threshold model fit for polygenic index of dyslexia using PRSice2, predicting a binary measure of reading ability at age 33 in the NCDS cohort. X axis indicated the range of P value cutoffs tested, and Y axis shows the PGI model fit (R2) at each threshold. * indicates the best P value threshold for each PGI model.
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Figure S49: Threshold model fit for polygenic index of dyslexia using PRSice2, predicting a composite measure of reading ability across all ages in the NCDS cohort. X axis indicated the range of P value cutoffs tested, and Y axis shows the PGI model fit (R2) at each threshold. * indicates the best P value threshold for each PGI model.



Supplementary Tables Text
Table S1: SNPs which were most strongly associated (P ≤ 1 x 10-5, N = 18,551) with multivariate analysis of dyslexia. 

Table S2: SNPs which were most strongly associated (P ≤ 1 x 10-5, N = 9,717) with multivariate analysis of reading ability. 

Table S3: Regions significantly associated with multivariate GWAS of reading ability. Regions are described as previously reported as significant in Doust et. al. 2023, significant in the uncorrected summary statistics, or novel 2.  

Table S4: Complete results for all 2824 genetic correlations tested in LDSC.

Table S5: Gene-based association results tested for 18,842 genes using MAGMA for multivariate dyslexia.

Table S6: Gene-set association results for 9,113 biological pathways using MAGMA for multivariate dyslexia.

Table S7: Variant Effect Predictions for coding SNPs. Prioritised variants annotated as damaging by both SIFT and PolyPhen2 (N = 9) are presented in bold. 

Table S8: Gene-based annotations using FUMA showing loss-of-function predictions, and expression QTL associations. 

Table S9: MAGMA gene-property analysis of multivariate reading ability partitioned by GTEx gene expression in individual tissues.

Table S10: MAGMA gene-property analysis partitioned by brain tissue gene expression across 11 developmental stages in BrainSpan.

Table S11: MAGMA gene-property analysis partitioned by brain tissue gene expression across 29 ages in BrainSpan.

Table S12: MAGMA gene-property analysis partitioned by single-cell RNA-seq brain tissue gene expression in embryonic ventral mid-brain.

Table S13: MAGMA gene-property analysis partitioned by single-cell RNA-seq brain tissue gene expression in embryonic pre-frontal cortex.

Table S14: MAGMA gene-property analysis partitioned by single-cell RNA-seq brain tissue gene expression in adult and foetal cortex grouped by neuronal cell type.

Table S15: Results of LDSC partitioning heritability in tissue-specific chromatin modification patterns from the Roadmap Epigenomics project and ENTEX, using the annotations and method of Finucane et al. 2015 11. 

Table S16: Polygenic index prediction for dyslexia multivariate summary statistics using PRSice2 and SBayesRC, across six measures of longitudinal reading ability in the National Child Development Study, 1958. 

Table S17: Table showing polygenic selection analysis results for 104 independent SNPs associated with dyslexia in an imputed ancient panel.
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