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2.1.3.3 Extreme Gradient Boosting (XGBoost)
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2.3.4 Moving Average Convergence Divergence (MACD)
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2.5.2 Heroku
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2.5.3 Bootstrap
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2.5.4 SQLite
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31 2.12 SQLite

2.6 MENTIUNIWARN
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1. Decision tree

DecisionTreeClassifier(ccp_alpha=9.0, class weight=None, criterion="gini',
max_depth=None, max_features=None, max_leaf_nodes=None,
min_impurity_decrease=0.0, min_impurity_split=None,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=0.0, presort='deprecated’,
random_state=None, splitter='best"')
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2. Random forest

RandomForestClassitier({bootstrap=True, ccp_alpha=8.8, class_weight=None,
criterion="gini", max_depth=None, max_features="auto’,
max_leaf nodes=None, max_samples=Hone,
min_impurity_decrease=8.8, min_impurity_split=Hone,
min_samples_leaf=1, min_samples split=2,
min_weight_fraction_leaf=8.2, n_estimators=188,
n_jobs=Hone, oob_score=False, random_state=None,
verbose=8, warm _start=False)
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3. XGBoost

XGBClassifier(base_score=8.5, booster='gbtree', colsample_bylevel=1,
colsample_bynode=1, colsample_bytree=1, gamma=8,
learning_rate=0.81, max_delta_step=0, max_depth=3,
min_child_weight=1, missing=None, n_estimators=108, n_jobs=1,
nthread=None, objective='multi:softprob', random_state=1,
reg_alpha=8, reg_lambda=1, scale_pos_weight=1, seed=None,
silent=None, subsample=1, verbosity=1)
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Precision Recall F1-Score Support
-1 0.92 0.93 0.92 2965
0 0.86 0.85 0.86 3743
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1 0.95 0.96 0.96 4470
Accuracy 0.94 11178
Macro avg 0.94 0.94 0.94 11178
Weighted avg 0.94 0.94 0.94 11178
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