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10. Accuracy result comparison

In [86]: sns.set_color_codes("muted")

sns.barplot(x='Accuracy', y='Classifier', data=log, color="b")

plt.xlabel('Accuracy %')
plt.title('Classifier Accuracy')
plt.show()
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print(classification report(y_test, y pred))
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in [14]:3

(
# Plot the correlation heatmap
sns .heatmap(df_num.corr(), cmap="¥YlGnBu", annot=True)

out[147]:

<AxesSubplot: >
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In [5]:

df.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 1158 entries, 0 to 1157
Data columns (total 8 columns):

#  Column

0 UNEMPLOYMENT RATE
1 National Unemployment_ Rate
2 Impaired Driving Incidents
3 90_RIGHT_ENERGY
4 Edmonton CMA - Working Age Population Growth
5 Edmonton CMA - Labour Force Growth
6 Edmonton CMA - Employment Growth
74 governance
dtypes: float64(7), int64(1l)
memory usage: 72.5 KB

Non-Null Count
153 non-null
153 non-null
43 non-null
387 non-null
98 non-null

98 non-null

98 non-null
1158 non-null

floaté64
float64
floaté64
floaté64
floaté64
floaté64
floaté64
int64
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import pandas as pd

data = pd.read_csv('data.csv')
mean = data.mean()

median = data.median()
standard_deviation = data.std()
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Summary statistics

In [11): df.describe()

out{11]:
Impaired e ":"_:m Edmonton  Edmonton CMA
UNEMPLOYMENT RATE National Unemployment Rate Driving 90 RIGHT ENERGY  ~WorkiP9A0®  cya - Labour - Employment  governance
Incidents Porglation  Force Growth Growth
count 43.000000 43.000000  43.000000 43000000 43000000 43,000000 43000000 43000000
mean 5546512 7.613953  443.139535 971543256 2218605 2344186 2983721 0372083
std 1020352 0381464 93738385 254800702 0858364 2092083 2720113 0.489083
min 4200000 7.100000  263.000000 461.170000 1.400000 -2.000000 -3.100000  0.000000
25% 4700000 7.300000  376.500000 £804.960000 1500000 1100000 1800000 0.000000
50% 5300000 7.500000  447.000000 914.920000 1.800000 2.800000 3700000  0.000000
75% 6.100000 7.900000  496.000000 1174.750000 2850000 3300000 4500000 1000000
max 7.700000 8400000  670.000000 1399.920000 4000000 6200000 7.600000  1.000000

Popularity of good governace accross the unemployment rate
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sns.catplot(data=df,x="governance",y="90_ RIGHT ENERGY",
kind="violin"). set (title='"Use of solar panels by governance')

<seaborn.axisgrid.FacetGrid at 0x26¢27614b80>

<Figure size 864x576 with @ Axes>
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In [1]:

Importing the packages

import numpy as np # for multi-dimensional containers
import pandas as pd # for DataFrames
import crayons as cr

from

tabulate import tabulate

import matplotlib.pyplot as plt
plt.style.use('classic')
imatplotlib inline

import seaborn as sns

£rom

from
from
£rom
from

sklearn import linear model

sklearn.model_selection import train_test_split
sklearn.preprocessing import StandardScaler

sklearn.neighbors import KNeighborsClassifier

sklearn.metrics import classification_report, confusion matrix

sns.set(style="white", color_codes=True)

import warnings # current version of seaborn generates a bunch of warnings that we'll

warnings.filterwarnings("ignore")

ignore
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In [2]: df= pd.read_excel("data.xlsx")

df.head()
Out(2]: Impaired Edmonton CMA- Edmonton CMA  Edmonton CMA -

UNEMPLOYMENT _RATE National_Unemployment_Rate Driving 90_RIGHT_ENERGY Working Age - Labour Force Employment governance
Incidents Population Growth Growth Growth

0 71 84 454.0 895.67 18 13 -16 1

1 12 84 517.0 875.08 17 04 -19 0

2 75 83 468.0 1077.25 16 -0.7 -31 0

3 77 83 632.0 824.25 16 -04 29 0

4 74 82 464.0 1197.25 15 -02 -0.7 1

In [3]: df.keys()

Out[3]: Index(['UNEMPLOYMENT RATE', 'National Unemployment Rate',
'Impaired Driving Incidents', '90_RIGHT_ENERGY',
'Edmonton CMA - Working Age Population Growth',
'Edmonton CMA - Labour Force Growth',
'Edmonton CMA - Employment Growth', 'governance'],
dtype="'object ")
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import requests

url = "https://raw.githubusercontent.com/yourusername/yourrepo/master/data.csv"

response = requests.get(url)

data = response.text
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from sqlalchemy import create_engine

engine = create_engine('sqlite:///data.sqlite’)
query = SELECT * FROM datal
data = pd.read_sql_query(query, engine)
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Logistics Regression

from sklearn.linear _model import LogisticRegression

classifier = LogisticRegression()
classifier.fit(X_train, y train)

y_pred = classifier.predict(X_test)

# Summary of the predictions made by the classifier
print(classification_report(y_test, y pred))
print(confusion matrix(y_test, y_pred))

# Accuracy score

from sklearn.metrics import accuracy_score
print('accuracy is',accuracy_score(y_pred,y_test))

precision recall fl-score support

0 0.62 0.56 0.59 9

1 0.20 0.25 0.22 4

accuracy 0.46 13

macro avg 0.41 0.40 0.41 13

weighted avg 0.49 0.46 0.48 13
[15 4]
[3 111

accuracy is 0.46153846153846156
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Support vector Machine's

n [84]: from sklearn.svm import SVC

classifier = SVC()
classifier.fit(X_train, y train)

y_pred = classifier.predict(X_test)

# Summary of the predictions made by the classifier
print(classification_report(y_test, y_pred))
print(confusion matrix(y_test, y_pred))

# Accuracy score

from sklearn.metrics import accuracy_score
print('accuracy is',accuracy_ score(y pred,y test))

precision recall fl-score support

0 0.69 1.00 0.82 9

i 0.00 0.00 0.00 4

accuracy 0.69 13

macro avg 0.35 0.50 0.41 13

weighted avg 0.48 0.69 0.57 13
[[9 0]

[4 0]1]

accuracy is 0.6923076923076923
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Decision Tree

[n [78]: from sklearn.tree import DecisionTreeClassifier
classifier = DecisionTreeClassifier()
classifier.fit(X_train, y_train)

y_pred = classifier.predict(X_test)

# Summary of the predictions made by the classifier
print(classification_report(y_test, y_pred))
print(confusion matrix(y_test, y_pred))

# Accuracy score

from sklearn.metrics import accuracy_score
print('accuracy is',accuracy_score(y_pred,y_ test))

precision recall fl-score support

0 0.71 0.56 0.63 9

1 0.33 0.50 0.40 4

accuracy 0.54 18

macro avg 0.52 0.53 0.51 13

weighted avg 0.60 0.54 0.56 13
[[5 4]
[2 2]]

accuracy is 0.5384615384615384
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In [80]:

Bernouli Naive Bayes

from sklearn.naive_bayes import BernoulliNB
classifier = BernoulliNB()
classifier.fit(X_train, y train)

y_pred = classifier.predict(X_ test)

# Summary of the predictions made by the classifier
print(classification_report(y_test, y pred))
print(confusion matrix(y_test, y pred))

# Accuracy score

from sklearn.metrics import accuracy_score
print('accuracy is',accuracy_score(y_pred,y_test))

precision recall fl-score support

0 0.69 1.00 0.82 9

1 0.00 0.00 0.00 4

accuracy 0.69 13

macro avg 0...35 0.50 0.41 13

weighted avg 0.48 0.69 0.57 13
[r9 0]
[4 0]]

accuracy is 0.6923076923076923
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9. Model Evaluation

In [85]: from sklearn.metrics import accuracy_ score, log_loss
classifiers = [
LogisticRegression(),
DecisionTreeClassifier(),
BernoulliNB(),
SVC().,
]

# Logging for Visual Comparison
log_cols=["Classifier", "Accuracy", "Log Loss"]
log = pd.DataFrame(columns=log_cols)

for clf in classifiers:
clf.fit(X_train, y train)
name = clf. class__._ name
print("="*30)
print(name)

print('****Results****')

train_predictions = clf.predict(X_test)

acc = accuracy_score(y_test, train predictions)
print("Accuracy: {:.4%}".format(acc))

log_entry = pd.DataFrame([[name, acc*100, 11]], columns=log_colg

log = log.append(log_entry)

print("="%30)

LogisticRegression
****Results**x*
Accuracy: 46.1538%

DecisionTreeClassifier

****Results**x**
Accuracy: 53.8462%

BernoulliNB
****Results****
Accuracy: 69.2308%

SsvC
**%k*Regults***x*x
Accuracy: 69.2308%
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In [60]:

out[60]:

In [61]:

In [62]:

out[62]:

df.isnull().sum()

UNEMPLOYMENT_RATE

National Unemployment Rate

Impaired Driving Incidents

90_RIGHT_ENERGY

Edmonton CMA - Working Age Population Growth
Edmonton CMA - Labour Force Growth

Edmonton CMA - Employment Growth

governance

dtype: int64

df=df.dropna()

df.isnull().sum()

UNEMPLOYMENT_RATE

National Unemployment Rate

Impaired Driving Incidents

90_RIGHT_ENERGY

Edmonton CMA - Working Age Population Growth
Edmonton CMA - Labour Force Growth

Edmonton CMA - Employment Growth

governance

dtype: int64

1005
1005
1115

771
1060
1060
1060

cocococococoo
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In [74]: from sklearn import preprocessing
from sklearn import utils

X = df.iloc[:, :-1].values # X -> Feature Variables
= df.iloc[:, -1].values # y -> Target

~
I
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In [67]:

scaler = StandardScaler()
scaler.fit(X_train)

X _train = scaler.transform(X train)
X _test = scaler.transform(X_test)
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In mathematical notation, the logistic regression model can be expressed as:

P(Y = 1|X1,X2, ...,Xp) = O'(ﬂ() —|— ,81X1 + ﬂQXz + + ,Bpo)
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