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From Data to Decisions: Portfolio Topology Optimization Framework, Case Study: Automotive Industry
The article introduces an integrated optimization framework combining the Markowitz model, multi-discipline optimization, and deep learning techniques for portfolio management in the automotive industry. Leveraging advanced analytics and artificial intelligence, this framework enhances decision-making processes, maximizing returns and minimizing risks.
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Information on accessing data used in the study, including expected returns, covariance matrix, total budget, and risk aversion parameter, is provided to support the results and analyses. Details on data access, sharing, and any restrictions are included.
Data Components:
1. Expected Returns:
· Expected returns for three investment platforms: 10%, 15%, and 12%.
2. Covariance Matrix:
· Represents relationships between returns of investment platforms, including variances and covariances.
3. Total Budget:
· Allocated investment budget of $1,000,000.
4. Risk Aversion Parameter:
· Specified risk aversion parameter of 0.05 for optimizing risk and return balance.
5. Objective Functions:
· Functions maximizing return and minimizing risk based on expected returns and covariance.
6. Constraint Functions:
· Ensures adherence to budget and fully invested portfolios.
7. Optimization Method:
· Utilizes the Sequential Least Squares Programming (SLSQP) for portfolio optimization.
8. Optimization Results:
· Optimal asset weights, portfolio return, and risk approximations achieved through the optimization process.
· 


Data Model:

Components include expected returns, covariance matrix, total budget, risk aversion parameter, objective and constraint functions, optimization method, and results. The data model supports optimal investment portfolio construction, ensuring transparency and reproducibility in the analysis.import numpy as np
from scipy.optimize import minimize
# Define platform expected returns
expected_returns = np.array([0.1, 0.15, 0.12])  # Example expected returns for three platforms
# Define covariance matrix
covariance_matrix = np.array([[0.1, 0.03, 0.05],
                              [0.03, 0.12, 0.07],
                              [0.05, 0.07, 0.15]])  # Example covariance matrix
# Define total budget
total_budget = 1000000  # Example total budget for investment
# Define risk aversion parameter
risk_aversion = 0.05  # Example risk aversion parameter
# Define objective function for portfolio return
def portfolio_return(weights):
    return -np.dot(expected_returns, weights)
# Define objective function for portfolio risk
def portfolio_risk(weights):
    return np.dot(weights.T, np.dot(covariance_matrix, weights))
# Define constraint functions
def budget_constraint(weights):
    return total_budget - np.sum(weights)

def weight_constraint(weights):
    return np.sum(weights) - 1
# Define initial guess
initial_guess = np.ones(len(expected_returns)) / len(expected_returns)
# Define optimization bounds and constraints
bounds = [(0, None)] * len(expected_returns)  # non-negativity constraint
constraints = ({'type': 'eq', 'fun': budget_constraint},
               {'type': 'eq', 'fun': weight_constraint})
# Perform optimization
result=minimize(portfolio_risk, initial_guess, method='SLSQP', bounds=bounds, constraints=constraints)
# Extract optimal weights
optimal_weights = result.x
print("Optimal Weights:", optimal_weights)
print("Optimal Portfolio Return:", -result.fun)
print("Optimal Portfolio Risk:", portfolio_risk(optimal_weights))

Overall, the study integrates data-driven strategies, advanced analytics, and artificial intelligence to enhance portfolio decision-making within the automotive industry, demonstrating the effectiveness of the proposed optimization framework.
