
SUPPLEMENTARY MATERIAL 

  

Supplementary Methods 

Cohort Description 

The NeuroX cohort is a case-control study of unrelated samples of European ancestry. Targeted genomic 

sequencing was performed by Illumina using the NeuroX Targeted SNP Array platform. The NeuroX 

array typed over 240,000 exonic variants available on Illumina’s Infinium HumanExome BeadChip in 
addition to ~24,000 variants either proven or hypothesized to be associated with neurodegenerative 

disease. Available phenotypic data for this cohort includes PD affection status, age, gender, and collection 

site.  PD status is coded as case or control from clinic visit using modified UK Brain Bank Criteria for 

diagnosis. The studies and collection sites that comprise the NeuroX PD cases used in this research 

include IPDGC-DC, IPDGC-FR, IPDGC-GE, IPDGC-GK, IPDGC-UK, PostCEPT, PAGE, WUSTL, and 

Coriell. Please see individual publications and collection sites for specific details.
1–5

 Demographic 

information for each study or collection site is shown in the table below. (Supplementary Table 1). 

 

Supplementary Table 1. Cohort Demographics  

Cohort Name Total Sample Size 

(N) 

Age in Years, Mean 

(SD) 

% Female 

IPDGC-DC 97 55.80 (11.09) 39.18 

IPDGC-FR 560 55.97 (12.85) 37.14 

IPDGC-GE 1136 57.87 (12.10) 38.20 

IPDGC-GK 923 64.09 (10.91) 42.36 

IPDGC-UK 448 52.40 (13.07) 39.06 

PDCLINICAL 309 57.34 (11.27) 41.74 

PostCEPT 79 59.20 (10.03) 26.58 

PAGE 838 75.18 (4.90) 22.55 

WUSTL 386 60.62 (10.78) 37.82 

Coriell 1075 58.68 (10.28) 33.86 

The 5851 PD cases used in the first analysis stage are taken from the above cohorts that make up the 

confirmed PD cases of the NeuroX cohort published on dbGaP. Sample size, mean age, and percent 

of female samples are described for each partial cohort. 

 

  

Virtual Cohorts 

As some of the variants we wanted to test in these analyses had too low frequency within the NeuroX 

cohort, we created virtual cohorts by assigning genotypes to virtual patients according to established 

allele frequencies for European populations. An example of what a virtual cohort looked like for the false 

negative and false positive simulations is shown below. (Supplementary Table 2). 
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Supplementary Table 2. Example of a Virtual Cohort 

ID rs9298897 rs17710829 

123 0 1 

124 0 0 

125 2 0 

126 0 0 

127 1 1 

This is an example of what the virtual cohort database looks like. All 

virtual patients have an arbitrary ID and genotypes assigned according to 

established population frequencies. Genotypes are represented as having 0, 

1, or 2 copies of the effect allele. 

 

  

Single Variant and Genetic Risk Score Analysis 

To simulate randomization in clinical trials, we followed the procedure of alternating individuals to each 

arm as they are sampled from the larger population. Binomial generalized linear models employing logit 

link functions were then used to classify whether individual patients belonged to either the randomized 

treatment or placebo arm using each of the 47 nominated variants as predictors. Variant significance level 

for association was calculated at every iteration of each sample size for each of the 47 variants 

individually, in combination with age and sex as well as 5 principal components as covariates. As our 

goal was to study the effects of random differences between trial arms, significant variants were 

determined by a significance threshold of p < 0.05. Magnitude of allele distribution difference was 

calculated by finding the allele dosage for each of the 47 variants per each trial arm, and then computing 

the percent difference in allele carrier status for each variant for 1000 iterations. These values were then 

averaged to represent the mean percent difference across all 47 variants for each sample size, both for 

significant iterations and all iterations. Instances where one trial arm had patients that possessed a certain 

variant and the other trial arm had no patients with that variant were removed, as percent difference 

calculations are not meaningful in this case, making our models slightly more conservative concerning 

rarer variants in small sample sizes. 

  

In addition to analysis of cumulative allele frequencies at specific SNPs of interest, we also investigated 

the difference in mean GRS between trial arms. The GRS analyses are quite similar to those looking at 

cumulative allele frequencies, however the GRS analyses take into account weights from previously 

published risk estimates. To determine significant differences in mean GRS between trial arms, a Z-score 

was calculated using a two sample Z-test at every iteration. The distribution of the GRS was non-normal, 

however, the two sample Z-test allows non-normal distributions if large enough samples are used. All 

sample sizes were large enough to allow sample variance to be used in Z-score calculation. Iterations 

were then filtered by the significance of their Z-score, either falling above or below the 95% significance 

cut-off values of ± 1.96. For both significant iterations and all iterations combined, percent difference 

between the mean GRS of the treatment and placebo arms was calculated and these values were then 

averaged to obtain an overall mean difference in GRS for each sample size. 

  

Genetic Risk Score Analysis: Difference in Variance Between Trial Arms 

The main manuscript focuses on difference in mean GRS between arms, however we also investigated 

difference in GRS variance between arms. We looked at how patient GRS varied within both the 
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treatment and placebo arm, and then compared those results between arms to determine how often and at 

what magnitude trial arms were different in terms of the spread of GRS values. Interindividual variance is 

important to consider, as high and unequal variance in the measurable clinical outcome between arms can 

affect a trial outcome.
6
 Differences in variance in GRS were compared by performing a Levene’s Test for 

Equality of Variances at each iteration. Levene’s test is used to assess whether the variance in two groups 
is equal when the groups come from a non-normal population.

7
 As such, Levene’s test was chosen for its 

robustness as a test and to counteract the non-normal distribution of the GRS when examining cases only. 

Iterations where variance was found to be significantly unequal between the placebo and the treatment 

arm were determined by a significance level of p<0.05. Percent change between the variance of each arm 

for these significant iterations and all iterations combined were calculated and averaged for each sample 

size, producing an overall average percent difference between treatment arm variance and placebo arm 

variance. 

  

Balancing Trial Arms by Allele Frequency 

After initial variance analysis of completely randomized cohorts, an algorithm was used to balance 

patients between trial arms by genotype using the 47 variants nominated by GWAS. The algorithm was 

designed to imitate rolling admission to clinical trials by assessing the best placement (placebo or 

treatment arm) for each individual patient as they were added to the simulated trial. Best placement of 

each patient was determined by minimizing the difference in overall allele frequency between trial arms. 

Difference in allele frequency between each arm is calculated at each step and each patient is placed into 

the arm of the trial that results in the least amount of difference gain. 

  

Variance Using Heritability Estimates 

Current heritability estimates were used to adjust the variance levels found in the clinical trial simulations. 

As the collective knowledge of the genetic causes of PD is far from complete, we took PD genetic 

heritability estimates into account to provide variance estimates on two ends of the spectrum. On the top 

or “ceiling” end of the spectrum, we assumed a one-to-one relationship between phenotypic variance and 

the underlying genetic variance in the patients. Therefore, the values obtained from the clinical trial 

simulations would represent the expected phenotypic variance levels between arms in similar, real-world 

trials. On the low or “floor” end, we looked at variance in terms of the genetic information currently 
available to us. This “floor” version is the most realistic estimate at present, as it depends on our current 

knowledge of risk genetics related to PD. We can only balance genetics in trials to the extent of what we 

know is correlated with the disease in question, and thus the “floor” values are representative of the 

expected phenotypic variance between arms based upon the information known to us. This analysis was 

performed using difference in mean GRS results from the clinical trial simulations and the current genetic 

heritability estimate for PD, which is ~26.9%.
8
 We then calculated the “floor” values by looking at the 

percent difference in variance at each sample size as a proportion of the heritability estimate. 

  

Polynomial Regression, Locally-Weighted Polynomial Regression, and PCA 

In order to better describe the relationship of decreasing variance with decreasing sample size, locally-

weighted polynomial regression models were trained on the mean percent difference in GRS and variance 

in GRS across trial arms for each sample size. LOESS models rely on weighted least squares and a 

smoothing parameter to fit a polynomial to different subsets of data, allowing a nonparametric and 

flexible fit to non-linear relationships. The models estimated best fit lines for the relationship between 
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percent difference in GRS variance and sample size, and confidence intervals were calculated for each fit. 

These models were used to provide insight into the trends in the data and model fit. Additional 

polynomial models (non-locally weighted) were also trained to garner further information about variable 

significance in the relationships. In addition to regression models, principal component analysis (PCA) 

was performed using the variant dosage status of all 47 variants at a sample size of 200 for balanced and 

unbalanced cohorts. Logistic models were made using the components of this analysis as predictors for 

determining the classification of a patient to either the treatment or placebo arm. PCA was also used to 

generate a visual example of the effects of balancing by plotting component scores from the first 3 

components for both balanced and unbalanced cohorts at a sample size of 200. 

  

Supplementary Results 

Genetic Risk Score Analysis: Difference in Variance Between Trial Arms 

Just as was done to analyze disparity in mean GRS, for disparity in variance in GRS we performed 1000 

iterations of sampling and randomization of trial arms for different sample sizes. Percent difference in 

variance follows a similar pattern to percent difference in mean, decreasing as sample size increases. The 

decrease of percent difference in variance as sample size increases from 200 to 1000 is significant, 

dropping from an average of 54.29% to 25.33% in significant iterations, a decrease of 28.96% (p = 2.93e-

21, 95% CI [24.76, 33.17]). (Supplementary Table 3). Average percent difference ranged from close to 0 

to over 80%. Difference in variance for the GBA cohort was also found to be high, despite only including 

3 variants. (Supplementary Table 4).  

 

Supplementary Table 3. Average % Difference in Variance in GRS 

Sample Size Average % Difference in GRS 

(CI 95%) Significant Iterations 

Average % Difference in 

GRS (CI 95%) All Iterations 

% Difference Range 

(Min – Max) 

200 54.29 (50.37 – 58.21) 21.58 (20.59 – 22.58) 0.031 – 86.00 

400 39.16 (36.11 – 42.21) 14.89 (14.20 – 15.58) 0.016 – 57.03 

600 33.52 (31.34 – 35.70) 12.47 (11.89 – 13.04) 0.006 – 51.21 

1000 25.33 (23.74 – 26.92) 9.58 (9.13 – 10.04) 0.010 – 38.62 

2000 17.43 (16.28 – 18.57) 6.85 (6.53 – 7.17) 0.020 – 28.37 

3000 14.93 (13.85 – 16.01) 5.50 (5.25 – 5.76) 0.001 – 24.43 

4000 12.13 (11.15 – 13.12) 5.06 (4.83 – 5.30) 0.001 – 21.02 

5000 11.33 (10.39 – 12.27) 4.48 (4.28 – 4.68) 0.046 – 18.66 

The average percent difference in variance in GRS between trial arms and related confidence intervals are shown 

for each sample size for both significant iterations and total iterations. Significant iterations were determined by 

Levene’s test significance (p < 0.05). Minimum and maximum percent differences found between arms for all 

1000 iterations are also shown. 

 

 

Supplementary Table 4. Average % Difference in Variance in GBA GRS 

Sample Size Average % Difference in GRS 

(CI 95%) Significant Iterations 

Average % Difference in 

GRS (CI 95%) All Iterations 

% Difference Range 

(Min – Max) 
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50 83.32 (74.22 – 92.42) 38.59 (36.71 – 40.46) 0.000 – 136.75 

100 47.37 (39.93 – 54.82) 28.96 (27.61 – 30.31) 0.000 – 117.51 

200 43.71 (37.82 – 49.60) 23.31 (22.61 – 24.36) 0.013 – 91.74 

300 35.87 (31.13 – 40.60) 19.26 (18.36 – 20.15) 0.085 – 83.87 

600 28.35 (24.81 – 31.88) 13.84 (13.21 – 14.48) 0.001 – 59.60 

700 28.22 (25.25 – 31.18) 13.53 (12.91 – 14.48) 0.022 – 46.64 

800 24.45 (21.41 – 27.48) 12.45 (11.87 – 13.02) 0.019 – 48.70 

1000 23.25 (20.61 – 25.89) 11.45 (10.95 – 11.96) 0.026 – 40.49 

2000 15.37 (13.32 – 17.41) 7.72 (7.36 – 8.08) 0.011 – 30.25 

The average percent difference in variance between GBA trial arms and related confidence intervals are shown for 

each sample size for both significant iterations and total iterations. Significant iterations were determined by 

Levene’s test significance (p < 0.05). Minimum and maximum percent differences found between arms for all 

1000 iterations are also shown. 

 

 

The Effects of Balancing Using genetic Information per Simulated Trial Sample Size 

After balancing, the pattern of decrease in GRS percent differences and variance with increasing sample 

size is still seen, however the magnitude of the differences across arms dropped substantially for all sizes 

as compared to the randomly assigned arms. Percent difference in mean GRS between arms at a sample 

size of 200 decreases significantly from 130.87% in significant iterations to 36.71%, a drop in GRS 

difference between groups of 94.16% (p = 9.7e-22, 95% CI [84.01, 104.31]) (Supplementary Table 5). 

While this is just one possible method to harmonizing trial arms, it is evidence that matching trial arms on 

genetic risk factors can allow for smaller sample sizes to be utilized in trials with less risk of false 

negatives. Component scores from the first three components of PCA were plotted to show the effect of 

balancing on the distribution of the scores across the components. The balanced trials are consolidated 

while the unbalanced trials are dispersed throughout the space, showing high variability in allele dosage. 

(Supplementary Figure 1). To further investigate differences between balanced and unbalanced cohorts, 

the component scores from a PCA built using the variant dosage status of the 47 variants for each patient 

were used as predictors in logistic models to determine classification in the treatment or placebo arm. 

Nagelkerke’s pseudo R-squared was used to approximate variance explained by the model. R-squared for 

the unbalanced cohort was 18.8%, while R-squared for the balanced was lower at 12.4%. Average percent 

difference in mean GRS and variance in GRS was calculated using all 1000 iterations. 
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Balancing the GBA cohort produced results similar to those of the larger cohort as well, with the average 

percent difference in mean GRS between arms significantly decreasing from over 18.86% to 3.38%, a 

difference of roughly 15% (p=1.5e-45, 95% CI[14.61, 16.35]). (Supplementary Table 6). 
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Supplementary Table 5. Average % Difference in Mean Balanced GRS 

Sample Size Average % Difference in GRS 

(CI 95%) 

% Difference Range (Min – 

Max) 

200 36.71 (34.77 – 38.65) 0.232 – 171.72 

400 21.16 (20.12 – 22.20) 0.003 – 199.09 

600 14.88 (14.17 – 15.59) 0.005 – 69.84 

1000 10.62 (10.11 – 11.13) 0.026 – 58.90 

2000 6.11 (5.81 – 6.41) 0.007 – 29.45 

3000 4.59 (4.37 – 4.81) 0.004 – 27.42 

4000 3.40 (3.23 – 3.56) 0.007 – 16.54 

5000 2.74 (2.60 – 2.87) 0.002 – 16.65 

The average percent difference between trial arms and related confidence intervals 

are shown for each sample size after the balancing algorithm had been applied. 

Minimum and maximum percent differences found between groups are also shown. 

These values are calculated using all 1000 iterations from each sample size. 

 

  

Supplementary Table 6. Average % Difference in Mean GBA Balanced GRS 

Sample Size Average % Difference in GRS 

(CI 95%) 

% Difference Range (Min – 

Max) 

50 3.38 (3.20 – 3.56) 0.000 – 17.72 

100 2.46 (2.33 – 2.58) 0.000 – 12.13 

200 2.00 (1.91 – 2.10) 0.000 – 10.19 

300 1.80 (1.72 – 1.89) 0.000 – 6.84 

600 1.65 (1.59 – 1.71) 0.000 – 5.62 

700 1.60 (1.54 – 1.66) 0.000 – 4.83 

800 1.60 (1.54 – 1.65) 0.000 – 4.57 

1000 1.60 (1.55 – 1.65) 0.000 – 4.99 

2000 1.55 (1.51 – 1.59) 0.003 – 3.74 

The average percent difference between GBA trial arms and related confidence 

intervals are shown for each sample size after the balancing algorithm had been 

applied. Minimum and maximum percent differences found between groups are also 

shown. These values are calculated using all 1000 iterations from each sample size. 

 

 

Genetic Heterogeneity in Terms of Heritability Estimates 

After determining difference in GRS between trial arms, we next wanted to describe this difference in 

terms of heritability estimates. As genetics cannot yet explain 100% of the variance in PD disease 

etiology, percent difference in GRS will not necessarily lead to percent difference in disease readout. The 

“ceiling” values represent the high end of the estimated genetic variance that can be balanced in clinical 
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trials, given the assumption that current genetic knowledge of PD explains a significant portion of disease 

variability. The “floor” values represent the low end of phenotypic variance estimates that can be 
balanced in clinical trials, given that the current heritability estimate of PD from GWAS is ~26.9%. By 

adjusting our estimates of cumulative genetic risk across groups by heritability (a proxy for penetrance of 

effect), we see similar trends but effects are slightly muted at small sample sizes. (Supplementary Table 

7). 

  

  

 

Supplementary Table 7. Average % Difference in Disease Readout, “Ceiling vs. 

Floor” 

Sample Size “Ceiling” Average % 
Difference in GRS (CI 95%) 

“Floor” Average % 
Difference in GRS (CI 95%)  

200 130.87 (120.89 – 140.85) 35.20 (32.52 – 37.89) 

400 108.47 (99.10 – 117.85) 29.18 (26.66 – 31.70) 

600 91.31 (85.58 – 97.05) 24.56 (23.02 – 26.11) 

1000 71.15 (66.91 – 75.39) 19.14 (18.00 – 20.27) 

2000 48.03 (45.66 – 50.40) 12.92 (12.28 – 13.56) 

3000 39.00 (37.45 – 40.56) 10.49 (10.07 – 10.91) 

4000 35.02 (33.20 – 36.84) 9.42 (8.93 – 9.91) 

5000 29.87 (28.43 – 31.31) 8.04 (7.65 – 8.42) 

The estimated range of percent difference in mean GRS between arms for each 

sample size is shown for significant iterations. Significant iterations were determined 

by Z-score cut-off scores of ± 1.96 (p < 0.05). The minimum estimated values or 

“floor” values are calculated using current heritability estimates. The maximum 
estimate values or “ceiling” values assume a 1:1 relationship with variability in 
variants associated with PD and variance in disease readout 
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