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Abstract 

Local genetic correlation analysis has recently emerged as a way to assess patterns of genetic overlap 
between phenotypes at a regional level. In a recent report in Nature Genetics [1], Li et al. present a 
novel method (HDL-L) that implements such analysis, and use simulations to compare it to an 
existing method, LAVA [2]. The results suggest statistical shortcomings in LAVA and superior 
performance for HDL-L. We revisit these conclusions and demonstrate that the simulations in Li et 
al. exhibit several major flaws that undermine the interpretation of their results. When correcting 
these issues, we find no support for the conclusions drawn by Li et al., and contrary to their findings 
show LAVA to have performance generally superior to that of HDL-L. 
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There are two major issues with the simulations conducted by Li et al. First of these is the use of 
a simulation model that matches the model used by HDL-L, but not that used by LAVA, which 
consequently cannot be used to evaluate type 1 error rates for LAVA. Although the statistical models 
implemented by LAVA and HDL-L are similar, they estimate and test different forms of local genetic 
correlation. For a continuous phenotype 𝑌, both use a standard linear model of the form 𝑌 = 𝐺 + 𝜀 
with genetic component 𝐺 = 𝑋𝛼 , with genotype matrix 𝑋  and vector of true SNP effects 𝛼 . 
However, LAVA defines genetic correlation as the correlation between the genetic components 𝐺 of 
different phenotypes, using a fixed effects model that treats 𝛼 as a fixed but unknown parameter 
vector. By contrast, HDL-L defines genetic correlation as the correlation of the true SNP effects 𝛼, 
using a random effects model that assigns a multivariate normal distribution to 𝛼. 

The fixed effects model used by LAVA thus estimates the realized genetic correlation in a 
population, and tests the null hypothesis that this is exactly zero. Yet in the simulations conducted 
by Li et al., genetic effects were all generated using a random effects model. Under this model the 
realized genetic correlations are not fixed, instead being distributed around their expected value, 
which equals the correlation parameter of the random effects model. As such, even if the expected 
genetic correlation is zero, the realized genetic correlations are not. The simulations by Li et al. 
therefore inherently cannot evaluate type 1 error rates for LAVA, and the values they present as type 
1 error rates instead reflect statistical power for LAVA to detect those non-zero realized genetic 
correlations.  

The second major issue in the Li et al. simulations is the use of different reference data for each 
method. Reference data is required by both methods to account for linkage disequilibrium (LD) 
between SNPs. In their simulations, Li et al. use UK Biobank [5,6] genotype data (N = 167,636) both 
as the basis for their simulations and as reference data for the HDL-L analyses. However, for the 
LAVA analyses they instead used the much smaller 1,000 Genomes [7] (N = 503) as reference, even 
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though they could have used UK Biobank here as well. This introduces an additional source of error 
not present when evaluating HDL-L, making it impossible distinguish effects due to the methods 
themselves from those due to the reference data used. This is not mentioned in the paper, with 
differences in simulation results all attributed to differences between the two methods.  

To evaluate the impact of these issues, we partially repeated the simulations in Li et al., 
correcting the issues with the simulation design (see also Supplemental Methods – Simulation Procedure). 
We used UK Biobank genotype data for chromosome 22, with the same sample size (N = 167,636), 
genomic blocks, SNP selection, and 10% of SNPs within each block selected as causal. Genetic effects 
were generated under both fixed effects and random effects models, setting whole-genome 
heritability for the two phenotypes to 20% and 80%, to match Figure 1 in Li et al. Causal signal was 
either distributed homogeneously across all genomic blocks (100%), or concentrated in 10% or 4% of 
blocks, adding the latter two conditions because under the original 100% condition the local 
heritability within each genomic block was very low (Supplemental Figure 1).  

 

Figure 1. Significance rates for testing local genetic correlations across methods and conditions, at α = 0.05. 
Results are shown for the analyses using the UK Biobank simulation sample as reference, separately for the fixed 
effects (top row) and random effects (bottom row) generative models, and for the proportion of causal regions 
(columns). The dashed lines indicate the significance threshold of 0.05. Bars are plotted as solid if the generative 
model matches the method, and with diagonal lines otherwise. The ‘null’ simulations are thus represented by 
the solid bars in the condition with genetic correlation parameter of zero, ie. the fixed effects generate model for 
LAVA and the random effects generative model for HDL-L. The significance rates represent type 1 error rates 
for those methods in those conditions, and statistical power otherwise. 

Analyses for both methods were performed for the following reference data: the UK Biobank 
sample used as basis for the simulations, a range of smaller UK Biobank samples (N = 503 to 100,000) 
not overlapping with the simulation sample, the European panel of the 1,000 Genomes data (N = 503), 
and the reference data now available for each method, both based on UK Biobank (Supplemental 
Methods – Data and Software). 

Evaluating both methods under their own respective null models, and with the UK Biobank 
sample used as basis for the simulations as LD reference, our results show that type 1 error rates are 
well-controlled for both methods (Figure 1). As expected, we also observe elevated significance rates 
for LAVA under the random effects simulation model with expected genetic correlation of zero.  
This reflects the statistical power for LAVA to detect the non-zero realized genetic correlations 
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generated under the random effects model, which varied considerably, with the 95% quantile interval 
ranging from -0.41 to 0.42 (see also Supplemental Table 1). 

Comparing statistical power and efficiency between methods (Figure 1, Supplemental Figures 
2-5), we found that in the ‘100% causal regions’ setting used by Li et al. performance for HDL-L was 
better than for LAVA, generally consistent with their own results. However, statistical power to 
detect genetic correlations in this condition was very low for either method, with little chance of 
significant results after applying any multiple testing correction (Supplemental Figures 2, 3). In the 
two higher power conditions, which are likely to be more representative of results of interest in a real 
data analysis, LAVA consistently outperformed HDL-L, and was not far behind HDL-L even as an 
estimator of the expected genetic correlation (Supplemental Figures 4, 5). 

Consistent with results from Li et al., using 1,000 Genomes as reference data resulted in an 
upward bias in local heritability estimates (Supplemental Figures 6, 7) as well as inflated type 1 error 
rates for the genetic correlation for LAVA (Figure 2). However, although Li et al. attribute this to a 
problem with LAVA, our results show that these issues are not method-specific, as HDL-L exhibits 
bias in the local heritability estimates (though downward) and inflated type 1 error rates when using 
1,000 Genomes data as reference as well. This issue appears to be driven almost entirely by the sample 
size of the reference data, with a UK Biobank sample of the same sample size showing only marginal 
improvement over 1,000 Genomes. 

 
Figure 2. Type 1 error rates for local genetic correlations when using different reference data, at α = 0.05. 
Results are shown for the generative model corresponding to each method, ie. the fixed effects model for LAVA 
and the random effects model for HDL-L, with genetic correlation parameter set to zero. The dashed lines 
indicate the significance threshold of 0.05. Note that the additional UK Biobank samples shown in the figure do 
not overlap with the original UK Biobank simulation sample. The LAVA and HDL-L specific LD are the publicly 
available reference data sets for each method, both of which are based on UK Biobank as well. . 

Contrary to the conclusions drawn by Li et al., our results demonstrate that, when using the 
correct null model and reference data, LAVA exhibits well-controlled type 1 error rates and estimates 
as well as generally superior performance to HDL-L. We also observed a sensitivity for both methods 
to the reference data, with the commonly used 1,000 Genomes data yielding biases and inflated type 
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1 error rates due to its small sample size. Since many other types of localized methods for secondary 
analysis of GWAS results similarly rely on LD estimated from reference data, further research will be 
needed to determine to what extent those methods are affected by this issue. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org. 
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