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ABSTRACT

Subijects receiving the same vaccine often show different levels of immune responses and some may
even present adverse side effects to the vaccine. Systems vaccinology can combine omics data and
machine learning techniques to obtain highly predictive sighatures of vaccine immunogenicity and
reactogenicity. Currently, several machine learning methods are already available to researchers with
no background in bioinformatics. We propose a data-driven machine learning model to predict the
likelihood of a person being vaccinated against HIN1 and seasonal flu. In 2009, a pandemic that was
caused by the HIN1 influenza virus, named "swine flu", spread like wildfire across the world.
Researchers and Healthcare specialists estimated that in the initial year, it was responsible for between
150,000 to 600,000 deaths in the whole world. A vaccine against the HIN1 (swine flu) virus was made
available in October 2009. | have mainly used Logistic Regression Algorithm.
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CHAPTER-1

INTRODUCTION

What is Machine Learning?

Machine learning (ML) is a type of artificial intelligence (Al) that allows software applications to become
more accurate at predicting outcomes without being explicitly programmed to do so. Machine learning
algorithms use historical data as input to predict new output values. Recommendation are a common
use case for machine learning. Other popular uses include fraud detection, spam filtering, malware
threat detection, business automation (BPA) and predictive maintenance.

Why is machine learning important?

Machine learning is important because it gives enterprises a view of trends in customer behavior and
business operational patterns, as well as supports the development of new products. Many of today's
leading companies, such as Facebook, Google and Uber, make machine learning a central part of their
operations. Machine learning has become a significant competitive differentiator for many companies.

Machine Learning History

» A machine that is intellectually capable as much as humans has always fired the imagination
of writers and also the early computer scientist who were excited about artificial intelligence
and machine learning, but the first machine learning system was developed in the 1950s.

» In 1952, Arthur Samuel was at IBM. He developed a program for playing Checkers. The
program was able to observe positions at the game and learn a model that gives better
moves for the machine player. The system played many games with the program and
observed that the program was able to play better in the course of time with getting more
experience of board games. Samuel coined the term machine learning and he defined
learning as a field of study that gives computers the ability without being explicitly
programmed.

» In 1957, Rosenblatt proposed the perceptron. Perceptron is the simple neural network unit;
it was a very exciting discovery at that time. Rosenblatt made the following statement; the
perceptron is designed to illustrate some of the fundamental properties of intelligent systems
in general without becoming too deeply immersed in the special and frequently unknown
conditions, which hold force particular biological organisms.

» But after 3 years, came up with the delta learning rule that is used for learning perceptron.
It was used as a procedure for training perceptron. It is also known as the least square
problem. The combination of these ideas created a good linear classifier. However, the work
along these lines suffered a setback when Minsky in 1969 came up with the limitations of
perceptron. He showed, that the problem could not be represented by perceptron and such
inseparable data distributions cannot be handled and following



What are the different types of ML?

Classical machine learning is often categorized by how an algorithm learns to become more accurate

in its predictions. There are four basic approaches:supervised learning, unsupervised learning, semi-
supervised learning and reinforcement learning. The type of algorithm data scientists choose to use
depends on what type of data they want to predict.

Supervised Unsupervised

Supervised learning: In this type of machine learning, data scientists supply algorithms with
labeled training data and define the variables they want the algorithm to assess for correlations.
Both the input and the output of the algorithm is specified.

Unsupervised learning: This type of machine learning involves algorithms that train on
unlabeled data. The algorithm scans through data sets looking for any meaningful connection.
The data that algorithms train on as well as the predictions or recommendations they output are
predetermined.

Semi-supervised learning: This approach to machine learning involves a mix of the two
preceding types. Data scientists may feed an algorithm mostly labeled training data, but the
model is free to explore the data on its own and develop its own understanding of the data set.
Reinforcement learning: Data scientists typically use reinforcement learning to teach a
machine to complete a multi-step process for which there are clearly defined rules. Data
scientists program an algorithm to complete a task and give it positive or negative cues as it
works out how to complete a task. But for the most part, the algorithm decides on its own what
steps to take along the way.

Types of
Learning

Semi -

Supervised Reinforcement

Fig 1.1: Types of Learning


https://searchenterpriseai.techtarget.com/definition/data-scientist
https://searchenterpriseai.techtarget.com/feature/Using-small-data-sets-for-machine-learning-models-sees-growth
https://searchenterpriseai.techtarget.com/definition/reinforcement-learning

SUPERVISED MACHINE LEARNING:

In supervised learning, models are trained using labelled dataset, where the model learns about
each type of data. Once the training process is completed, the model is tested on the basis of test data
(a subset of the training set), and then it predicts the output.

Types of Supervised Machine Learning Algorithm:

Supervised learning can be further divided into two types of problems:

Classification
(defined Labels)
Supervised
Learning

Regression
(no Labels defined)

FIG 1.2: Supervised

Classification

The Classification algorithm is a Supervised Learning technique that is used to identify the category of
new observations on the basis of training data. In Classification, a program learns from the given
dataset or observations and then classifies new observation into a number of classes or groups. Such

as, Yes or No, 0 or 1, Spam or Not Spam, cat or dog, etc. Classes can be called as targets/labels or
categories.

In classification algorithm, a discrete output function(y) is mapped to input variable(x).
The best example of an ML classification algorithm is Email Spam Detector.

The main goal of the Classification algorithm is to identify the category of a given dataset, and these
algorithms are mainly used to predict the output for the categorical data.

In the below diagram, there are two classes, class A and Class B. These classes have features that
are similar to each other and dissimilar to other classes.
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FIG 1.3: CLASSIFICATION

Logistic Regression

Logistic Regression is a Machine Learning algorithm which is used for the
classification problems, it is a predictive analysis algorithm and based on the
concept of probability.



Logistic Regression

LA L E R R X RN L N

Predicted Y lies within
0 and 1 range

FIG 1.4: LOGISTIC

Logistic regression is a classification algorithm used to assign observations to a discrete set of classes.
Some of the examples of classification problems are Email spam or not spam, Online transactions Fraud
or not Fraud, Tumour Malignant or Benign. Logistic regression transforms its output using the logistic

sigmoid function to return a probability value.

What are the types of logistic regression?

1. Binary (e.g. Tumor: Malignant or Benign)

2. Multi-linear functions fails Class (e.g. Cats, dogs or Sheep's)



CHAPTER-2

AIM AND SCOPE OF THE PRESENT INVESTIGATION:

AlIM:

The aim of the project is to predict how likely it is that the people will take an H1IN1 flu
vaccine using Logistic Regression. Training logistic regression model with MLE and SGD for

prediction and finding out which model get the highest accuracy is the scope of the project.

SCOPE:

» Training logistic regression model with Maximum likelihood estimation and Stochastic
gradient descent for prediction
> Finding out which model gets the highest accuracy is the scope of the project.



CHAPTER-3

EXPERIMENTAL OR MATERIALS AND METHODS, ALGORITHMS USED

VACCINE USAGE PREDICTION

Overview:

» The aim of the projectis to predict how likely it is that the people will take an HLN1 flu vaccine
using Logistic Regression.

« Training logistic regression model with MLE and SGD for prediction is the scope of the
project.

+ Supervised Machine learning has been used to predict the accuracy rate.

Requirements:

To build the machine learning model, the main thing needed is the datasets .The dataset that
are used for the prediction are listed below:

DATASET INFORMATION:

Column Description
unique_id Unique identifier for each respondent
hinl worry \Worry about the hinl flu(0,1,2,3) 0=Not worried at all, 1=Not very

worried, 2=Somewhat worried, 3=Very worried

hinl_awareness Signifies the amount of knowledge or understanding the respondent

has about hlnl flu - (0,1,2) - 0=No knowledge, 1=little knowledge,
2=good knowledge

antiviral_medication Has the respondent taken antiviral vaccination - (0,1)

Has avoided any close contact with people who have flu-like

contact_avoidance
symptoms - (0,1)




bought_face_mask

Has the respondent bought mask or not - (0,1)

wash_hands_frequently

\Washes hands frequently or uses hand sanitizer -
(0,1)

avoid_large_gatherings

Has the respondent reduced time spent at large
gatherings - (0,1)

reduced_outside_home_cont

Has the respondent reduced contact with people
outside their own house - (0,1)

avoid_touch_face

IAvoids touching nose, eyes, mouth - (0,1)

dr_recc_hlnl vacc

Doctor has recommended h1lnl vaccine - (0,1)

dr_recc_seasonal_vacc

The doctor has recommended seasonalflu vaccine
B (011)

chronic_medic_condition

Has any chronic medical condition - (0,1)

cont_child_undr_6_mnth

Has regular contact with child the age of 6 months -
(0,1)

is_health_worker

Is respondent a health worker - (0,1)

has_health_insur

Does respondent have health insurance - (0,1)

is_hlnl_vacc_effective

Does respondent think that the hlnl vaccine is
effective - (1,2,3,4,5)- (1=Thinks not effective at all,
2=Thinks it is not very effective, 3=Doesn't know if
it is effective or not, 4=Thinks it is somewhat
effective, 5=Thinks it is highly effective)

is_h1nl_risky

\What respondents think about the risk of getting ill
with hinl in the absence of the vaccine-
(1,2,3,4,5)- (1=Thinks it is not very low risk,
2=Thinks it is

somewhat low risk, 3=don’t know if it is risky or not,
4=Thinks it is a somewhat high risk, 5=Thinks it is

\very highly risky)




sick_from_h1nl_ vacc

Does respondent worry about getting sick by taking the
h1lnl vaccine - (1,2,3,4,5)- (1=Respondent not worried at
all, 2=Respondent is not very worried, 3=Doesn't know,
4=Respondent is somewhat worried, 5Respondent is very
worried) -

is_seas_vacc_effective

Does respondent think that the seasonal vaccine is
effective- (1,2,3,4,5)- (1=Thinks not effective at all,
2=Thinks it is not very effective, 3=Doesn't know if it

is effective or not, 4=Thinks it is somewhat effective,
5=Thinks it is highly effective)

is_seas_flu_risky

\What respondenst think about the risk of getting ill with
seasonal flu in the absence of the vaccine- (1,2,3,4,5)-
(1=Thinks it is not very low risk, 2=Thinks it is somewhat
low risk, 3=Doesn't know if it is risky or not, 4=Thinks it is
somewhat high risk, 5=Thinks it is very highly risky)

sick_from_seas_vacc

Does respondent worry about getting sick by taking the
seasonal flu vaccine - (1,2,3,4,5)- (1=Respondent not
worried at all, 2=Respondent is not very worried,
3=Doesn't know, 4=Respondent is somewhat worried,
5Respondent is very worried)

age_bracket

IAge bracket of the respondent - (18 - 34 Years, 35 - 44
Years, 45 - 54 Years, 55 - 64 Years, 64+ Years)

Quialification/education level of the respondent as per

qualification ‘
their response -(<12 Years, 12 Years, College Graduate,
Some College)
race Respondent's race - (White, Black, Other or Multiple
,Hispanic)
sex Respondent's sex - (Female, Male)
income_level Annual income of the respondent as per the 2008 poverty

Census - (<=
75000—-AbovePoverty,>
75000—-AbovePoverty,>75000, Below Poverty)

marital_status

Respondent's marital status - (Not Married, Married)




housing_status Respondent's housing status - (Own, Rent)

Respondent's employment status - (Not in Labor Force,

employment
Employed, Unemployed)

Residence of the respondent with the MSA(metropolitan
statistical area)(Non-MSA, MSA- Not Principle, CityMSA-
Principle city) - (Yes, no)

census_msa

Number of adults in the respondent's house (0,1,2,3) -

no_of adults
(Yes, no)

Number of children in the respondent’'s house(0,1,2,3)

no_of children
- - (Yes, No)

Dependent variable)Did the respondent received the hlnl

hlnl_vaccine i
vaccine or not(1,0) - (Yes, No)

TABLE 1.5: DATASET

METHODOLOGY:

e |IMPORTING ALL THE NECESSARY LIBRARIES:

NUMPY
MATPLOTLIB
SEABORN
PANDAS
SKLEARN

agrwONE

e DATA ANALYSIS:

Data analysis is the first step to do the project because data exploration is very important to
know the inputs. Data Analysis is the process of inspecting, cleansing, transforming, and
modelling data with the goal of discovering useful information by informing conclusions and
supporting decision making.

1. GRAPHS:

They are used to represent, find, analyse, and optimize connections between elements.
Ex: Bar graph, Heat map
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10

0.8

0.6

Fig 1.6: BAR GRAPH

10 1

0.8 -

0.6 4

04 -

0.2 1

0.0 -
employmastttl_syablifchitome devslifionsimg stattdce  seXage bracket

FIG 1.7: BAR GRAPH 2

= Bar graphs are used to compare things between different groups or to track
changes over time.
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FIG 1.8: HEAT MAP

= Heatmap is defined as a graphical representation of data using colors to visualize
the value of the matrix

2. DATA CLEANING:

Removing null records, dropping unnecessary columns, treating missing values,
rectifying junk values or otherwise called outliers, restructuring the data to modify it to a more
readable format, etc is known as data cleaning.

DATA PREPROCESSING:

Data pre-processing is a process of preparing the raw data and making it suitable for a
machine learning model. It is the first and crucial step while creating a machine learning model.

When creating a machine learning project, it is not always a case that we come across the
clean and formatted data. And while doing any operation with data, it is mandatory to clean it
and put in a formatted way. So for this, we use data pre-processing task.

A real-world data generally contains noises, missing values, and maybe in an unusable format
which cannot be directly used for machine learning models. Data pre-processing is required
tasks for cleaning the data and making it suitable for a machine learning model which also
increases the accuracy and efficiency of a machine learning model.
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1. Changing the datatype:
Dividing the data into categorical and numerical data subsets and then converting it into
categorical data and then into numerical data. so as to convert them into the machine-readable
form. Machine learning algorithms can then decide in a better way how those labels must be
operated. It is an important pre-processing step for the structured dataset in supervised learning.
Then merge the data subsets into one dataset.

2. Extracting dependent and independent variables:

In machine learning, it is important to distinguish the matrix of features (independent variables)

and dependent variables from dataset. In our dataset, there are independent variables that
are no of adults, no of children and one is a dependent variable which is hlnl vaccine.

e Extracting independent variable:

To extract an independent variable, we will use iloc[ ] method of Pandas library. It
is used to extract the required rows and columns from the dataset.

X= data_set.iloc[:,:-1].values
In the above code, the first colon(:) is used to take all the rows, and the second
colon(:) is for all the columns. Here we have used :-1, because we don't want to take

the last column as it contains the dependent variable. So by doing this, we will get
the matrix of features.

e Extracting dependent variable:
To extract dependent variables, again, we will use Pandas .iloc[] method
y= data_set.iloc[:,3].values

Here we have taken all the rows with the last column only. It will give the array of
dependent variables.

3. Dummy Variables:

Dummy variables are those variables which have values 0 or 1. The 1 value gives the presence
of that variable in a particular column, and rest variables become 0. With dummy encoding, we
will have a number of columns equal to the number of categories.

In our dataset, we have 3 categories so it will produce three columns having 0 and 1 values.
For Dummy Encoding, we will use OneHotEncoder class of pre-processing library.

13



Splitting the Dataset into the Training set and Test set

In machine learning data preprocessing, we divide our dataset into a training set and test set. This is
one of the crucial steps of data preprocessing as by doing this, we can enhance the performance of our
machine learning model.

Suppose, if we have given training to our machine learning model by a dataset and

we test it by a completely different dataset. Then, it will create difficulties for our model
to understand the correlations between the models.

If we train our model very well and its training accuracy is also very high, but we
provide a new dataset to it, then it will decrease the performance. So we always try
to make a machine learning model which performs well with the training set and also
with the test dataset. Here, we can define these datasets as:

<« Dataset >

Training Set Test Set

FIG 1.9: DATASET

Training Set: A subset of dataset to train the machine learning model, and we already know the
output.

Test set: A subset of dataset to test the machine learning model, and by using the test set, model
predicts the output.

For splitting the dataset, we will use the below lines of code:

1. from sklearn.model_selection import train_test_split
2. Xtrain, Xtest, ytrain, ytest= train_test_split(X, y, test_size= 0.2)

Explanation:

In the above code, the first line is used for splitting arrays of the dataset into random train and
test subsets.

Xtrain: features for the training data
Xtest: features for testing data
ytrain: Dependent variables for training data

ytest: Independent variable for testing data

YV V VYV V V

In train_test_split() function, we have passed four parameters.

14



which first two are for arrays of data, and test_size is for specifying the size of the test set. The test_size

maybe .5, .3, or .2, which tells the dividing ratio of training and testing sets

4. Analyzing Several Models on the Dataset:

% Import logistic regression from sklearn library and train the model and predicted the class

labels for Xtest and ytest.

< Then from sklearn.metrics we have to import:

CLASSIFICATION_REPORT: It gives the precision, recall, f1 score and support from
the ytest and ypred.

EX.

° print(sklearn.metrics.classification report(ytest,ypred))

precision recall f1-score  support

[} 0.85 9.95 @.98 4196

1 .68 9.40 ©.50 1146

accuracy 9.83 5342
macro avg 0.76 0.67 ®.78 5342
weighted avg @.81 2.83 8.81 5342

FIG 2.1: REPORT

CONFUSION_MATRIX: to evaluate the accuracy of a classification.
ACCURACY_SCORE: In multilabel classification, this function computes subset

accuracy: the set of labels predicted for a sample must exactly match the

corresponding set of labels in y_test.

Then find the default logistic regression accuracy score of the train and test
set.

Then by logistic regression using:

Maximum likelihood Estimation (MLE): isa frequentist approach for
estimating the parameters of a model given some observed data.

Stochastic gradient descent (SGD): is an optimization algorithm often used in
machine learning applications to find the model parameters that correspond to the
best fit between predicted and actual outputs.

15



5. COMPARE THE VARIOUS MODELS:

Build the models.

Spot check the algorithms.

Evaluate each model in turn.

Make predictions on the validation set.

At last find out which model has the highest accuracy rate in prediction.

16



CHAPTER- 4

RESULTS AND DISCUSSION, PERFORMANCE ANALYSIS

Result:
I have predicted by logistic regression that 4651 people have not vaccinated and 691 people

have got vaccinated.

[ ] Vaccinators = pd.DataFrame(ypred) #@-has taken ,1-has not taken
Vaccinators.value counts()

% 4649
1 693
dtype: inte4

FIG 2.2: RESULT

ANALYSIS:

By comparing various other models, | have found out that logistic regression and support vector
machine gave the highest accuracy rate during the prediction.

Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear model.html#logistic-regression

extra warning_msg=_ LOGISTIC_ SOLVER_CONVERGENCE_MSG)

LR: ©.834635 (0.006828)

LDA: ©.831920 (0.807474)

KNN: ©.805476 (0.006011)

CART: ©.747999 (©.005492)

NB: ©.6909990 (©.011495)

SVM: ©.833746 (©.005830)

DecisionTree: @.751182 (9©.807319)

Random Forest: 0.833044 (0.007227)

FIG 2.3: ANALYSIS

17



CHAPTER-5

SUMMARY AND CONCLUSION

So, by using logistic regression and various other machine learning models we can predict how likely
the person will take an HIN1 flu vaccine. Training logistic regression model with MLE and SGD for the
prediction. Various datasets have been taken as the inputs to get the most accuracy rate. | got the
highest accuracy rate in logistic regression and random forest models.

REFERENCES:

Panda, N.; Majhi, S.K. How effective is the salp swarm algorithm in data classification. In
Computational Intelligence in Pattern Recognition; Springer: Singapore, 2020; pp. 579-588.

APPENDIX

A. SCREENSHOTS

TOPIC: Predict how likely it is that the people will take an HT1N1 flu vaccine using

-

Logistic Regression

IMPORTIMNG ALL THE NECESSARY LIBRARIES FOR VACCINE PREDICTION

[ 1 import pandas ss pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import sklearn

[ 1 data = pd.read_csv{'/content/hlnl_vaccine_prediction.csv")

@ cdsta.dtypes

intes

floatsd

floats4d

antiviral_medication floats4d
contact_avoidance floats4d
bought_face_mask Floatsd
wash_hands_frequently Floatsd
avoid_large gatherings Floatsd
reduced_outside_home_cont Floatsd
avoid_touch_face Floatsd
dr_recc_hlnl_wacc Floatsd
dr_recc_seasonal_wvacc Floatsd
chronic_medic_condition Floatsd
cont_child_undr_&_mnths Floatsd
is_health_worker Floatsd
has_health_insur Floatsd
is_hlnl_wacc_effective Floatsd
is_hinl_risky Floatsd
sick from hinl_wacc Floatsd
is_seas_wacc_effective Floatsd
is_seas risky Floatsd
sick from seas_wacc Floatsd
sge_bracket object
gualification object
race object
sex object
income_lewel object
marital_status object
housing_status object
employment object
rensus msa nhdert

18



Index(["hlnl_worry ',

"contact_avoidance',
"@woid_large_gatherings', 'reduced_outside_home_cont’,

sawvoid_touch_face”,
schronic_medic_conditien®,
sis_health_worker®,

tis_PAndl_riskyt,
cis_seas_risky,
"no_of_children®,

dtype

Create data subsets

cbiect)

*hlnl_swarensss',
‘bought_face_mask', 'wash_hands_freguently”,

housing status object
employment object
census_msa object
no_of_adults Floatsd
no_of_children Floatsd
hlnl_waccine intea
ctwype: object
[ 1 data = data.drop{columns=["'unique_3id" ]}
L1 data.coclumns
Index(["hinl_worry', "hlnl_awareness', ‘'antiviral_medication’',
"contact_avoidance', "bought face mask', "wash_hands_freguently”,
"awvoid_large_gatherings', ‘reduced_outside_home_cont®,
"awvoid_touch_face®, ‘dr_recc_hlnl_wvacc', 'dr_recc_seasonal_wacc”,
"chronic_medic_condition®, "cont_child_undr_&_mnths",
"is_health_worker®, °"has_heslth_insur’, ‘is_hilnl_wacc_effective-,
"is_pinl_risky ', "sick_from_hlnl_wvacc', ‘'is_seas_wvacc_seffectiver,
"is_sess_risky', "sick_from_seas_vacc', ‘'age_bracket', ‘qualification”,
"race', '‘sex', ‘income_lewel', 'marital_status’', "housing_status',
"employment', 'census _msa', 'nmo_of adults', "nmo_of children”,
"hinl _waccine"].
dtype="object "}
[ 1 data_category_column = data.columns[data.dtype ‘object®] #which of the columns| are category tyope
[ 1 data_numeric_column = data.columns[data.dtypesl="object"] #which of the columns are of numeric type
[ 1 print({dats_category_column) #Names of category columns
Index(["age_bracket”, ‘gualification’, ‘race’, 'sex’, ‘"incoms_lewvel’.,
"marital_status', 'housing_status', 'employment', 'census_msa'],
dtype="object"}
[ 1 print{dsats_numeric_column) #Mames of numeric columns

‘antiviral_medication’,

‘dr_recc_hlnil_wacc', '"dr_recc_seasonal_wacc®,
"cont_child _undr_6_mnths",

‘has_health_insur
"sick_from_hilnl_wvacc
“sick_from_ssas_vacc®

S, "dis _nhilnl_wacc_effectiwer,
, "is_seas_wacc_effective’,
. "no_of_adults”,

*hlnl_wvaccine' ],

° data_category = data[data_category_column] #Category data

[1]

[1]

[1]

[1]

[1]

data_numeric = data[data_numeric_column] #Numeric data

data_category.shape

(26707, )

data_numeric.shape

(26707, 24)

data_category.head()

ES R N]

age_bracket

55 - B4 Years
35 - 44 Years
18 - 34 Years

65+ Years
45 - 54 Years

qualification
<12 Years

12 Years

College Graduate
12 Years

Some College

data_numeric.head()

aowoN

.-

hinil_worry hinl_awareness

1.0
3.0
10
1.0
20

0o
20
10
1.0
1.0

race
White
White
White
White
White

sex
Female
Male
Male
Female

Female

income_level marital_status housing_status employment census_msa
Below Poverty Not Married Own Not in Laber Force Non-MSA
Below Poverty Mot Married Rent Employed MSA, Net Principle City

<= $75,000, Above Poverty Not Married Own Employed MSA, Not Principle
Below Poverty Not Married Rent Notin Laber Force MSA, Principle City

<= $75,000, Above Poverty Married Qwn Employed MSA, Mot Principle City

antiviral_medication

0.0
0.0
0.0
0.0
0.0

contact_avoidance bought face _mask wash_hands_frequently avoid large gatherings

0.0 0.0 0.0 0.0
1.0 0.0 1.0 0o
10 0.0 00 00
1.0 0.0 1.0 1.0
1.0 0.0 1.0 1.0
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1.0
1.0
0.0
0.0
0.0



Check for missing data

data_category.isnal}.sum().sert_values(ascending=False)

income_lewvel 4423
housing_status 242
emplaoyment 1463
maritzl_status 14238
qualification 1487
census_msa =]
sex =]
race °
sg=_bracket =]

dtype: intcd

data_numeric.isna().sum{}.sort_walues(ascending—False)

has_health_insur 12274
dr_recc_hlnl_vacc 2160
dr_recc_sessonal wacc 2168
chronic_medic_condition Eret
cont_child_undr_6_mnths 828
is_heslth_worker s@1
sick_from_seas_wacc 537
is_ seas_risky S1a
is_sess_vacc_sffective 462
sick_from_hilnl wacc EESS
is_hlnl_vacc_effective EERS
is hinl risky s88
no_of_children 249
no_of_adults 249
contact_awvoidance 2@8
swold_touch_face 128
hlnl_swarensss 116
hlnl_worry oz
swvoid_large satherings 87
reduced_outside home_cont 52
sntiviral_medication 71
wash_hands_freguently a4z
bought_face_mask 19
hlnl waccine e

dtype: inted

Categorical imputation using lambda x:x_ fillna(x.value_counts().index[0])

data_clean_category = data_category.apply(lambda x:

data_clean_category =—

data_category .apply(lambda >:

x.Fillna(x.walue_counts().index[@]1)}

. Fillma(x.valus_counts().index[@]X)

data_clean_category.isna().sum{).sort_values(ascending=False)

C> census _msa @
employment a
housine_status @
marital_status a
income_lewel a
sex a
race a
gualification @
=g=_bracket a
dtype: intéa

[ 1 data_clean_ category.dtypes
=ge_bracket onject
qualification object
race onject
sex obje=ct
income_lewel ooject
marital status object
housing_status object
employment onject
census_msa object
gtype: object

use a loop to canwvert all object columns to category

L 1 For column in data_clean_category.columns:

data_clean_category[column] =

[ 1 data_clean_category.dtypes
sge_bracket category
gualification category
race category
sex category
income_ lewel category
marital_status category
housing_status cat=gory
employment category
census_msa cat=gory
dtype: object

[ 1 data_clean_category.head()

20
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@ data_clean_category.head()

C- age_bracket qualification
0 55-64Years <= 12Years
1  35- 44 Years 12 Years

2 18-34 Years College Graduate
3 55+ Years 12 Years

4 45 -54 Years Some College

race
WWhite
White
White
White

White

sex
Female
Male
Male
Female

Female

income_level marital_status

Below Poverty

Below Poverty

== $75,000, Above Poverty

Below Poverty

== §75,000, Above Poverty

Mot Married
Mot Married
Mot Married
Mot Married

Married

housing_status

Cwmn
Rent
Cwn
Rent
Qwn

employment

Mot in Labor Force
Employed
Employed

Mot in Labor Force

Employed

census_msa

Non-MSA

MSA, Not Principle City
MSA, Not Principle City
MSA, Principle City

MSA, Not Principle City

Numeric columns missing value imputation

[ ] data_numeric.head(}

hinl_worry hinl _awareness

] 10
1 3.0
2 1.0
3 1.0
4 20
4

[ ] data_numeric.dtypes

hlnl worry
hlnl_swareness
antiviral_medication
contact_avoidance
bought_face_mask
wash_hands_frequently
avoid_large_satherings
reduced_outside_homs_cont
avoid_touch_face
gr_recc_hlnl_vacc
cr_recc_seasonal_vacc
chronic_medic_condition
cont_child_undr_6_mnths
is_health_worker
has_health_insur

e RAnl sare effactioa

0.0
2.0
1.0
1.0
1.0

floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4
floats4

£1nataa

antiviral_medication

0.0
0.0
0.0
0.0
0.0

contact_avoidance

0.0
1.0
1.0
1.0
1.0
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0.0
0.0
0.0
0.0
0.0

bought_face mask wash_hands_frequently avoid_large_gatherings

0.0
1.0
0.0
1.0
1.0

0.0
0.0
0.0
1.0
1.0

+ Code —— + Text

reduced_outside_home_cont

1.0
1.0
0.0
0.0
0.0



=

is_seas_vacc_effective

i=_seas_risky Floatsd
sick_from_seas_wvacc Ffloatsd

no_of_adults floatsd
no_of_children Floztsd

hlnl_waccine ints4

dtype: object

data_clean_numeric = data_numeric.apply(lambda x:

data_clean_numeric.head{}

hinl_worry hinl_awareness

A e w N Ao

Ffloatsd

1.0 0.0
3.0 2.0
1.0 1.0
1.0 1.0
2.0 1.0

data_clean_numeric.isna{).sum()

hlnl_worry
hlnl_awarensss
antiviral_medication
contact_avoidance
bought_face _mask
wash_hands_freguently
avoid_large_gatherings
reduced_outside_home_cont
svoid_touch_face
dr_recc_hlml_wacc
dr_recc_seascnal_wacc
chronic_medic_condition
cont_child_undr_6_mnths
i=_health_workesr
has_health_insur
is_hilnl_vacc_effective
is_hinl_risky
sick_from_hlnl_vacc
is_seas_vacc_effective
iz _seas_risky
sick_from_seas_wvacc
no_of_adults
no_of_children
hlnl_waccine

dtype: int6a

no_of_children
hlnl_waccine
dtype: int64

data_clean_numeric.dtypes

hlnl_worry
hlnl_swareness
agntiviral_medication
contact_avoidance
bought_face_mask
wash_hands_frequently
avodid_large_ gatherings
reduced_outside_home_cont
avoid_touch_face
dr_recc_hlnl_wacc
dr_recc_seasonal_wacc
chronic_medic_condition
cont_child_wundr_& mnths
is_health_worker
has_health_insur
is_hlnl_vacc_effective
i=_hinl_risky
sick_from_hlnl_wacc
isz_sess_wvacc_effective
is_seas_risky
sick_from_seas_wacc
no_of_adults
no_of_children
hlnl_waccine

dtype: ocbject

PEOERORPRERIRRERRERRRRDR

floatsd
Floatsd
floatsd
Floatsd
floatsd
Floatsd
floatsd
Floatsd
floatsd
Floatsd
floatsd
Floatsd
floatsd
Floatsd
floatsd
Floatsd
floatsd
Floatsd
floatsd
floats4
Floatsd
floats4
Floatsd

intsg

x.Fillna(x.value_counts(}.index[@]})

antiviral_medication

0.0
0.0
0.0
0.0
0.0

contact_avoidance

0.0
1.0
1.0
1.0
1.0

data_clean_numeric = data_clean_numeric.astype(’category ')

data_clean_numeric.head{)

hinl_worry hinl_ awareness antiviral medication

o 1.0
1 3.0
2 10
3 1.0
4 2.0
A

data_clean_numeric["hlnl_worry'].value_counts{)

2.@ 12567

0.0
2.0
1.0
1.0

1.0

0.0
0.0
0.0
0.0

0.0

contact_avoidance
1]
1.0
1.0
1.0
1.0

bought_face_mask

0.0
0.0
0.0
0.0
0.0

wash_hands_freguently

bought_face_mask

0.0
0.0
0.0
0.0

0.0

0.0
1.0
0.0
1.0
1.0

wash_hands_freguer
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° data_clean_numeric["hlnl_worry '] .walue_counts{)

C 2.9 18557
1. 28153
3. A4591
a@.e 3296
Mame: hlnl_worry, ditype: inted
L 1 category_count = data_clean_ category.column=s.waluse_counts{)}

L 1 =ns . barplot{category_count.index,category_count.wvalues ,alpha=a.9)
plt.show()

SusrSlocal FlibSpython3 . 7 dist-packages fseaborn/_decorators.py:43: Futureklarnin
Futurekarning

10

o8

D =ns.barplot{numeric_count.index,numeric_count.values,alpha=a.9)}
plt.show(}

— Susrslocalslibspython3 . 7o dist-packagess seaborn/ _decorators . py 123 : FuturekWlarning: Pass the
Futurekarning

10

o8

s, cont

.|
L 1 data_clean_category .columns
Index({[ "age_bracket”, "qgqualification®", '"race"', 'sex", "income_lewvel",

"marital_status', 'housing_status', ‘employment’, ‘census_msa”].
dtype="object )

C 1 data_clean_numeric.columns

Index([ "hlnl_worry®, "hlnl_aswareness”®, ‘"antiwviral medicatiocn’,
"contact_awvoidance', 'boughit_Fface _mask', "wash_hands_freguently”,
"awvoid_large_gatherings"', 'reduced_outside_home_cont”®,
"awoid_touch face', "dr_recc_hlnl_wacc', 'dr_recc_seasonal wacc®,
"chronic_medic_condition®, “cont_child wundr_ & _mnths ",
"is_health_worker', "has_health_insur®, ‘'is_hilnl_wacc_effectiwve”,
"is_hilnl_risky ", "sick_from_hlnl_vwvacc"', 'is_seas_wvacc_effective~,
"is_seas_risky ", "sick_from_seas_wvacc', 'no_of_adults ',
"no_of_children®, “hlnl_wvaccine" 1,

dtyvpe="object ")

[ 1 data_clean_category.dtyvpes

age bracket category
gualification category
race category
Sex category
income lewel category
marital status category
housing_status category

23



census_msa category
ctype: object

data_clean_numeric.dtypes

hinl_worry category
hlnl_swareness category
antiviral medication category
contact_avoidance category
bougnt_face mask category
wash_hands_frequently category
avoid_large gatherings category
reduced_outside_home_cont category
avoid_touch face category
gr_recc_hlnl_vacc category
Gr_recc_sessonal_vacc category
chronic_medic_condition category
cont_child_undr_6_mnths category
is_health_worker category
has_health_insur category
is_hlnl_vacc_sffective category
is_hinl_risky category
sick_from_hlnl_vacc category
is_sess_vacc_effective category
is_seas_risky category
sick_from_seas_vacc category
no_of_adults category
no_of_children category
hilnl_vaccine category

dtype: object

[ 1 data_clean_category

age_bracket qualification race sex income_level marital_status housing_status employment census_msa
0 55 - 64 Years =12 Years White Female Below FPoverty Mot Married Own Notin Labor Force Non-MSA
1 35 - 44 Years 12 Years White Male Eelow Poverty Mot Married Rent Employed MSA, Not Principle City
2 18- 34 Years College Graduate White Male ==§75,000, Above Poverty Mot Married Own Employed MSA, Not Principle City
3 65+ Years 12 Years White Female Below Poverty Mot Married Rent Notin Labor Force MSA. Principle City
4 45 - 54 Years Some College White Female ==3§75,000, Above Poverty Married own Employed MSA, Not Principle City
26702 65= Years Some College White Female <==$75,000, Above Poverty Mot Married Own  Notin Labor Force MNon-MSA
26703 18- 34 Years College Graduate White Male == §75,000, Above Poverty Mot Married Rent Employed MSA, Principle City
26704 55 - 64 Years Some College White Female ==$75,000, Above Poverty Mot Married Own Employed MSA, Not Principle City
26705 18- 34 Years Some College Hispanic Female == 3%75,000 Above Poverty Married Rent Employed Non-MSA
26705 18- 34 Years Some College Hispanic Female == §75 000, Above Poverty Married Rent Employed Mon-MSA
26706 65+ Years Some College White Male ==§75,000. Above Poverty Married Own Not in Labor Force MSA, Principle City
26707 rows = 9 columns
data_clean_category['age_bracket'] = data_clean_category['age bracket'].cat.codes

data_clean_category[ 'gualification'] =data_clean_category[ qualification’].cat.codes
data_clean_category[ ' rece’ ]J=data_clean_category[ race’].cat.codes
data_clean_category[ ' sex’ ]=data_clean category['sex'].cat.codes

data_clean_category[ ' income_level® ]=data_clean_category['income_level'].cat.codes
data_clean_category[ 'marital_status’]=data_clean_category[ 'marital status’].cat.codes

data_clean_category[ housing_status’ ]J=data_clean_category[ housing_status'].cat.codes
data_clean_category[ ' employment ' ]=data_clean_category['emsloyment’].cat.codes
data_clean_category['census_msa'] = data_clean_categoryl'census_msa'].cat.codes

data_clean_category.head()

age_bracket qualification race sex income_level marital status housing status employment census_msa

] 3 1 3 0 2 1 ] 1 £
1 1 a 3 1 2 1 1 o a
2 (1] £ 3 1 0 1 ] 0 (1]
3 4 o 3 0 2 1 1 1 1
4 2 3 3 o o o o o (1]

data_clean_numeric.isna(}.sum()

hlnl_worry
hlnl_awareness
antiviral_medication
contact_avoidance
bought_face _mask
wash_hands_frequently
avoid_large_gatherings
reduced_outside_home_cont
avoid_touch_face
dr_recc_hlnl_vacc

RO
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L T L T W AT
avoid_touch_face
dr_recc_hlnl_ wvacc
dr_recc_seasonal_wacc
chronic_medic_condition
cont_child_wundr_&_mnths
i=_health_worker
has_health_insur
is_hlnl_wvacc_effective
is_hinl_risky
sick_Ffrom_hlnl_wacc

i= =seas _wacc_effective
is_seas_risky
sick_Ffrom_seas wacc
mo_of_adults
mo_of_children
hlnl_waccine

dtwpe: intes

data_clean_numeric = data_clean_numeric.apply{lambda x:

GEOEPERERRERRRRODE

data_clean_numeric.isna{).sum()

hlnl_worry
hlnl_awareness
antiviral_medication
contact_awoidance
bought_face_mask
wash_hands_fregquently
swvolid_large_gatherings
reduced_outside_home_cont
awvold_touch_face
dr_recc_hlnl_vacc
dr_recc_seasonal_wacc
chronic_medic_condition
cont_child wundr_&_mnths
is_health_worker
has_health_insur
is_hinl_wacc_effective
is_hilnl_risky
sick_+from_hlnl_wacc
is_seas_wvacc_effective
iz =seas_risky
sick_from_seas_wacc
no_of_adults
no_of_children
hlnl_wvaccine

ditype: int&d

sick from_hlnl wacc

is sess_wacec_effective
is sess_risky
sick_from_seas_wvacc
no_of_adults
no_of_children

hlnl waccime

dgtype: intsa

DEROEEIRERERRREIRRREROER

OP0R000

print(typel(data_clean_category))

print{tyvpe{data_clean_numsricl))

<class "pandas.core.frame.DataFrame">
<class "pandas.core.frame.DataFrams">

rMerging all data

Imtegrating category data with numeric data

L1
L1
L1

covid _data = pd.concat([data clean_category,data_clean_numeric],

covid_data.head()

age_bracket qualification

L] 3

1 1

2 (]

3 4

4 2

-«

® = cowid_data.iloc[:,:-1]
v = cowid_data.iloc[:.,-11

».shape,y.shape

((267@7, 32), (26787,)3)

® = pd.get _dummies{X)

1

w amn o

outer

race

Wow oW w

o 8 =

imcome_lewvel

z

2
o
2
o

25

marital_status

1

1
1
1
o]

housing_status

(o]

QO = 0 =

*®.Fillna{x.wvalue_counts{).index[&]))

employment
1

[=IEE I =R =]

ce



age_bracket gualification race sex dincome_level marital_status

o 3 1 3 0
1 1 0 3 1
2 0 2 3 1
3 4 0 3
4 2 3 3

sns . heatmap (X)

2

[=TR % B = T ¥

<matplotlib.axes._subplots.AxesSubplot at @x7fa3l94b34dex

avoid_large_gatherings 0.0

avoid_touch_face 0.0 -

dr_recc_seasol

£
=
E
'
w

bought_face mask 0.0 -

cont_child_uni

covid = pd.concat([X,y],axis=1)

covid.head()

age_bracket gqualification race sex

0 3 1 3
1 1 0 3
2 0 2 3
3 4 0 3
4 2 3 3

5 rows = &1 columns

type(covid)

pandas.core.frame.DataFrames

¥ = cowid.iloc[:,:-1].values #features
v = cowid.iloc[:,-1].values #targst

X,yv,X.shape,v.shape

(array([[3, 1, 3, .. @, 8, 9],
» @ 3, ..., 8, 8, @],

e, 2, 3, ..., 8, 8, ejl,

]

[3. 3, 3, -, 9, 8, 2],

[e., 3, 1, -, 9, 8, 2],

[4, 3, 3, ..., 8, 8, @]],
[e, @, @, 8, @, ..., @, 8, 8, 8, @]
Length: 26787
Categories (2, ints4): [8, 1],

(26707, 88),
(26787,))

- 40

income_lewvel

dtype=intl6),
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[ =TV I = )

1
1

housing_status

marital_status

1
1

o
1

employment

housing_ status

V]
1

1

0
0

census_msa

employment

1

o
1]

2
0

hinl_worry_@.8 hinl_wo

census_msa

2
Q

o

o o o o

hinl_worry_@.



Lategories (£, 1ntoa4): (e, 1],
(26787, 80),
(26787,))

Splitting the data

[ 1 from sklearn.model_selection import train_test split

Xtrain,Xtest,ytrain,ytest = train_test_split(X,y,test_size-8.2)

[ 1 Xtrain.shape,Xtest.shape,ytrain.shape,ytest.shape

((21365, 28), (5342, 28), (21365,), (5342,))

[ 1 from sklearn.linear_model import LogisticRegression

[ 1 model = LogisticRegression()

[ 1 model

LogisticRegression(C=1.8, class_weight=None, dual=False, fit_intercept=True,
intercept_scaling=1, 11_ratio=None, max_iter=18e@,
multi_class="auto’, n_jobs=Mone, penalty=-"12",
random_state=None, solver='lbfgs', tol=2.8881, verbose=8,
warm_start=False)

[ 1 model.fit(Xtrain,ytrain}

Jusrflocal/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:%4@: Convergencelarning: lbfgs failed to converge (status=1):
STOP: TOTAL NO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:

https://scikit-learn.org/stable/modules/preprocessing.html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear model.html#logistic-regrassion

extra_warning_msg=_LOGISTIC_SOLWVER_CONVERGENCE_MSG)
LogisticRegression(C=1.8, class_weight=None, dual=False, fit_intercept=True,
intercent scaline=1. 11 ratio=MNone. max iter=16@.

intercept_scaling=1, 11 _ratio=None, max_iter=18&,
multi class="auto’', n_jobs=Mone, penalty="12",
random_state=None, solver='lbfgs', tol=8.0881, wverbose=0.
warm_start=False)

[ 1 ypred = model.predict(Xtest)

[ 1 wpred

array([©, 8, 8, ..., &, 8, B])

ytest
[e¢. &, &, B, &, ..., 8, 1, @, 8, 8]
Length: 5342
Categories (2, inte4): [, 1]
[ 1 AFrom sklearn import model selection
from sklearn.metrics import classification_report

from sklearn.metrics import confusion_matrix
from sklearn.metrics import accuracy_score

[ 1 print(sklearn.metrics.classification_report{ytest.ypred)})

precision recall Ffil-score support

=] a.85 .95 a.9a 4187

i a.7e a.4a @.51 1155

accuracy a.83 5242
macro avg a.78 a.68 a.71 5342
weighted avg .82 @.83 @.82 5342

27



o Vaccinators = pd.DataFrame(ypred)
Vaccinators.value_counts()

[ 6 4677
1 665
dtype: int6d

print('Default Logistic Regression Accuracy Training Score',model.score(Xtrain,ytrain))
print('Default Logistic Regression Accuracy Test Score’,model.score(Xtest,ytest))

Default Logistic Regression Accuracy Training Score 8.8367423355956803
Default Logistic Regression Accuracy Test Score 8.8333857319356847

Logistic Regression using MLE

[ 1 covid.shape #Checking records and variables

(26707, 81)

import statsmodels.api as sm

fusr/local/1lib/python3.7/dist-packages/statsmodels/tools/_testing.py:19: Futurebarning: pandas.util.testing is deprecated. Use the functions in the public API at pandas.testing instead.
import pandas.util.testing as tm

from statsmodels.formula.api import logit #ie want to use Logistic Regression in StatsModels

covid_float = covid.astype('float’) #statsmodels require dataset to have float values

X =covid_fleat.ilec[:,:-1]

y = covid float.iloc[:,-1]

[ 1 print(sklearn.metrics.confusion_matrix(ytest.ypread))

[[3287 28]
[ see 4a65]]

L 1 print({sklearn.metrics.accuracy_score(ytest,ypred))

8.82239573123556847

L 1 accuracy = (4841+444%/(4041+226+621+444)
accuracy

8.829573192355684642

[ 1 model.coef_ #hWeights or coefficient

array([[ @.19928558, 8.01209893, 2.07441697, 2.151e4742, -2.0842478 ,
-8.18147597, -©.86354807, 2.83592878, 2.04865588, e.11758761,
8.82445273, -8.88748@852, -8.2255690478, -8.1297981 , -8.18546599,
a.e8419314, -8.158286%99, -8.82877597, -8.88433422, -8.826872873,
-&.185499a87, @.81443511, -8.8979321 , -@.87313885, @.82526819,
-&.19627114, -6.86942641, -&.18164255, -&.11237712, -@.B5868583,
-1.18741129, @.02524244 , @.15877286, -©.22983C21, -€.12346851,
-8.84755245, -8.212299688, @.84193392, -8.47718146, 8.38683851,
-8.18272218, 8.81165922, -9@.7@a8l12916, -@.64738562, -©.22111854,
8.31477875, 1.829279162, -9.82512616, -@.3455111 8.82822751,
@.35805949, @.6e428731, @.1634285 , -@.1@859282, -©.44747236,
e.e77573e4, @.14400868, -©.22462897, -©.32531553, ©.293546738,
-@.el113585 , 2.09668531, -©.48893528, -€.11161e37, 2.18534512,
8.e7541286, a.16e872472, 8.24474892, @8.12943588, -9.48268896,
@.e350885 , -8.89756728, -8.82704875, -8.83285612, -8.868322668,
-&.85163934, @.8e8944811, -@.8348752 , -2.849468325, -@.89896952]])

[ 1 model.intercept_

array({[-2.285848557)
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© nrle_model = logit("y~x",covid_float,).fit()

[» Warning: Maximum number of iterations has been exceaded.
Current function value: 9.382266
Iterations: 35
fusr/local/lib/python3.7/dist-packages/statsmodels/base/model.py:512: Convergencellarning: Maximum Likelihood optimization failed to converge. Check mle_retvals
"Check mle_retvals", CenvergenceWarning)

print(mle_model.summary())

Jusr/local/lib/python3.7/dist-packages/statsmodels/base/model.py:1286: RuntimeWarning: invalid value encountered in sgrt
bse_ = np.sqrt(np.diag(self.cov_params()))
Logit Regression Results

Dep. Variable: ¥  No. Observations: 26787
Model: Logit  Df Residuals: 26649
Method: MLE  Df Model: 57
Date: Fri, @5 Nov 2821 Pseudo R-squ.: 8.26088
Time: 11:88:13  Log-Likelihood: -16289.
converged: False  LL-Null: -13813.
Covariance Type: nonrobust  LLR p-value: 0.000

coef std err z P>|z| [@.825 @.975]
Intercept -8.1726 nan nan nan nan nan
x[e] @.11ae7 0.817 6.788 9.0600 2.e78 8.143
X[1] 9.0232 0.818 1.228 8.187 -0.0e11 @.es58
X[2] 9.0664 0.822 3.802 6.ee3 @.823 a.11e
X[3] 9.1639 0.838 4.326 9.0600 2.028 @.238
x[4] @.0e60 0.828 9.216 ©8.829 -9.849 @.e61
X[5] -8.1435 0.858 -2.881 6.884 -8.241 -0.0846
X[6] -9.0601 0.849 -1.226 8.220 -8.156 2.836
Xx[7] 9.0312 0.824 9.932 ©8.351 -8.0824 @.e87
X[8] 9.0382 0.822 1.754 68.a79 -8.884 0.e81
x[9] ©.1849  4.13e+85 2.54e-87 1.08600 -8.99e+05 8.89%2+85
x[10] ©.9214  4.03e+05 5.23e-08 1.eee -8e+85 8e+85
X[11] -8.07a83 4.9e+05 -1.43e-87 1.8e8 -9.61e+05 9.612405
x[12] -9.2285 3e+@5 -7.62e-87 1.08600 -5.88e+05 5.88e+85
x[13] -@.1365 2.822+04 -1.47e2-86 1.eee -1.742+05 1.742405
X[14] -8.1e18 2.44e405 -4.18e-87 1.8e8 -4.77e+05 4.772405
x[13] 8.8597 nan nan nan nan nan
x[16] -0.1891 7.12e405 -2.66e-07 1.eee -1.39e+06 1.392406
X[17] 9.0154 8.87e+05 2.84e-88 1.eee -1.58e+06 1.582406
vr1o1 a asan . . . nan .
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x[18] -2.8648 nan

X[12] -@.1886 nan
X[28] -2.19@6 65.762+85
X[21] 2.81792 5.272+85
X[22] -@.1020 nan
X[23] -8.87086 nan
X[24] 9.9142 2.2e+06
X[25] -8.1869 2.22e+86
X[26] -8.8645 nan
X[27] -@.1882 nan
X[28] -@.1113 nan
X[22] -8.0613 nan
X[38] -1.8919 2.97e+B6
X[31] 9.9193 2.95e+06
X[32] ©.1448 2.74e+06
X[33] -8.3166 2.502+B86
X[34] -@.1267 nan
X[35] -2.0458 nan
X[36] -@.2137 1.132+B86
X[37] 9.9411 1.1e+86
X[38] -8.4933 1.26e+06
X[32] ©.3287 1.25e+86
X[48] -@.1873 1.91e+84
X[41] 2.8146 65.92e+B4
X[42] -@.5981 1.982+86
X[432] -@.7278 2.8224+86
X[44] -@.2283 2.81e+86
X[45] 9.2811 1.97e+86
X[46] 1.1085 1.98e+86
X[47] -@.8878 nan
X[48] -@.3857 nan
X[49] -@.e478 nan
X[58] 2.3598 nan
X[51] 8.5281 nan
X[52] ©.1993 2.4e+06
X[53] -8.9720 2.42e+06
X[54] -@.5418 2.40+66
X[55] 2.1178@ 2.4424+86
X[56] 2.1249 2.41e+86
X[57] -@.2389 nan
X[58] -8.2964 nan
®[48] -e.1873 1.91e+04
X[a1] ©.0146 6.02e+04
X[az2] -2 .5981 1.92e+86
X[a3] -e.7278 2.0822+06
®[a4] -e.2283 2.81e+06
X[45] @.2811 1.97e+06
X[as5] 1.1885 1.98=2+06
xX[27] -e.8078 nan
x[as2] -e@.3es7 nan
x[49] -©.8470 nan
x[58] @.3508 nan
®[51] a.6281 nan
X[52] ©.19903 2.4e+86
X[52] -2.av7za 2.42=4+006
X[54] -@.5418 2.4e+86
®[55] a.1178 2. 442406
X[56] @.1249 2.41e+06
®[57] -e@.2380 nan
®[52] -8 .2064 nan
X[52] ©.3222 nan
x[66] -e.8277 nan
X[61] 2.8681 nan
X[ez2] -a.5354 1.81=e+86
X[63] -e.1167 1.83e+06
*[64] @.2275 1.782+06
X[65] e.0903 1.83e+06
X[esa] 2.1617 1.85=24+006
X[67] @.2443 nan
x[62] @.1180 nan
®[69] -@.4a54a nan
xX[78] 2.8643 nan
®[71] —e.1548 nan
X[72] -e.e355 2.662+06
X[7=2] -a.e842 2.65=2+06
X[74] -e.e512 2.63e+06
X[75] -2.a817 2.684=24+006

nan

nan
-2.82e-@7
2.86e-88
nan

nan
§.46e-a9
-8.42=-a8
nan

nan

nan

nan
-3.68e-7
3.11e-@7
5.25z-@8
-1.222-87
nan

nan
-1.9e-@7
3.74e-a8
-3.91e-@7
2.57e-a7
-9.82e-86
2.12e-@7
-3.82e-@7
-3.61le-@7
-1.13e-@7
1.43e-a7
5.57e-e7
nan

nan

nan

nan

nan
S.3e-88
-2.98e-88
-2.26e-87
4.792-88
5.18e-@8
nan

nan

1.43e-@7
5.57e-87
namn
nan

5.18e-@8
nan

nan

nan

nan

nan
-2.96e-87
-6.36e-98
1.28e-87
4.93e-088
B.76e-88
nan

nan

nan

nan

nan
-1.24e-98
-1.59e-89
-1.294e-98

namn
namn
1.e66
1.eaa
namn
nan
1.ea6
1.ea8
namn
namn
namn
namn
1.eaa
1.ea6
1.ea8
1.888
namn
namn
1.eaa
1.eaa
1.ea6
1.ea8
1.888
1.e86a
1.e66
1.eaa
1.eaa
1.eaa
1.ea8
namn
namn
namn
namn
namn
1.eaa
1.ea6
1.888
1.e86a
1.e66
namn
namn

1.ea8
1.228

nan

man
man
-1.32e+86
-1.23e+86
man
man
-4.21le+84
-4.35e+086
man
man
man
man
-5.82e+86
-5.79%e2+84
-5.38Be+06
-5 .88a+06
man
man
-2.21e+B6
-2.15e+86
-2.47e+846
-2.452+085
-3.742+04
-1.36e+85
-3.8%e+06
-3.85e+B6
-3.25e+86
-3.80e+06
-3.87e+06
man
man
man
man
man
-4.71le+84
-4.742+84
-4 _71le+06
-4 _78e+86
-4.73e+B86
man
man

-3 .74de+04
-1.35e+085
-3 .8%=+856
-3.95e+06
-3.95e+86
-3.86e+05
-3 .87e+85

nan
nan
nan
nan
nan

-4 . Fle+0s
-4.74e+85
-4 .7le+845
-4 .78e+85
-4 .73e+85

nan
nan
nan
nan
nan

-3.55e+86
-3 .56e+06
-3 .492+85
-3.5%9e+056
-3 .5622+85

nan
nan
nan
nan
nan

-5.21e+85
-5.19e+86
-5 .16e+05
-5 .18e+85

nan
narn
1.322+86
1.232486
nan
nan
4.31e+86
4.352406
narn
narn
narn
nan
5.82e+86
5.7%2+86
5.382+4086
5.88e+06
narn
narn
2.21=24886
2.152+86
2.472+086
2.45240806
3.7424+084
1.362+85
3.8024+86
3.952486
3.952+086
3.86e+086
3.872406
narn
narn
narn
nan
nan
4.71e+86
4.742+806
4. 71e+86
4_78e+06
4.732e4+06
nan
nan
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[

print{mle_model.summary2())

a.261
28534 .3752
21239 . 55a7F
-lazac.
-1281=.
a.eeee
12308

e.azes
228076 .3129
288176 .529689
968911 . 6721
L27638 .8698
1748044 . 8347
477347 2248
nan

1394725 .6181
1582241 .9167
nan

nan

1324478 .3828
1225836.7871
nan

nan
43145281767
4347152 .5284
nan

nan

an

nan

nan

5819728 .1558
S7O08296.5251
5375575.7156
S@84385 .8959
nan

nan
2287936.5224
2152777 .8511
2470397 .58686
2448019 . 2528
27252 .8724
135573 .8445
3887544 .5535
2951197 .1465
3945844 . 1928
38612132286
2872488 .7427
nan

nan

nan

nan

nan
47861687 . 9874
4742296 . 2208
4785842 . 9661
4781435 .2211
4728188 .5182
nmnan

nmnan

nan

nan

nmnan

2545681 .87054
3595585 .4784
3492646 .9412
2588548 .4722
36l7248.912@
nmnan

nan

nan

nmnan

Results Logit

Model: Logit Pseudo R-squared:
Dependent Wariable: » ALC:
Date: 20821-11-25 11:28 BIC:
Mo. Obserwvations: 267a7 Log-Likelihood:
DFf Model: 57 L-Muwll:
DFf Residuals: 26649 LLR p-wvalue:
Conwverged : a.a32e2 Scale:
Mo. Iterations: IS .ge2a

Coef. Std.Err. -4 Px=|=z| [e.825
Intercept -©.172&6 nan nan nan nan
x[e] e.i11e7 2.2165 S.7eg82 o.e00a 2.a7a3
L[] e.8232 e.al75 1.3200 @.1868 -8.al12
x[=2] ©.86641 e.a221 T.eels @.2227 8.a@231
x[=] B.1639 B.8279 4.2262 @.2908 e.as97
x[4a] 2.0062 2.gaz2sa 2.2161 @.8289 -8 .a428
X[5] -@.1435 e.a498 -2.8802 @.aga49 -8 .2411
xX[e&] -a.asal e.a49a -1.2265 @.2200 -8.1561
®x[7] B.8312 ©.8335 ©.9328 8.3513 -8 .az4aa
x[8] 2.8z82 2.e218 A1.7537 @.a2795 -8 .ga24%5
x[2] 2.1849 412747.42899 G.2208 1.2008 -BE@2070.1181
X[1a] e.8z214 4228268 .8537 a.eaoe 1.ea08 -8@@176.5482
X[L[11] -—a.av7a3 d4oez27a.lele -a.oa0e 1.aa00 -958911 .8128
x[1z] -@®.2285 299821 3758 -©.82098 1.29098 -5875639 3268
x[1=2] -a.12a5 SESF29.0752 -9.o20e 1.2g00 -174244 2958
X[14] -@.le1ls 2425428202 -2 .20200 1.2200 -ATTIAT . A2TS
X[15] e.8s597 nan nar nar narn
X[1&a] -@.12891 711589 .9123 -a.ee88 1.ead@ -1394720 _ 9382
®x[17] B.8164 SB87231.1895 ©.8208 1.2888 -1532241 S338
x[1=] -—@.as543 nan nar nar man
Xx[12] -—@.le858 nan nar nar narn
X[za] -a.l1eas G675766.75a83 -a.ee00 1.8a0o -1324478.5831
X[21] @.8179 G2T7ATC 2287 a.eeaa 1.ea6e -1229836.5713
xX[z22] -e.182a nan nan nan nan
x[2=21] -a.a7as nan nan nan nan
x[24a] ©.0142 2201328.3288 0.8208 1.2808 -A4314528 1432
X[25] -@.1869 2217976.32a8 -@.0900 1.9908 -4347152.8941
xX[2a] -@2.8645 nan nan nan nan
xX[z27] -B®.1882 nan nan nan nan
AL s ] o ross ran riErny ey man
x[2=2] -®.1113 nan nan nan nan
®[22] -8.8613 nan nan nan nan
X[3e] -1.8%919 29569380 .a257 -a.0e8e 1.868e -5819722.33288
X[=321] 8.9193 2054226, 7428 @.220e 1.28808 5798294 5966
®[32] 8.144a 2742690.9254 @.0208 1.8@88 -S375575.4277
X[3=2] -2.2166 25294881 .4487 -a.088e 1.8688 -58843a6.52%a
X[324a] -2.1267 nan nan nan nan
X[33] -B8.8453 nan nan nan nan
X[36] -2.2137 1126519.a6399 -@.00e 1.880e -2287936.9599
X[=27] B.28411 12@92375.8083 @.220e 1.28808 -2152776.9629
X[38] -9.4233 1260420.3443 -9Q.0200 1.8908 -2478398.5732
®[32] e.32a87 1249812 .20445 @.e20e 1.8808 -24428128.5166
X[ae] -2.18732 19862 .2279 -2.020e 1.280e -272562 .4460
X[a1] e.214% 62171.1843 a@.e20e 1.29g90e -135573.8l154
XK[az] -2.5981 1923477 .8587 -@.00e 1.888e -3887545.7497
X[az2] -B.7278 22159542264 -2.020008 1.2888 -20L511928.0821
X[a4a] -8 .2283 213222 9257 -2.0208 1.2808 -3945844 40550
X[a5] 2.2811 19720842 .8018 @.ea20e 1.880e -3861212.5585
X[as] 1.1e25 1975795.2184 @.2200 1.2808 -2B72486.5427
x[a7] -B.8878 nan nan nan nan
X[ag] -8.32857 nan nan nan nan
X[ao] -8.80478 nan nan nan mnan
X[5e] B8.3598 nan nan nan nan
X[51] 2.6281 nan nan nan nan
X[52] 2.1993 24201119 .4824 @.gage 1.eede -47856l1a7 .5888
X[52] -8.a728 2410L522.20465 -2.0288 1.29808 -4742296. 3321
X[54] -2.5418 24080576.5131 -@.0808e 1.8808e -4785a44.8426
X[55] 2.117a 2439552 .53345 @.gage 1.880e -47814=24 93872
X[58] 8.1249 2412325.24171 @.220e 1.2808 -4722188.2604
X[57] -8.23289 nan nan nan nan
X[58] -8.2964 nan nan nan man
X[529] 2.3222 nan nan nan nan
®[ee] -2.8277 nan nan nan nan
X[61] 2.8681 nan nan nan nan
X[B2] -8.5254 1200814.2549 -2.0208 1.28888 -2545632.9581
X[62] -9.1167 1834475.8493 -Q.0800 1.8008 -35955@56.7117
X[64] 8.2275 1781995.3536 @.e20e 1.8808 -3492646.4863
X[Bes5] B.29282 1820921 .59306 @.2200 1.2808 -25282L540 . 2017
X[e6] ©8.15617 1845568.992@ @.08800 1.8900 -3617248.5826
X[67] 2.2443 nan nan nan nan
X[ee] 2.1189 nan nan nan mnan
x[e=] -B.4454 nan nan nan nan
K[7e] 2.0643 nan nan nan nan
X[71] -2.1548 nan nan nan mnan

wF
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X[72] -8.8355 2659116.7675 -@.9€00 1.8808 -5211772.1284 5211772.8593
X[72] -B8.8042 2645552.2217 -@.0@00 1.88088 -S5S185187.8779 S5185187.8695
X[74] -8.8512 2622585.8216 -8.88868 1.8888 -51597732.4478 5159772 .3454
X[73] -8.8817 2641884 86905 -8.8660 1.886808 -5177999 2772 5177099 .1138
x[78] 2.2849 nan nan nan nan nan
X[77] 8.8177 nan nan nan nan nan
x[72] -2.8832 nan nan nan nan nan
X[729] -8.112a nan nan nan nan nan

[ 1 mle _model.pred_table() #Build confusion Matrix

array([[19942., 1e91.],
[ 3276., =2398.]1]1)

mle_model .aic

28524 375217681892

[ 1 accuracy = (1994242302} /(19942+1891+3276+2398)
accuracy

B5.826484816714719
~ Logistic Regression using SGD Model

[ 1 from sklearn.linear_model import SGDClassifier
sgd classifier = SGDClassifier()
sgd_classifier

sGDClassifier({alpha=8.8881, average=False, class_weight=None,
early stopping=False, epsilon=8.1, etag@=8.8, fit intercept=True,
11 ratio=8.15, learning_rate="optimal', loss='hinge’,
max_iter=18@&, n_iter_no_change=5, n_jobs=None, penalty="12",
power_t=@.5, random_state=None, shuffle=True, tol=8.801,

.183308550-81, 3.5@813505e-01, 2.92344663e-81,
.872411042-01, 1,13839936e+98, 4.74243888e-01,
.680102582-01, 2.14330030e-01, 4.28772172e-01,
04806442001, 4.48261816e-01, -7.38986298e-16,
.431582582-01, 3.85337759e-81, 3.37828499-01,
.27379182e-081, -2.53365374e-01, -3.30792884e-02,
.118343072-01, B8.51847796e-81, -4.54758364e-01,
.55017153e-81, 7.79585767e-82, 4.87241184e-81,
.386348042-01, 2.87839533e-@1, 7.14620287e-82,
248274832-82, 1.29936961e-82, 3.18338855e-81,
0423064422-82, -4.54758304e-82, 3.44317847e-01,
104413172-81, 2.14336836e-01, -1.23434413e-81,
948964422-02, 1,883998%4e-91, 1.88399894e-01,
092825282-81, 3.89792384e-81, 1.40420685e-01,
550171532-01, 1.68018250e-01, 0.09516728-02,
819@3346e-01, 1.68918250e-81, 1.81983346e-01,
104413172-81, 2.14336036e-01, 1.31903346e-01,
795857672-82, 1.689182502-01]])

M e e e e W o e W o e e A

sgd_clf.intercept_

array([-6.47684832])

sgd_c1f.decision_function(Xtest)

array([-1.5264787 , -2.11766457, -8.60396887, ..., -2.47487471,
-1.72137514, -1.48100236])

sgd_clf = SaDClassifier(alpha=0.00@1, average=False, class_weight=None,
early_stopping=False, epsilon=0.1, eta=0.8, fit_intercept=True,
11 ratio=8.15, learning_rate='optimal', loss='log',
max_iter=5, n_iter_no_change=5, n_jobs=None, penalty="12",
power_t=8.5, random_state=None, shuffle=True, tol=0.801,
validation_fraction=8.1, verbose=8, warm_start=False).fit(Xtrain,ytrain)

fusr/local/1ib/python3.7/dist-packages/sklearn/linear_model/_stochastic_gradient.py:557: Convergencellarning: Maximum number of iteration reached before convergence. Consider increasing max_iter to improve the fit.
Convergencellarning)

32



° sgd_clf = sSGDClassifier(loss="hinge"’,
penalty="12",
max_iter=1822)

[ 1 sgd_cl+

SGDClassifier(alpha=8.8881, average=False, class_weight=None,
early stopping=False, epsilon=8.1, eta@=0.8, fit_intercept=True,
11_ratioc=6.15, learning_rate="optimal', loss="hinge".
max_iter=18ee, n_iter_no_change=5, n_jobs=None, penalty="12",
power_t=8.5, random_state=None, shuffle=True, tol=8.861,
validation_fraction=8.1, wverbose=08, warm_start=False)

[ 1 sgd_clf.fit(Xtrain,ytrain)

SGDClassifier({alpha=8.8881, average=False, class_weight=None,
early_stopping=False, epsilon=8.1, eta@=0.8, fit_intercept=True,
11_ratio=6.15, learning_rate="optimal', loss="hinge".
max_iter=188@, n_iter_no_change=5, n_jobs=MNone, penalty="12",
power_t=8.5, random_state=None, shuffle=True, tol=8.861,
validation_fraction=0.1, wverbose=8, warm_start=False)

[ 1 print( ' Training Accuracy Score’,sgd_clf.score(Xtrain,ytrain))
print("Validation Accuracy Score’,sgd clf.score(Xtest,ytest))
Training Accuracy Score 8.8336531718741868
Validation Accuracy Score 8.83284885998265813

[ 1 sgd_clf.predict({Xtest)

array([@, &, @, ..., 8, @, @])

[ 1 sgd_clf.coef_

§.49654886e -3, ©.895156728e-62,
9.74482209e -2, -7.79585767e-82,
d CATCERAALAS -AD 1 2243441 3%a-A1

array([[ 1.94896442=-02,
1.29930961le-01,
-1 SREQ17153Ia-A1

([ sgd_clf.predict_ proba(Xtest)

array([[@.9789611 , ©.821e389 ],

[e.o8685894,
[@.54488416,
[@.927489532,
[2.92411664,

B.81394985] ,
8.45591584 ],

9.90251047 ],
B.88588336],

[©.99328953, ©.88671847]])

[ 1 print(sgd clf.predict_ proba(Xtest))

[[@.e789611
[e.93685894
[@.54408416
[e.299748953
[@.99411664

a.az2i1a389 ]
B.81394905]
8.45591584 ]

8.28251047 ]
B.88588335]

[©.99328053 8.88671047]]

L 1 sgd_wpred = sgd_clf.predict(Xtest)

[ 1 sklearn.metrics.accuracy_score(ytest,sgd_wpred)

8.8283414451516286

Compare Various Models

[ 1 #Step 5: Build models

from sklearn.linear_model import LogisticRegression

from sklearn.tree import DecisionTreeClassifier

from sklearn.neighbors import KNeighborscClassifier

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
from sklearn.naive_bayes import GaussianMNB

from sklearn.svm import SVC
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from sklearn.svm import SVC
from sklearn.ensemble import RandomForestClassifier

# Spot Check Algorithms

models = []

models.append(('LR', LogisticRegression()))
models.append(('LDA", LinearDiscriminanténalysis()))
models.append(('KNN', KNeighborsClassifier()))
models.append(('CART', DecisionTreeClassifier()}))
models.append(('NB', GaussianMNB()})

models.append(('SVM', SVC()))
models.append((’'DecisionTree’ ,DecisionTreeClassifier()))
models.append((’'Random Forest®,RandomForestClassifier()))

# evaluate each model in turn
results = []
names = []
for name, model in models:
kfold = model_selection.KFold(n_splits=18, random_state=None)
cv_results = model_selection.cross_val_score(model, Xtrain, ytrain, cv=kfold, scoring="accuracy')
results.append(cv_results)
names . append(name)
msg = "¥s: HBf (%f)" % (name, cv_results.mean(), cv_results.std())
print(msg)

fusr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:24@: Convergencellarning: lbfgs failed to converge (status=1):
STOP: TOTAL NO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing. html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear model.html#logistic-regression
extra_warning_msg=_ LOGISTIC_SOLVER_CONVERGENCE_MSG)
Jusr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:94@: ConvergenceWarning: lbfgs failed to converge (status=1):
STOP: TOTAL NO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing. html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear_model.html#logistic-regression
extra warning msg= LOGISTIC SOLVER CONVERGENCE MSG)
funen/1aral Aihinuthana 7/dict _narkacec/cklaarn/linear madel/ lnoicticr nu-0d@d: Conuarcencablarnine: Thfos failad tn ronuvercs (etatns=14%-

/usr/’loZal/lib/EythUFB.7/disttpackaggsfsklear‘m’ﬁnearimudelfilogistic.py:946: Convergencellarning: lbfgs failed to converge (status=1):
STOP: TOTAL MO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing.html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear model.html#logistic-regression
extra_warning_msg= LOGISTIC_SOLVER_CONVERGENCE_MSG)
Jusr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:24@: Convergencellarning: lbfgs failed to converge (status=1):
STOP: TOTAL MO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing. html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear_model.html#logistic-regression
extra_warning_msg= LOGISTIC_ SOLVER_CONVERGENCE_MSG)
Jusr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:94@: Convergencellarning: lbfgs failed to converge (status=1):
STOP: TOTAL MWO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing. html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear model.html#logistic-regression
extra_warning_msg=_ LOGISTIC_SOLVER_CONVERGENCE_MSG)
fusr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:24@: Convergencellarning: lbfgs failed to converge (status=1):
STOP: TOTAL MO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing.html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear model.html#logistic-regression
extra_warning_msg=_ LOGISTIC_ SOLVER_CONVERGENCE_MSG)
/usr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:%4@: Convergencellarning: lbfgs failed to converge (status=1):
STOP: TOTAL MO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing. html
Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear model.html#logistic-regression
extra_warning_msg=_ LOGISTIC_SOLVER_CONVERGENCE_MSG)
/usr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:%4@: Convergencellarning: lbfgs failed to converge (status=1):
STOP: TOTAL MWO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
httos://scikit-learn.org/stable/modules/preprocessing. html
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https:/fscikit-learn.org/stable/modules/preprocessing.html
Please also refer to the documentation for alternative solver options
https://scikit-learn.org/stable/modules/linear_model.html#logistic-regression
extra_warning_msg=_LOGISTIC_SOLVER_CONVERGENCE_MSG)
fusr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:24@: ConvergenceWarning: lbfgs failed to converge (status=1):
STOP: TOTAL MO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing.html
Plzase also refer to the documentation for alternative solver options
https:/fscikit-learn.org/stable/modules/linear model.html#logistic-regression
extra_warning_msg=_LOGISTIC_ SOLVER_CONVERGENCE_MSG)
fusrflocal/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:%4@8: ConvergenceWarning: lbfgs failed to converge (status=1):
STOP: TOTAL NO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing. html
Please also refer to the documentation for alternative solver options
https://scikit-learn.org/stable/modules/linear_model.html#logistic-regression
extra_warning_msg=_LOGISTIC_SOLVER_CONVERGENCE_MSG)
fusr/local/lib/python3.7/dist-packages/sklearn/linear_model/_logistic.py:24@: ConvergenceWarning: lbfgs failed to converge (status=1):
STOP: TOTAL MO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https://scikit-learn.org/stable/modules/preprocessing.html

Please also refer to the documentation for alternative solver options
https://scikit-learn.org/stable/modules/linear model.html#logistic-regression

extra_warning_msg=_LOGISTIC_ SOLVER_CONVERGENCE_MSG)

LR: ©.835291 (8.085347)

LDA: ©.833746 (@.ee5621)

KNH: @.81e391 (@.e24236)

CART: ©.751744 (@.e89424)

NB: ©.699742 (©.889179)

SVM: @.835385 (@.ee3e29)

DecisionTree: @.751557 (8.088242)

Random Forest: @.831969 (@.09603@)

[ 1 #MNow we can make prediction on most accurate model
# Make predictions on validation dataset
rf = RandomForestClassifier()
rf.fit{xtrain, ytrain)
predictions = rf.predict(Xtest)
print(accuracy_score(ytest, predictions))

° #Now we can make prediction on most accurate model
# Make predictions on validation dataset
rf = RandomForestClassifier()
rf.fit(Xtrain, ytrain)
predictions = rf.predict(Xtest)
print(accuracy score(ytest, predictions))
print(confusion_matrix(ytest, predictions))
print(classification report(ytest, predictions))

0.827218276316745
[[3967 229]
[ 694 452]]
precision recall f1-score  support
5] 9.85 9.95 ©.90 4196
1 9.66 9.39 ©.49 1146
accuracy 0.83 5342
macro avg 0.76 a.67 0.70 5342
weighted avg 9.81 0.83 9.81 5342

PREDICTIONS USING LOGISTIC REGRESSION AND IN RANDOM FOREST GAVE THE MOST ACCURACY RATE
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A. SOURCE CODE

IMPORTING ALL THE NECESSARY LIBRARIES FOR VACCINE PREDICTION:

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

import sklearn

data = pd.read_csv('/content/h1nl_vaccine_prediction.csv')

data.dtypes

data = data.drop(columns=['unique_id")

data.columns

data_category_column = data.columns[data.dtypes=="object’] #which of the columns are category type
data_numeric_column = data.columns[data.dtypes!="'object’] #which of the columns are of numeric type
print(data_category_column) #Names of category columns

print(data_numeric_column) #Names of numeric columns

Create data subsets

data_category = data[data_category_column] #Category data

data_numeric = data[data_numeric_column] #Numeric data

data_category.shape

data_numeric.shape

data_category.head()

data_numeric.head()

Check for missing data
data_category.isna().sum().sort_values(ascending=False)
data_numeric.isna().sum().sort_values(ascending=False)

Categorical imputation using lambda x:x.fillna(x.value_counts().index[0])
data_clean_category = data_category.apply(lambda x: x.fillna(x.value_counts().index[0]))
data_clean_category.isna().sum().sort_values(ascending=False)
data_clean_category.dtypes

use a loop to convert all object columns to category
for column in data_clean_category.columns:
data_clean_category[column] = data_clean_category[column].astype('category")
data_clean_category.dtypes
data_clean_category.head()

Numeric columns missing value imputation
data_numeric.head()
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data_numeric.dtypes

data_clean_numeric = data_numeric.apply(lambda x: x.fillna(x.value_counts().index[0]))
data_clean_numeric.head()

data_clean_numeric.isna().sum()

data_clean_numeric.dtypes

data_clean_numeric = data_clean_numeric.astype(‘category')
data_clean_numeric.head()

data_clean_numeric['h1n1_worry'].value_counts()

category_count = data_clean_category.columns.value_counts()
sns.barplot(category_count.index,category_count.values,alpha=0.9)

plt.show()

numeric_count = data_clean_numeric.columns.value_counts()
sns.barplot(numeric_count.index,numeric_count.values,alpha=0.9)

plt.show()

data_clean_category.columns

data_clean_numeric.columns

data_clean_category.dtypes

data_clean_numeric.dtypes

data_clean_category

data_clean_category['age_bracket] = data_clean_category['age_bracket].cat.codes

data_clean_category['qualification'] =data_clean_category['qualification’].cat.codes
data_clean_category['race'l=data_clean_category['race’).cat.codes
data_clean_category|['sex'|=data_clean_category['sex'].cat.codes
data_clean_category['income_levell=data_clean_category['income_level].cat.codes
data_clean_category['marital_status']=data_clean_category['marital_status'].cat.codes
data_clean_category['housing_status']=data_clean_category['housing_status'].cat.codes
data_clean_category['employment']=data_clean_category['employment'].cat.codes
data_clean_category['census_msa'] = data_clean_category['census_msa'].cat.codes
data_clean_category.head()

data_clean_numeric.isna().sum()

data_clean_numeric = data_clean_numeric.apply(lambda x: x.fillna(x.value_counts().index[0]))
data_clean_numeric.isna().sum()

print(type(data_clean_category))

print(type(data_clean_numeric))

Merging all data

Integrating category data with numeric data
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covid_data = pd.concat([data_clean_category,data_clean_numeric],
join="outer',

axis=1)
covid_data.head()
X = covid_data.iloc[:,:-1]
y = covid_data.iloc[:,-1]
X.shape,y.shape
X = pd.get_dummies(X)
X.shape
X.head()
sns.heatmap(X)
covid = pd.concat([X,y],axis=1)
covid.head()
type(covid)
X = covid.iloc[:,:-1].values #features
y = covid.iloc[:,-1].values #target
X,y,X.shape,y.shape

Splitting the data

from sklearn.model_selection import train_test_split
Xtrain,Xtest,ytrain,ytest = train_test_split(X,y,test_size=0.2)
Xtrain.shape, Xtest.shape,ytrain.shape,ytest.shape

from sklearn.linear_model import LogisticRegression
model = LogisticRegression()

model

model.fit(Xtrain,ytrain)

ypred = model.predict(Xtest)

ypred

ytest

from sklearn import model_selection

from sklearn.metrics import classification_report

from sklearn.metrics import confusion_matrix

from sklearn.metrics import accuracy_score
print(sklearn.metrics.classification_report(ytest,ypred))
print(sklearn.metrics.confusion_matrix(ytest,ypred))
print(sklearn.metrics.accuracy_score(ytest,ypred))
accuracy = (4041+444)/(4041+226+631+444)

accuracy

model.coef_ #Weights or coefficient

model.intercept_

Vaccinators = pd.DataFrame(ypred)
Vaccinators.value_counts()

print('Default Logistic Regression Accuracy Training Score',model.score(Xtrain,ytrain))
print('Default Logistic Regression Accuracy Test Score',model.score(Xtest,ytest))
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Logistic Regression using MLE

covid.shape #Checking records and variables

import statsmodels.api as sm

from statsmodels.formula.api import logit #We want to use Logistic Regression in StatsModels
covid_float = covid.astype('float’) #statsmodels require dataset to have float values

X =covid_float.iloc[:,:-1]

y = covid_float.iloc[:,-1]

mle_model = logit("y~X",covid_float,).fit()
print(mle_model.summary())
print(mle_model.summary2())
mle_model.pred_table() #Build confusion Matrix
mle_model.aic

accuracy = (19942+2398)/(19942+1091+3276+2398)
accuracy

Logistic Regression using SGD Model

from sklearn.linear_model import SGDClassifier
sgd_classifier = SGDClassifier()
sgd_classifier
sgd_clf = SGDClassifier(loss="hinge’,
penalty="2',
max_iter=1000)
sgd_clf
sgd_clf.fit(Xtrain,ytrain)
print(‘Training Accuracy Score',sgd_clf.score(Xtrain,ytrain))
print("Validation Accuracy Score',sgd_clf.score(Xtest,ytest))
sgd_clf.predict(Xtest)
sgd_clf.coef _
sgd_clf.intercept_
sgd_clf.decision_function(Xtest)
sgd_clf = SGDClassifier(alpha=0.0001, average=False, class_weight=None,
early_stopping=False, epsilon=0.1, eta0=0.0, fit_intercept=True,
I1_ratio=0.15, learning_rate='optimal’, loss='log’,
max_iter=5, n_iter_no_change=5, n_jobs=None, penalty="'12',
power_t=0.5, random_state=None, shuffle=True, tol=0.001,
validation_fraction=0.1, verbose=0, warm_start=False).fit(Xtrain,ytrain)
sgd_clf.predict_proba(Xtest)
print(sgd_clf.predict_proba(Xtest))
sgd_ypred = sgd_clf.predict(Xtest)
sklearn.metrics.accuracy_score(ytest,sgd_ypred)
Compare Various Models
#Step 5: Build models
from sklearn.linear_model import LogisticRegression
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from sklearn.tree import DecisionTreeClassifier

from sklearn.neighbors import KNeighborsClassifier

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
from sklearn.naive_bayes import GaussianNB

from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier

# Spot Check Algorithms

models =[]

models.append(('LR’, LogisticRegression()))
models.append(('LDA', LinearDiscriminantAnalysis()))
models.append((KNN', KNeighborsClassifier()))
models.append(('CART', DecisionTreeClassifier()))
models.append(('NB', GaussianNB()))

models.append(('SVM', SVC()))
models.append(('DecisionTree',DecisionTreeClassifier()))
models.append(('Random Forest',RandomForestClassifier()))

# evaluate each model in turn

results =[]

names =[]

for name, model in models:

kfold = model_selection.KFold(n_splits=10, random_state=None)
cv_results = model_selection.cross_val_score(model, Xtrain, ytrain, cv=kfold, scoring="accuracy")
results.append(cv_results)

names.append(name)

msg = "%s: %f (%f)" % (name, cv_results.mean(), cv_results.std())
print(msg)

#Now we can make prediction on most accurate model

# Make predictions on validation dataset

rf = RandomForestClassifier()

rf.fit(Xtrain, ytrain)

predictions = rf.predict(Xtest)

print(accuracy_score(ytest, predictions))

print(confusion_matrix(ytest, predictions))

print(classification_report(ytest, predictions))
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