
Supplementary Methods 

Since the GSMA operates on linkage analysis results, its ability to localize signals is 

limited based on marker density. While others have proposed an approach that shifts large bins to 

refine the regional signals1, we divided the genome into 5, 10, 15 and 20 cM bins. Each bin was 

assigned a p-value based on the maximal significance level reached in that bin. In applying 

GSMA, bins within a scan are ranked according to this test statistic value. Since the individual 

studies varied substantially by sample size, and simulation studies showed that weighting 

increases the power of the GSMA2, we also performed a series of analyses where we weighted 

the  rank order statistics by sample size. For ANX, a dichotomous trait, we used the square root 

of the number of genotyped affected individuals to weight individual studies. For N, a 

quantitative trait, we used the square root of the total sample size as the weighting factor, since 

all genotyped subjects provide power to such an analysis.  

GSMA 

GSMA calculates the average rank (Ravg) for a given genomic bin across the combined 

studies. The procedure yields two measures of significance 2. The first, termed PSR , refers to the 

significance of the RAvg statistic based solely on its rank. For unweighted analyses the RAvg test 

statistic follows a known distribution for rank order statistics and the probability of a given 

average rank order can be computed directly. In weighted analyses, the distribution must be 

determined empirically by random rank ordering studies for combination to determine a 

probability distribution. We used 10,000 iterations to determine empirical significance for 

weighted runs. The second statistic, termed POR, is the significance of RAvg given its overall rank. 

Significance is determined empirically. For example, the actual value of RAvg for the first place 

bin is compared to an empirical distribution of RAvg values of all first place finishers from 



randomly ranked GSMA procedures to determine POR while PSR is calculated by comparison to 

the empiric distribution constructed from all bins. Importantly, neither of these statistics is 

ideally informative alone. The primary test is the PSR, but a bin’s PSR must be considered in the 

light of its POR. Since the GSMA procedure will always yield “highest ranking” bins, it is 

important to assess by POR whether that particular bin is significant for a bin of its rank. This was 

illustratively described by Levinson et al.2 as determining whether a particular scan is a “fast” 

race or a “slow” race. Previous work has suggested Bonferroni correction of .05/(# bins) for the 

conclusion of genome-wide significance using GSMA.  Given the experience of the field, under 

this stringent approach we do not anticipate genome-wide significant signals using linkage 

analysis for complex disease. Instead, our approach aims to highlight unique and overlapping 

interesting regions using all available linkage datasets for NEU and ANX. 

We also assessed whether any individual study was particularly influential in our GSMA 

procedure by using a drop-one-out sensitivity analysis. In this procedure, we remove one study at 

a time and rerun the GSMA analysis. Each result is then compared to the original scan across the 

bins using Spearman’s rank correlation to assess the stability of the result. 

A q-value is an estimate of the proportion of false discoveries among all significant bins when 

the corresponding p-value is used as the threshold for declaring significance3, 4. This FDR-based 

approach (1) provides a good balance between the competing goals of true positive findings 

versus false discoveries, (2) allows the use of more similar standards in terms of the proportion 

of false discoveries produced across studies because it is much less dependent on the arbitrary 

number or sets of statistical tests that are performed,  (3) is relatively robust against the effects of 

FDR rational 



correlated tests, and (4) provides a more subtle picture about the possible relevance of the tested 

bins rather than an all-or-nothing conclusion about whether a study produces significant results3, 

5-12. 
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Sensitivity: Spearman Rank Correlations - Study Dropped vs All
Neuroticism Study
GSMA method grid ATR DENT GENESiS IASPSAD UKSP NTR NZ-ND BATS min max mean
unweighted 5cM 0.922 0.933 0.928 0.932 0.920 0.926 0.926 0.923 0.920 0.933 0.926
unweighted 10cM 0.925 0.937 0.930 0.934 0.927 0.930 0.926 0.927 0.925 0.937 0.930
unweighted 15cM 0.929 0.936 0.934 0.938 0.929 0.930 0.930 0.932 0.929 0.938 0.932
unweighted 20cM 0.937 0.940 0.937 0.943 0.939 0.937 0.932 0.937 0.932 0.943 0.938
weighted 5cM 0.717 0.954 0.975 0.966 0.959 0.990 0.931 0.953 0.717 0.990 0.931
weighted 10cM 0.727 0.956 0.976 0.968 0.961 0.991 0.932 0.956 0.727 0.991 0.934
weighted 15cM 0.744 0.953 0.976 0.968 0.962 0.990 0.932 0.958 0.744 0.990 0.935
weighted 20cM 0.764 0.956 0.976 0.969 0.966 0.990 0.937 0.958 0.764 0.990 0.939
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