Additional file 1: Description of methods
Suppose we want to combine k p-values by testing the overall null hypothesis  against the global alternative hypothesis  , where  and are the individual null and alternative hypotheses respectively, for study i (i = 1, 2, ... , k).
Logitp
The logitp function [1] combines the p-values using the variable                   
          (1)
which is the value of Student's t, where
C =   (2)
and k is the number of studies. Finally, the variable t is applied to the formula
(3)
where 𝛵 (|𝑡|, 𝑑𝑓) is the cumulative distribution function (cdf) of the distribution T with df = 2k degrees of freedom. 

Meanp
The meanp method [2] calculates a combined p-value by averaging the input p-values, converting the result to a z-score and then converting the z-score back to a p-value. The z-score is calculated as:
z =   (4)
where 𝑝̅ is the mean of the p-values, and 𝑘 is the number of p-values. The combined p-values are calculated by Eq:
 (5)
where Φ is the cumulative distribution function of normal distribution.

Fisher’s method
Fisher's method [3] is one of the most commonly used techniques for combining a set of p-values. Assuming that ∼Uniform (0, 1), it can be shown that  is distributed according to a  distribution with 2 degrees of freedom (df). A combined test statistic can then be calculated
  (6)
Since the sum of independent chi-square distributed random variables is also chi-squared distributed (with degrees of freedom equal to the sum of the degrees of freedom of the summands),  follows a chi-square distribution with df = 2k under the joint null hypothesis. Therefore, the combined p-value is calculated with the equation
    (7)
[bookmark: _Hlk179632887]where F ( , f ) denotes the cumulative distribution function of the distribution 𝛸2 (cumulative distribution function of 𝛸2 distribution) with df = f.

Stouffer’s method
The Stouffer method [4] is another well-known method for combining a set of p-values.  denotes the cumulative distribution function of normal distribution and  its inverse. Since the p-values are normally distributed under the null hypothesis, follows a normal distribution and therefore 
  (8)
is also normally distributed under the null hypothesis. It should be noted that it is used for the calculation of to give a large positive value when  is small. The combined p-value is calculated using the equation
    (9).

Weighted Stouffer’s Method
Stouffer, in order to generalized the z-score method, developed a method that weighted each experiment by sample sizes (denoted as weighted z-method) [5, 6]. The weighted Z-method exhibited increased power compared to other p-value or Z-score combining methods
 (10)
where  are the input p-values,  are the weights (default = 1),  is the inverse of the standard normal cumulative distribution function, k is the total number of p-values. A good choice for optimal weighting is to use the square root of the sample size, .

 Lancaster’s Method
Lancaster’s method generalized Fisher’s method by assigning different weights using the additivity of X2 – distribution [7]. A special case with the weights of sample sizes is implemented in this paper. In Lancaster’s method, each  is transformed to the  quantile of chi-square distribution with
 (12)
where  is the study sample size. By assigning different weights to each p-value, Lancaster’s method exhibited an increased power compared to Fisher’s method. Then, the combined p-value is calculated by the formula: 
 (13)
where  is the cumulative distribution function of the chi-square distribution with  degrees of freedom and  is i-th the study sample size.
Inverse chi-square method
Similar to Stouffer's "inverse-normal" method, in the inverse chi-square method [8] it is possible to combine the p-values with the cumulative distribution function of  distribution with one degree of freedom (𝑑𝑓 = 1) which is defined as . Therefore
  (14)
follows distribution με  with 𝑑𝑓 = 𝑘 and the combined p-value is calculated with the equation
  (15).
Binomial test
The binomial test [9] follows naturally after noting that the rejection versus non-rejection of a true null hypothesis can be viewed as a random variable distributed according to the Bernoulli distribution. with the probability of rejection denoted by 𝛼. Therefore, when 𝑘 null hypotheses are true, the number of tests leading to rejection, say 𝑟, follows a binomial distribution, i.e. .Therefore, we can calculate the combined p-value with the equation 
(16)
which gives the probability of having r or more rejections ("hits") under the common null hypothesis. Therefore, if, we reject the common null hypothesis. The binomial test can be considered as a method of testing whether there is an "excess of significant results" among the set of k tests when we assume that the common null hypothesis is true. 
Bonferroni method
The Bonferroni method [10], is usually formulated as a multiple test correction, but it is also possible to use it as a method of combining p-values. The rationale is that the common null hypothesis should be rejected if at least one of the individual null hypotheses is rejected. For this purpose, we only need to consider the smallest p-value of the tests whose p-values are to be combined. Therefore, the combined p-value shall be calculated using
  (17).
Effective number of tests
When conducting k tests that are dependent, we can think this as equivalent to a case where we are conducting a smaller number of independent tests. This “adjustment factor” ranges from one (when all tests provide the same information) to k, when they are independent and the actual number of tests will therefore be somewhere between these two extremes. Several methods have been proposed based on this idea to quantify the degree of dependence between multiple tests. All these methods start by applying PCA to Rx, the matrix of correlations between elements [11-15].is the i-th eigenvalue, such that . Cheverud (2001) and Nyholt (2004) propose to estimate the effective number of tests with
  (18)
where is the observed sample variance between the k eigenvalues. Alternatively, Li and Ji (2005) propose to calculate the effective number of tests with
  (19)
where  and ⌊.⌋ is the floor function. Another approach, described by Gao et al. (2008), estimates the effective number of tests with 
  (20)
where 𝐶 is a user-defined parameter which is usually set to 0.995 (i.e,  is the number of principal components required to take into account C × 100% of the total variance). Finally, according to Galwey (2009), the effective number of tests should be calculated by
  (21)
where.

Finally, a simple correction factor based on intraclass correlation can be applied to the standard Bonferroni method to overcome its shortcomings, but at the same time retain its advantages. An adjusted value for k, i.e. m, that incorporates the correlation of the k hypothesis controls is desirable [16],
  (22)
where k is the number of endpoints considered, and is the estimate of the intraclass correlation based on the sample. The corrected adjusted p-value equals the unadjusted. Note that when, the ICC correction factor (m) is reduced to the standard Bonferroni adjustment, i.e,
  (23)
Similarly, when,
.  (24).
In any case, we use the Bonferroni method, and we simply replace k with m and hence the combined p-value is calculated as
 (25).
Tippett’s method (MinP)
Tippett's method (also known as the Dunn-Šidák correction, based on the Dunn 1958 [17] and Šidák 1967 methods [18]) is another multiple test correction [19]. The error rate per hypothesis is defined as , which controls the overall Type I error rate in 𝛼 but is guaranteed to do so only under independence conditions. The joint null hypothesis will therefore be rejected if. Similarly, the combined p-value based on the Tippett method is given as follows
  (26).
Cauchy Distribution (CCT)
We assume that under , each ∼U(0,1), a uniform distribution between 0 and 1. Using the standard Cauchy distribution,we can first convert the p-values to
[bookmark: _Hlk182391050] (27)
for i = 1, 2, …, k. The CCT is constructed using the following statistic: where are the weights satisfying the formula   and the combined p-value is calculated as  
  (28)
where  is the observed T statistic. CCT is not preferred for combining independent p-values [20].
MinP-CCT-MinP & CCT-MinP-CCT
To incorporate the good properties from both CCT and MinP, two combined approaches have been proposed [21]. The first one is called MinP-CCT-MinP (MCM), whose p-value is calculated as follows:
  (29)
where is obtained by applying MinP to the original p-values to be combined. The second is called CCT-MinP-CCT-(CMC), whose p-value is calculated as follows:
  (30).
Harmonic Mean P-value Method (HMP)
The Harmonic Mean p-Value method controls the FWER while significantly improving statistical power by combining dependent tests using the generalized central limit theorem. The familywise error rate (FWER) is the probability of incorrectly rejecting a null in favor of an alternative hypothesis in one or more of all the tests performed. In essence, the method uses the harmonic mean of the p-values [22], 
  (31)
based on which an asymptotically accurate combined p-value can be calculated using the Landau distribution
  (32).
According to the assumptions of the generalized central limit theorem, this transformed p-value becomes more accurate as the number of tests L increases. The Landau distribution is used to calculate the combined p-value, whose density function is written
  (33).
The method is robust to positive dependence between p-values and requires no further data other than the p-values to be combined.
Empirical Brown's Method (EBM) and Kost's Method
Brown [23] extended Fisher's generalized method for the case of dependent p-values using an up-scaling distribution, . The constants represent an unscalable number of degrees of freedom 𝑓 and a scale factor 𝑐 (which is the ratio of the degrees of freedom of Fisher's and Brown's methods). Brown calculated these constants by equating the first two moments of  and resulting in
  (34)    and	  (35).
Moreover, Brown showed that the expected value and the variance of Ψ can be calculated directly through numerical integration to find the covariance, respectively 
  (36)
and
  (37).
However, numerical integration is not feasible for large data sets due to computational complexity. Kost and McDermott [24] adapted a third-degree polynomial to approximate this covariance
  (38)
where is the correlation between the random variables  and . The combined p-value is then given by 
  (39)
where  and  is the cumulative distribution function of .

Yang’s EBM extension
Yang [25] extended the EBM approach and calculated the mean and variance of the statistic 𝛵 when the marginal p-values are based on two-sided tests. We assume that the correlation test statistic for the first phenotypic trait is , where . The corresponding two-sided p-value is defined as, where 𝛷 is the standard Gaussian distribution function. Under the null hypothesis of no association, the distribution of 𝛵 is approximated by a Gaussian distribution with the mean value of 𝛵 as follows 
 (40)
and the variance of 𝛵 as

   (41)
If , we can approximate the relationship between and   where  the correlation coefficient between and using a tenth-order polynomial:
  (42)
To calculate accurately, two steps are followed to remove bias. First, since the sample correlation is not an unbiased estimator of  ,  can be estimated from the bias-corrected sample correlation:
   (43)
where  the sample size used for the calculation of the. Now, let us define the righthand side of equation (42) as follows
  (44)
The assessment is still a biased assessor of the . Thus, we propose a second step to remove the bias. Using the Taylor series expansion, we can estimate the bias as follows
  (45).
Therefore, the proposed non-biased estimator of  is
  (46).
Therefore, based on equations (41) and (46), the variance of 𝛵 can be estimated as
  (47).
Given the proposed estimators of the  and , the overall p-value of the statistic 𝛵 can be efficiently calculated using the gamma distribution function as follows:
  (48)
where  is the cumulative distribution function of the gamma distribution with shape parameterand scale parameter .

 Weighted Z-test for Correlated Tests
The weighted Z test can be easily extended to account for the case of correlated statistics between studies [26]. For the test to be valid under independence, we need an assumption that the set of {} jointly follows a multivariate normal distribution under the null hypothesis. If , the modification amounts to replacing the denominator in Equation (10) with  . The multivariate normal assumption is often justified asymptotically, and in certain situations the correlations {} are known. For example, when each {}  is a result of comparing group i of sample size  to a common “control” group of sample size  by the two-sample t -test, then
 (49)
where  is the correlation between test statistics from different studies.

Stouffer’s Method for Correlated Tests (without weights)
Stouffer’s method is generalized for dependent tests [27]. For this, we compute the combined test statistic with

and  as before, where  and  is the inverse of the standard normal cumulative distribution function [27].
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