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Unstable methods can have their accuracy improved by, n
combining, that is, generate multiple versions of the predictor by perturbing
the training set or construction method, then combine these multiple versions
into a single predictor. TS
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Hyperparameters to Increase the Predictive Power

n_estimators: Number of trees the algorithm builds before averaging the predictions.
max_features: Maximum number of features random forest considers splitting a node.
mini_sample_leaf: Determines the minimum number of leaves required to split an internal node.
criterion: How to split the node in each tree? (Entropy/Gini impurity/Log Loss)

max_leaf_nodes: Maximum leaf nodes in each tree

Hyperparameters to Increase the Speed

n_jobs: it tells the engine how many processors it is allowed to use. If the value is 1, it can use only one

processor, but if the value is -1, there is no limit.

random_state: controls randomness of the sample. The model will always produce the same results if it has

adefinite value of random state and has been given the same hyperparameters and training data.

oob_score: OOB means out of the bag. It is a random forest cross-validation method. In this, one-third of
the sample is not used to train the data; instead used to evaluate its performance. These samples are called

out-of-bag samples.
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To better understand stability and instability and what bagging and arcing
do, we define the concepts of bias and variance for classifiers in Section 2. The
difference between the test set misclassification error for the classifier and
the minimum error achievable is the sum of the bias and variance. Unstable
classifiers such as trees characteristically have high variance and low bias.
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