Variables 
Independent Variables: 
1. For each judge, we adjust the final score to represent deviations from the judge mean. For each applicant, we then average across all de-meaned final scores of that applicant.
2. Loan Consideration Score Mean: LoanConsideration is a binary variable equal to one if a judge recommended an applicant to be considered for a loan.  For each judge, we define a loan consideration score to represent deviations from the judge mean of the binary variable LoanConsideration. For each applicant, we then average across all de-meaned loan consideration scores of that applicant.
Dependent Variables (Y): 
Our primary outcomes of interest are: 
1. Indicator for business survival (i.e., business being open) measured in endline surveys
2. Inverse hyperbolic sine of the business’ self-reported profits measured in endline surveys
These variables that are collected in multiple survey rounds which we average across all responses for the business. 
The primary unit of our analysis is the business that applied to the initial competition. If the business is reported as closed, we assume 0 profits for the business. 
We explore two secondary units for our analysis that are of potential interest: 1) the business-owner, in which we use all business profits reported by the owner and total personal income of the business-owner, and 2) household businesses, in which we use all household business’ profits. 
Estimating Equations and Hypotheses
Eq 
Where i represents the business (or the unit of analysis), and averages the business characteristics across all survey rounds. We use robust standard errors. 
 	We test whether judges were able to identify successful businesses relative to a random targeting of businesses for the allocation of capital: 

We then expand Eq (1) to estimate the following: 
Eq 
	We test whether the applicant’s gender adds additional information for predicting business performance. 

We then explore whether the business information provided to the judges did predict future business performance, and whether female businesses perform worse on average with and without accounting for additional characteristics of their business:  
Eq  
Eq 
Eq 
where Xi is a vector of all quantifiable characteristics shown to judges when evaluating the application form.  
These three equations will be estimated using OLS and machine learning techniques. We will use our limited sample to develop algorithms using cross validation. We will compare prediction error rates across algorithms that use and omit gender information respectively (i.e., Eq 3b vs 3c). We use this approach to test the robustness of whether being a female business owner has any additional explanatory power on business performance. 
Simulations
We simulate the impact of 2 anti-discrimination policies on the targeting of businesses for allocating capital. The simulations measure the effect of increasing female representation in capital allocation on efficiency/profitability. 
One anti-discrimination policy is to prioritize female business owners, all else equal. In this context, this would be through female-business owners being given more points in their final score. 
	We calculate the gender distribution and average profit of N firms with G policy, where N is the number of top performing businesses (as measured by final score mean) that are targeted for capital and G is the number of additional points in final score mean given to female business owners. We estimate this for N = {50, 100, 150, 200, 250, 300, 350, 400, 450, 500} and G = {0, .5, 1, 1.5, 2, 2.5, …, 10}. 
We test whether the gender distribution and average profits are statistically different for each policy by estimating for each N:
Eq (4a): 
where  is the gender of the business owner or the reported profit of business i averaged across survey rounds, and  indicates whether the business was selected in the top N under policy G. For each estimation, we conduct F tests of joint significance to assess the statistical significance of any G policy.
	A second anti-discrimination policy is to have gender-based quotas. In this context, this would be a policy that enforced a given proportion of capital awards were awarded to female businesses. We calculate the gender distribution and average profit of N firms with Q policy, where N is the overall number of top performing businesses (as measured by final score mean) that are targeted for capital and Q is the proportion of those businesses that must have female owners. We estimate this for N = {50, 100, 150, 200, 250, 300, 350, 400, 450, 500} and Q = {.5, .6, .7., .8, .9, 1}, conditional on having a large enough sample of female-owned businesses. Once again, we estimate for each N:
Eq (4b): 
where  is the gender of the business owner or the reported profit of business i averaged across survey rounds, and  indicates whether the business was selected in the top N under policy Q. The omitted category will be the benchmark case of no quota policy. For each estimation, we conduct F tests of joint significance to assess the statistical significance of any Q policy.



