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1.8037760618760100
1.6586504454287100
1.9321965737545000
1.7631265518662500
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1.7551105562495900
1.4104997462150400
1.2049438281696400
1.2290996849160400
0.9209225312273990

» 1.2337247282332700
1.1687835069756300
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Eeature Scaling




Methods

Model X y
SVC previous 5 days prices Result
Logistic regression previous 5 days prices Result

SVR

previous 5 days prices

Transformed_Close

kNN regression

previous 5 days prices

Transformed_Close

Linear regression

previous 5 days prices

Transformed_Close

Decision Tree regression

previous 5 days prices

Transformed_Close

Date  Transformed_prev_Close 5 Transformed prev_Close_4 Transformed prev_Close_3

Transformed_prev_Close_2 ‘ Transformed_prev_Close_1 Transformed_Close

-

1.324199892826900
1.249296842612590

2006-01-31
2006-02-01

1.2624944700646300
1.5095988804653900

1.5214927715860000
1.7909560874241000

1.8014407863007600
1.8327747162173000

1.8430499643107900 = 1.6984060678917500
1.6874027165567500 | 1.7551105562495900




Logistic Regression Curve
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Confusion Matrix - Logistic Regression

True Negatives False Positives
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The logistic regression model may have a bias towards predicting one class more frequently, which can be
due to the model's inherent biases, the way it's been trained, or the features it's using
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Predicting df| Transformed_Close’]

Values

Based on the prices from
previous 5 days, using SVR
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Predicting df| Transformed_Close’]

Predicted vs Real Values

Based on the prices from s o Deeloe
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Final portfolio value: 1.2344647697510505
Final SP500 value: 1.345907192286112

Normalized Portfolio Value and Close Price Over Time
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Values
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Final portfolio value: 1.9907027253730356
Final SP50@ value: 1.345987192286112
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Predicting df[ Transformed_GClose’]

Based on the price from previous 5 days, we can also use

Decision Tree regression and kNN regression to predict closing
price for today.

Decision Tree Regression: 0.9286
KNN: 0.9486



classifiers = [
SVR(),

[
Model Comparison
KNeighborsRegressor(),

LinearRegression()

1

: il

Accuracy P Kernel": [“linear’, 'rof'], 'C': [0.01, 1, 1o0]},
{1,
{'n_neighbors': [1, 2, 3, 4]},

- Logistic Regression: 0.55 7

best_index = -1

- Decision Tree Regression: 0.9286  :ecucore - .
est_clf = None
best_params = None
- KNN " 0'9486 for i, (clf, params) in enumerate(zip(classifiers, param_grids)):
grid_search = GridSearchcV(clf, params)
- SVR: 0.9637 grid_search.fit(X_train, y_train)

score = grid_search.score(X_test, y_test)

= Linear RegreSSiOn: 0-9639 if score > best_st.:or‘e:

best_index = i

best_score = score

best_clf = grid_search.best_estimator_
best_params = grid_search.best_params_

best_score, best_clf, best_params

(©.9638652454438839, LinearRegression(), {})






Feature Importance - Logistic Regression

Feature Importance in Logistic Regression
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