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% Probit MLE Estimation
% Simulates and evaluates the MLE for a Probit model.

clear;
cle;

% 1. Generate Simulated Data

n = 100; % Number of observations

X =[ones(n, 1), randn(n, 1)]; % Predictor matrix (add intercept as first column)
beta_true = [1; 2]; % True coefficients

z = X * beta_true; % Latent variable

y = double(normcdf(z) > rand(n, 1)); % Binary outcomes using Probit

% 2. Define Log-Likelihood Function
logLikelihood = @(beta) -sum(y .* log(normcdf(X * beta)) + ...
(1 -y) .*log(1 - normcdf(X * beta)));

% 3. Initial Guess for Coefficients
beta0 = zeros(size(X, 2), 1); % Start with zeros

% 4. Optimization to Maximize Likelihood
options = optimset('Display', 'iter', 'TolFun', 1e-6, ‘TolX', 1e-6); % Options for fminunc
[beta_mle, neglLogLikelihood] = fminunc(logLikelihood, beta0, options);

% 5. Display Results
disp('True Coefficients:');
disp(beta_true);

disp('Estimated Coefficients (MLE):');
disp(beta_mle);

disp('Negative Log-Likelihood at MLE:');
disp(negLogLikelihood);




import numpy as np
from scipy.stats import norm
from scipy.optimize import minimize

# 1. Generate Simulated Data

np.random.seed(42)

n =100 # Number of observations

X = np.hstack([np.ones((n, 1)), np.random.randn(n, 1)]) # Add intercept as the first column
beta_true = np.array([1, 2]) # True coefficients

z = X @ beta_true # Latent variable

y = (norm.cdf(z) > np.random.rand(n)).astype(int) # Binary outcomes using Probit

# 2. Define the Log-Likelihood Function
def log_likelihood(beta, X, y):
z =X @ beta
probs = norm.cdf(z)
# Avoid log(0) by adding a small epsilon
log_likelihood =y * np.log(probs + 1e-10) + (1 - y) * np.log(1 - probs + 1e-10)
return -np.sum(log_likelihood) # Negative for minimization

# 3. Initial Guess for Coefficients
beta0 = np.zeros(X.shape[1]) # Start with zeros

# 4. Optimization to Maximize Likelihood
result = minimize(log_likelihood, beta0, args=(X, y), method='BFGS')

# 5. Extract Results
beta_mle = result.x
neg_log_likelihood = result.fun

# Display Results
print("True Coefficients:")
print(beta_true)

print("\nEstimated Coefficients (MLE):")
print(beta_mle)

print("\nNegative Log-Likelihood at MLE:")
print(neg_log_likelihood)




