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HE8 0.14 0.03 0.05 33 Aq 0.5 0.15 0.23 33
LPG 0 0 0 9 LPG 0 0 0 9
A2 0.62 0.56 0.59 79 27| 0.64 0.77 0.7 79
o 0 0 0 8 b 0 0 0 8
Accuracy 0.53 Accuracy 0.61

fusion matrix

Precision
LR 0.37
Ell 0
LPG 0
A37| 0.38
b 0
Accuracy

s
M

Recall Fl-score | support
0.63 0.46 78
0 0 33
0 0 9
0.35 0.37 79
0 0 8
0.37
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4. 3

from collections import Counter
import warnings
warnings.filterwarnings(action="ignore")

import numpy as np

import pandas as pd

from pandas.api.types import is_numeric_dtype

import matplotlib.pyplot as plt

from sklearn.linear_model import LogisticRegression

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis,
QuadraticDiscriminantAnalysis

from sklearn.tree import DecisionTreeClassifier, plot_tree

from sklearn.naive_bayes import GaussianNB

from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier, AdaBoostClassifier,
GradientBoostingClassifier

from sklearn.model selection import train_test split

from sklearn.metrics import classification_report

from sklearn.preprocessing import OneHotEncoder

%matplotlib inline

plt.rcParams["figure.figsize"] = (10, 10)
plt.rcParams["font.family"] = 'NanumGothicCoding'

import matplotlib.pyplot as plt

import numpy as np

import itertools

from sklearn.metrics import confusion_matrix

# Ref https://www.kaggle.com/grfiv4/plot-a-confusion-matrix
def plot_confusion matrix(y true, y pred,

target_names=None, title='Confusion matrix',
cmap=plt.get _cmap('Blues'), normalize=False, figsize=(8,6)):

given a sklearn confusion matrix (cm), make a nice plot
Arguments

cm: confusion matrix from sklearn.metrics.confusion_matrix

target names: given classification classes such as [0, 1, 2]
the class names, for example: ['high', 'medium', 'low']

title: the text to display at the top of the matrix



cmap: the gradient of the values displayed from
matplotlib.pyplot.cm

see
http://matplotlib.org/examples/color/colormaps_reference.html
plt.get_cmap('jet') or plt.cm.Blues

normalize: If False, plot the raw numbers
If True, plot the proportions

Usage
plot_confusion_matrix(cm = cm, # confusion
matrix created by
#
sklearn.metrics.confusion_matrix
normalize = True, # show proportions
target_names = y_labels_vals, # list of names
of the classes
title = best_estimator_name) # title of graph

Citiation
http://scikit-
learn.org/stable/auto_examples/model_selection/plot_confusion_matrix.html

# Compute confusion matrix
cm = confusion_matrix(y_true, y_pred)

plt.figure(figsize=figsize)

plt.imshow(cm, interpolation='nearest', cmap=cmap)
plt.title(title)

plt.colorbar()

if target_names is not None:
tick_marks = np.arange(len(target_names))
plt.xticks(tick_marks, target_names)
plt.yticks(tick_marks, target_names)

if normalize:
cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]

thresh = cm.max() / 1.5 if normalize else cm.max() / 2

for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):
if normalize:

plt.text(j, i, "{:0.4f}".format(cm[i, F1),
horizontalalignment="center",
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color="white" if cm[i, j] > thresh else "black")
else:
plt.text(j, i, "{:,}".format(cm[i, j]),
horizontalalignment="center",
color="white" if cm[i, j] > thresh else "black")

plt.tight_layout()
plt.ylabel('True label')
plt.xlabel('Predicted label')
plt.show()

from visualize import plot_confusion_matrix

DATA_PATH = 'data_modified_v3.xlsx'

df = pd.read_excel(DATA_PATH)

df = df.drop(['SEA HS '], axis='columns")

print(df.shape)
df.head()

NUMERICAL_COLUMNS = [
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CEOIZE RONEE v.1t,
OSXE H2es L Aojwe:,
YEOIZE RO v.2,

OIE REE MRS HBRRE”,
[AEE 1],

[AXOE 2],

[AXQIE 3],

#BINARY = False
TARGET_COLUMN = TARGET_COLUMNS[2]

FEATURE_NAMES = NUMERICAL_ COLUMNSJ :]
X_numerical = df[NUMERICAL_COLUMNS].values

num_categories = []
X_categorical = []
for column in CATEGORICAL_COLUMNS:
df_column = df[column]
X_column = df_column.map({value:i for i, value in
enumerate(sorted(list(set(df_column))))}).values
X_categorical.append(X_column.reshape(-1, 1))
num_categories.append(len(set(X_column)))
FEATURE_NAMES += [column + '_' + value for value in
sorted(list(set(df_column)))]
X_categorical = np.hstack(X categorical)

one_hot_encoder = OneHotEncoder()

X _categorical = one_hot_encoder.fit_transform(
X_categorical

).toarray()

assert sum(num_categories) == X_categorical.shape[1]

X = np.hstack([X_numerical, X categorical])
assert X.shape[1l] == len(FEATURE_NAMES)

# if BINARY:

# y = (df[TARGET_COLUMN].values == 4).astype(np.int32)
# else:

# y = df[TARGET_COLUMN].values

y = df[TARGET_COLUMN]
y, target_names = y.factorize()
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print(X.shape, y.shape)

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.4,
random_state=0)

Counter(y_test)
target_names

clf = DecisionTreeClassifier(max_depth=5)
y_pred = clf.fit(X_train, y_train).predict(X_test)

print(classification_report(y_test, y_pred, target_names=target_names))
plot _confusion_matrix(y test, y pred, target names=target names)

fig, ax = plt.subplots(figsize=(50, 20))
plot_tree(clf, feature names=FEATURE_NAMES, fontsize=10, ax=ax)
fig.savefig('tree.png')

clf = RandomForestClassifier()
y_pred = clf.fit(X_train, y_train).predict(X_test)

print(classification_report(y_test, y_pred, target_names=target_names))
plot _confusion_matrix(y test, y pred, target names=target_names)

cumsum_num_categories = [0] + list(np.cumsum(num_categories))

importances = clf.feature_importances_
numerical_importances = importances[:1len(NUMERICAL_COLUMNS) ]
categorical importances = []
for start_index, end_index in zip(cumsum_num_categories[:-1],
cumsum_num_categories[1:]):

categorical importances.append(sum(importances[len(NUMERICAL COLUMNS):][st
art_index:end_index]))

sum(numerical_importances) + sum(categorical_importances)

print('Numerical")
for i in np.argsort(numerical_importances)[::-1]:
print(f'{numerical_importances[i]:.3f}", NUMERICAL_COLUMNS[i])

print('Categorical’)
for i in np.argsort(categorical importances)[::-1]:
print(f'{categorical_importances[i]:.3f}', f'{num_categories[i]:3d}",
CATEGORICAL_COLUMNS[i])

clf = LogisticRegression()
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y_pred = clf.fit(X_train, y_train).predict(X_test)

print(classification_report(y_test, y_pred,target_names=target_names))
plot_confusion_matrix(y_test, y_pred,target_names=target_names)

import statsmodels.api as sm
X2 = sm.add_constant(X_train)
est = sm.OLS(y_train, X2)

est2 = est.fit()
print(est2.summary())
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