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Supplementary Text
Description of GWAS Data Sets
Leukocyte telomere length. The genome-wide association study (GWAS) of leukocyte telomere length (LTL) was undertaken under the framework of European Network for Genetic and Genomic Epidemiology (ENGAGE) Project. A total of 37,684 individuals of European ancestry from 15 cohorts were included1 (Supplementary Table S13). Genotypes of single nucleotide polymorphism (SNP) were imputed with HapMap II CEU build 36 as reference panel. There were 2,362,330 SNPs left after quality control (SNP imputation accuracy < 0.50 and minor allele frequency [MAF] < 0.01). Linear additive regression was conducted in each cohort with the adjustment of age and gender as well as study-specific covariates (e.g. family and population structure)1. Finally, the meta-analysis was implemented for each genetic variant via the inverse variance-weighted method.
The Asian-LTL GWAS was first conducted within the Singapore Chinese Health Study (SCHS) study on 16,759 individuals in the Singaporean (Southern Han Chinese) population and later validated with additional 6,337 individuals2 (Supplementary Table S14). Genotypes of SNPs were imputed with IMPUTE v2 based on the 1000 Genomes Project Phase III3. After quality control (SNP genotype call rate < 0.95, MAF < 0.01, Hardy-Weinberg equilibrium [HWE] p value < 1.00E-6, impution information score < 0.8), 6,407,959 and 6,406,238 SNPs were available for the discovery and replication phases, respectively. Linear regression analysis was implemented for each SNP while controling for age, gender and the top three principal components of population stratification2. Finally, summary statistics from discovery and replication phases were combined using the inverse variance-weighted meta-analysis.
Amyotrophic lateral sclerosis. The GWAS of amyotrophic lateral sclerosis (ALS) used in the present study is the largest ALS Meta GWAS to date in the European population up on 80,610 individuals (20,806 cases and 59,804 controls)4. The imputation of SNP genotypes was conducted with minimac35 using 1000 Genomes Project Phase III as reference panel3. Finally, 10,031,417 SNPs were left after quality control (SNP genotype call rate < 0.975, non-European ancestry, abnormal F inbreeding coefficient, mismatch between phenotypic and genotypic gender, cryptic relatedness defined as identity-by-descent proportion of inheritance > 0.125 and imputation accuracy < 0.30). Logistic regression was performed in each sub-study with principal components, age and gender as covariates. The association analysis was finally implemented using the fixed-effect weighted method across sub-studies.
The ALS GWAS in the Asian population was performed on 4,084 Chinese individuals (1,234 cases and 2,850 controls). The imputation of SNP genotypes was performed with IMPUTE6 using the 1000 Genomes Project Phase I as reference panel3. After quality control (SNP genotype call rate < 0.99, MAF < 0.01, HWE p value < 1.00E-6, differential missingness in genotypes between cases and controls with p value < 1.00E-6)7, 6,613,544 SNPs were left. Similarly, logistic regression was conducted for each SNP with the first five principal components as covariates.
Frontotemporal dementia. The GWAS of frontotemporal dementia (FTD) included 12,928 individuals (3,526 cases and 9,402 controls) of European ancestry. The SNP genotypes were imputed based on the 1000 Genomes Project3 via minimac and 6,026,385 SNPs were left for analysis after quality control (SNP genotype call rate < 0.95, NAF < 0.01, HWE p value < 1.00E-5, non-random missingness per SNP by case-control status/haplotype with p value < 1.00E-5 and imputation quality < 0.30)8. Logistic regression was performed with the first five eigenvectors from principal components analysis as covariates.
Blood lipids. We obtained summary statistics of four lipid traits from the Global Lipids Genetics Consortium (GLGC) study9, which was a meta-analysis that analyzed ~2.5 million genotyped and imputed SNPs on 188,577 individuals of European ancestry10. The GLGC study adjusted for the effect of gender, age (by incorporating age and age2) as well as population stratification9.
For the lipid traits in the Asian population, we obtained association summary statistics from the Japan biobank11, which analyzed about 128,000 individuals with a total of 5,961,600 SNPs. In the analysis the effects of gender, age, genetic ancestry, disease status and other trait-specific covariates were controlled whenever available.
Model assumption of MR
Mendelian randomization (MR)12 is an instrumental variable statistical method to explore the causal relationship between an exposure (e.g. LTL) and an outcome (e.g. ALS or FTD) in observational studies with genetic variants (e.g. SNPs) as instruments. Each of selected SNPs should satisfy three model assumptions (Supplementary Fig. S1b)13,14: (i) the relevance assumption: SNP is strongly associated with exposure; (ii) the independence assumption: SNP is not associated with any other confounders which are potentially related to both exposure and outcome; (iii) the exclusion restriction assumption: SNP only influences outcome by the path of exposure alone and does not have horizontal pleiotropic effects.
Note that, while the first assumption (i.e. the relevance assumption) can be directly validated by examining the significance of SNPs on the exposure, the second two assumptions (i.e. the independence and exclusion restriction assumptions) are difficult to validate in practice. In the present we followed previous MR studies and performed extensive sensitivity analyses to validate the last two assumptions.
Two-sample inverse variance weighted MR method




Let  and  be the effect size and variance of instrumental variable i for the exposure X; let the effect size and variance for the same instrumental variable i on the outcome Y be  and . The causal effect i for instrumental variable i is estimated by the Wald ratio method

		



Suppose both  and  are normally distributed, the asymptotic variance of  is15,16

		
When there are m independent instrumental variables, one can combine the each Wald ratio estimate to generate a pooled causal effect through the inverse-variance weighted method17,18

[bookmark: ZEqnNum296075]		
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The causal effect estimate shown in  is obtained by assuming no heterogeneity exists across instruments and is thus referred to as the fixed-effects IVW estimate. When the instrumental heterogeneity is observed, we account for such heterogeneity in the MR model by using the random-effects IVW estimate16,19,20, which allows for greater estimation uncertainty than the fixed-effects IVW estimate. The Q statistic19 is generally used to evaluate effect size heterogeneity.
Mediation analysis with network MR analysis
The network MR analysis can be viewed as a special mediation analysis (Supplementary Fig. S2). First, assume that we want to study the relationship between the exposure variable X and the outcome variable Y, with c (equivalent to the causal effect  given in ) denoted the total effect (Supplementary Fig. S2b)

		
where e1 is the residual and represents the variation of Y that cannot be explained by X. The framework of the mediation model is shown in Supplementary Fig. S2b, representing the exposure variable X can directly influence the outcome variable Y or indirectly through the mediator (M)
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Network MR separately estimates the causal effect of the exposure on the mediator (i.e. a) and the causal effect of the mediator on the outcome (i.e. b) within the framework of two-sample IVW MR21. Then, the mediation effect (i.e. the indirect effect) is estimated with the product of the effects (i.e. ab).
Test of the mediation effect
Traditionally, the presence of a significant total effect (c) (Equation ) is the prerequisite for the mediation effect test22. However, the situation that the total effect is non-significant but a substantial mediation effect remains is not uncommon in practice, which is called suppression model23. Joint significance test is a variation of the mediation test, it ignores c and uses the significance of a and b to analyze the mediation effect23. Under this situation, we resort to an intuitive principle by separately testing a and b, and deem the mediation effect to be significant if a and b are simultaneously significant23-25.
Traditionally, we can use the Sobel test to assess the mediation effect22,26,27. However, the Sobel test is rather conservative and underpowered in practice23,28,29. Thus, we instead employ the Goodman test30. Specifically, let Sa and Sb be the standard errors of a and b, respectively; then the statistic of the Goodman test is defined as

		
The null distribution of u is asymptotically a standard normal distribution. The Goodman test subtracts the third term in the denominator for an unbiased estimate of the variance of the mediated effect.
Unify the unit of lipid levels in the European and Asian populations
In our main text we interpreted the causal effect of a continuous exposure (e.g. LTL or lipids) on ALS/FTD with odds ratio (OR) on the scale of one-unit change of the exposure. Because the effects of instruments were measured based on the standardized exposure, our OR estimates were also measured in terms of OR per one standard deviation (SD) change of the exposure. We referred to one SD of the exposure as one unit in our study.
During the network MR analysis, to make the estimated causal effects comparable between the European and Asian populations, following prior work31 we unified the unit of lipids in the two populations. Specifically, the SD of the four lipids in the European population32 was estimated to be 14.7 mg/dL, 37.0 mg/dL, 42.6 mg/dL or 86.8 mg/dL for high density lipoprotein (HDL), low density lipoprotein (LDL), total cholesterol (TC) and triglycerides (TG), respectively. The SD of the four lipids in the Asian population33 was estimated to be 15.4 mg/dL, 41.0 mg/dL, 38.6 mg/dL or 71.9 mg/dL for HDL, LDL, TC and TG, respectively. We applied the SD of lipids in the European population as the benchmark and transformed the information of lipids in the Asian population. We simply multiplied the marginal effect size and standard error of each instrument of a lipid trait by the ratio of SD in the Asian population and SD in the European population. For example, we recomputed the effect size and standard error of each instrument of LDL in the Asian lipid study by multiplying a factor of 1.11 (= 41.0/37.0).
Note that, the scale transformation does not influence the p value of the estimated causal effect, as the transformation changes the causal effect estimates and the SDs at the same scale. In our study we reported results based on the transformed summary statistics of blood lipids.
Causal effect of LTL on ALS and FTD using the European-instruments in the Asian population or using the Asian-instruments in the European population
Fllowing the suggestion of one reviewer, we also made an additional exploration to estimate the causal effect of LTL on ALS/FTD using the European-instruments in the Asian population or using the Asian-instruments in the European population. With the fixed-effects IVW method, we again fail to detect statistically significant causal relationship (Supplementary Table S15) and the direction of the causality is similar to our main result shown in Table 4. However, a different association in direction and magnitude is found via the MR-Egger method. This may be due to the fact that MR-Egger method is developed based on a weaker assumption and is often less efficient compared with IVW and weighted median methods in causal inference. In addition, in terms of Supplementary Fig. S3a, when using the Asian-instruments of LTL to estimate causal association on ALS in the European population, two instruments (i.e. rs2293607 and rs7705526 with the large effect sizes of 0.120 and 0.118 on LTL in the Asian pouplation) seemed to be potential outliers and have substantial influence on the estimated causal effect in our MR analysis. Specifically, after removing them separately, the OR per SD decrease of LTL on ALS is 1.19 (95% CI: 1.00 ~ 1.41, p = 0.044) or 1.19 (95% CI: 1.01 ~ 1.40, p = 0.043); after removing them together, the OR per SD decrease of LTL on ALS is 1.31 (95% CI: 1.06 ~ 1.63, p = 0.013), which is supportive of the causal role of LTL on ALS in the European population.
Although the two sets of instruments of LTL share no common genetic variants between the two populations, we cannot exclude the probability that these index SNPs are transferable in the European and Asian populations. However, to ensure the validity of two-sample MR, one important assumption is that two sample sets should take from the same underlying population34. If such assumption is violated, MR may still provide evidence on whether a causal association exists but not necessarily on the precise magnitude of the causal effect35. Therefore, strictly speaking, the causative associations identified above are not definitive and need to be validated in future, if practical.
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