
 

Finding the Parameters of the Model: 

Finding the parameters of a model in data analytics typically involves a process 

called model training or model fitting. The parameters of a model are values 

that the model uses to make predictions or classify data. The specific approach 

to finding these parameters depends on the type of model you are using. Here's 

a general overview: 

 

1. Choose a Model: First, you need to select the type of model that is 

appropriate for your data and the problem you're trying to solve. This 

could be linear regression, decision trees, neural networks, support vector 

machines, or any other suitable algorithm. 



 

2. Define the Objective Function: The objective function, also known as 

the loss function or cost function, quantifies how well the model's 

predictions match the actual data. This function depends on the model's 

parameters and is used to measure the model's performance. 

3. Optimization: The process of finding the model's parameters involves 

optimization. The goal is to find the parameter values that minimize the 

objective function. Common optimization algorithms include: 

 Gradient Descent: This is a popular iterative optimization 

technique used for updating model parameters in a direction that 

reduces the objective function. 

 Stochastic Gradient Descent (SGD): A variant of gradient 

descent that updates parameters using a random subset (mini-

batch) of the training data at each iteration. 

 Conjugate Gradient, L-BFGS: Other optimization methods that 

can be more efficient for certain types of models and objective 

functions. 

4. Initialization: You typically start with initial values for the model's 

parameters. The choice of initialization can impact the optimization 

process and the quality of the final model. 

5. Iterative Process: The optimization algorithm iteratively updates the 

model's parameters. During each iteration, it computes the gradient of the 

objective function with respect to the parameters and adjusts the 

parameter values accordingly. 



6. Convergence: The optimization process continues until a stopping 

criterion is met. This could be a predefined number of iterations, a 

threshold on the change in the objective function, or other convergence 

criteria. 

7. Validation: Throughout the training process, you should also monitor the 

model's performance on a validation set to prevent overfitting. If the 

model starts performing poorly on the validation set, it may be necessary 

to stop training or apply regularization techniques. 

8. Testing: Once you have trained the model, you can evaluate its 

performance on a separate testing dataset to assess how well it 

generalizes to new, unseen data. 

9. Hyperparameter Tuning: In addition to finding the parameters of the 

model, you may need to tune hyperparameters (e.g., learning rate, 

regularization strength) to optimize the model's performance further. This 

is typically done using techniques like grid search or random search. 

 


