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1 Introduction

In order to set up the ICT solution on any suitable system and achieve the desired
results, the user can utilize this configuration manual, which includes a complete
walkthrough of the codes for data analysis, preprocessing, and implementing the
machine learning models for stroke prediction. The necessary hardware and soft-
ware specifications are also included in this document.

2 System Configuration

The overall requirements of hardware and software used for this project is dis-
cussed in this section.

2.1 Hardware

Device specifications Windows specifications
. Edition
Nitro AN515-57 .
. e . Version
Device name KL
Installed on
Processor
05 build
Linstalled RAM__¢ ) (777 GB ucable Experience

Figure 1: Hardware Specification

A Windows 10 laptop with a 11th generation intel core i5-processor along with 8
GB RAM is used as shown in figure 1.



2.2 Software
2.2.1 Anaconda

) ANACONDA | A 0

. D @ © =& O

Ansconds [l
Notwbocks

Figure 2: Anaconda Navigator Window

It is a distribution of the Python and R scientific computing programming lan-
guages with the goal of streamlining package management and deployment and
figure 2 displays the anaconda navigator window. Python is the selected program-
ming language due to its large variety of libraries used for analyzing the data.

2.2.2 Jupyter Notebook

. -
Jupyter

Notebook

Figure 3: Jupyter Notebook launch icon

It is used as an integrated development editor (IDE) for the deployment of machine
learning models since it enables interactive browser-based code execution. The
launch icon for the Jupyter notebook which is visible in the anaconda navigator is
depicted in figure 3.



3 Python Libraries

import pandas as pd

import numpy as np

from matplotlib import pyplot as plt

import seaborn as sns

import category_encoders as ce

from matplotlib import colors as c

from matplotlib impeort gridspec as grid

from sklearn.model_ selection import train_test_split, eridSearchcv, RandomizedSearchow
from sklearn.metrics import confusion_matrix, classification_report, roc_auc_score, roc_curve
from sklearn import linear_model, metrics

from sklearn.preprocessing import LabelEncoder, Standardscaler

from imblearn.over_sampling import SMOTE

import warnings

warnings.filterwarnings("ignore')

import missingno as msno

Figure 4: Necessary Libraries

Figure 4 shows the necessary libraries imported using the keyword import, the
other libraries are imported later when required.

4 Data Selection/Reading the file

# reading the data
DF = pd.read_csv('stroke_dataset.csv')

Figure 5: Reading the data file

The read_csv() is a function in pandas used for importing the dataset ! which is in
the comma separated values (CSV) file format into python and DF is the name of
the data frame used to store the data as shown in figure 5.

S Age Filtering

# filtering the age based on target groups

df = DF[DF['AgeCategory’].between('25", "64

» inclusive="both")]

Figure 6: Filtering the target age groups

The .between() function is used to select a specific age range from the data, inclu-
sive="both’ means that both the numbers specified must be included in that age
range and is stored in a data frame named df as shown in figure 6.

Thttps://www.kaggle.com/datasets/kamilpytlak/personal-key-indicators-of-heart-disease



5.1 Checking for Duplicate Records

print(f Nubmer of duplicated recrods {df.duplicated().sum(}}")

Nubmer of duplicated recrods = 11169
df = df.drop_duplicates()

print({f "Nubmer of duplicated recrods = {df.duplicated().sum()}")

Nubmer of duplicated recrods = @

Figure 7: Checking and removing duplicated records

Figure 7 displays the code for showing the duplicate records and removing them
along with the output. The df.duplicated().sum() function displays the total num-
ber of duplicate records and df.drop_duplicates() function is used to remove them.

6 Exploratory Data Analysis
6.1 Stroke Proportion

# pie chart for stroke and no stroke proportion
plt.figure(figsize=(8,5))
labels = "No Stroke", “Stroke"

df[ 'stroke"].value_counts().plot.pie{ autopct="%1.1f%%", startangle = 99, shadow=True, explode=[@.1,0.1], labels=labels,
colors=[ '#B7C3F3", "salmon' ])

Figure 8: Code for stroke proportion pie chart

The dff‘Stroke’].value_counts().plot.pie() function in figure 8 is used for the pie
chart that represents the proportion of people who have suffered from stroke and
people who have not suffered stroke.

6.2 Univariate Analysis of Numerical Features

The sns.distplot() function in figure 9 is used for plotting the histograms of the
numerical features present in the data.



# histograms of numerical features

fig,ax = plt.subplots(2,2, figsize=(15,12))

sns.distplot(df[ 'PhysicalHealth'], kde=False, bins=25, hist=True, ax=ax[e][@])
sns.distplot(df[ 'MentalHealth'], kde=False, bins=25, hist=True, ax=ax[@][1])
sns.distplot(df[ 'BMI'], kde=False, bins=25, hist=True, ax=ax[1][@])
sns.distplot{df[ 'SleepTime'], kde=False, bins=25, hist=True, ax=ax[1][1])
plt.show()

Figure 9: Code for histograms of numerical features

6.3 Bivariate Analysis of Categorical Features

g barplots of some of the cotegoricel features with respect to stroke
def percentage above_bar_relative_to xgroup{ax):
all heights = [[p.get_height() for p in bars] for bars in ax.containers)
for bars in ax.containers:
for i, p in enumerate(bars):
total = sum(xgroup[i] for xgroup in all_heights)
percentage = f°{(100 * p.get_height() / total) :.1f}%"
ax.annotate(percentage, (p.get_x() + p.get_width() [ 2, p.get_beight()), sizes1?, has"center’, vas"bottom')

catl=df[[ 'WeartDisease’, ‘smoking’, ‘DiffWwalking’, "Diabetic’]]

fig=plt.figure(figsize=(28,35))

background_color = “#fefsfy”

fig.patch, set_facecolor(background_color)

for indx,val in enumerate(catl.columns):
ax=plt. subplot(d,2,indx+1)
ax.set_facecolor{background_color)
ax.set_title(val,fontweight="bold’,fontfamily="serif’, fontsize= 22)
for i 4n [“top®, ‘right"]:

ax,.spines[i].set_visible(False)

ax.grid{linestyles':",axis="y")
sns.comtplot(catifval],palette="0rRd_r' hue=df[ "Stroke’ ])
plt.yticks(fontsizes1a)
plt.xticks(fontsize=15)
plt.setp{ax.get_legend().get_texts(), fontsize="28") & for legend text
plt.setp{ax.get_legend().get_title(), fontsize="20") & for legend title
percentage above_bar_relative to_xgroup{ax)

Figure 10: Code for barplots of numerical features with respect to stroke

The sns.countplot() function in figure 10 is used to plot the bar graphs with respect
to stroke. The percentage_above_ bar_relative_to_xgroup() function is manually
defined so that the percentage is visible on top of each bars.

6.4 Categorical Features

Figure 11 shows the code and output for displaying the categorical features in the
data frame.



# Extract the Categoricol dota
cat_df = df.select_dtypes({include=[ 'object’])
cat_df . head(5)

HeartDisease Smoking AlcoholDrinking Stroke DiffWalking Sex AgeCategory Race Diabatle Physicaldctivity GenHealth Asthma KidneyDissase

(] Na Yes Na No Ko Female 55-59  White Yes Yes  Verygood Yes No
4 No No No Ma Yes Female 4044 White Mo Yes  Very good Mo No
10 Yes Yed No Mo Yes  Male G0E4  White s Mo Pt hi-] Mo
1l Mo Yes No Mo Ko Female E5-89  White Mo Yes  Verygood MNa No
4 o Yes o Mo Yes Female G064 White No L Good Mo e

Figure 11: Categorical features in the data frame

7 Data Preprocessing and Transformation

7.1 Coverting the Categorical Features to Numeric

# Create the encoder varioble

le = LabelEncoder()

for i in cat_df:
# fit the categoral feature to the encoding method
df[i] = le.fit_transform(df[i])

df .head( )

HeartDisease BMI Smoking AlcoholDrinking Stroke PhysicalHealth MentalHealth DiffWalking Sex AgeCategory Race Diabetic PhysicalActivity GenHealth

0 1660 1 o (1] 30 30,0 o Q -] 5 2 1 4
0 zxm o ] o 280 oo 1 1] 3 5 1 4
1 3430 1 o o 300 0.0 1 1 T 5 2 o 3
0 227 1 0 ] [=X+) 00 [ Q -] 3 (1] 1 4
0 2029 1 0 o oo 0.0 1 0 T 5 o o 2

Figure 12: Code for Coverting the Categorical Features to Numeric
The LabelEncoder() function in figure 12 is used for converting the categorical

features into numeric, so it becomes easy for the machine learning algorithms to
process it. The output of the encoded data is also shown in the figure.

7.2  Outliers

# outlier detection
df.plot(kind="box", subplots=True, layout=(6,4), figsize=(13,12))

Figure 13: Code for outlier detection



Figure 13 shows the code for detecting and displaying the outliers present in the
data.

sns . boxplot{x = df[ "PhysicalHealth™])

caxesSubplot ixlabel="pPhysicalHealth"»

RN R RN N R Y

o 5 10 15 20 = 30
FhysicalHeanh
Q1 = df.PhysicalHealth.quantile(a.25)
Q3 = df.PhysicalHealth.quantile(a.75)

IQR = Q3 - Q1
print{IQR)

datal = df[~{{df .PhysicalHealth < {(Q1 - 1.5 * IQR))} | (df.PhysicalHealth > (Q3 + 1.5 * IQR)I)I)]

Figure 14: Removing outliers from PhysicalHealth

In figure 14, outliers of feature PhysicalHealth is detected and removed using
the inter quartile range (IQR) and stored in a data frame named datal. The same
process is followed for other numerical features such as MentalHealth, SleepTime,
and BMI, and are stored in data2, data3, and data4 respectively.

7.3 Assigning the target variable

AssLTqgrmning target wariab>LDe
= dataa.drop({ " Sstroke " ,axis=1D)
= dataal "stroke " ]

Xk

Figure 15: Assigning the target variable

In figure 15, the target variable is assigned to y and the predictor variables are
assigned to x.

7.4 Standardizing the data with numeric features

The StandardScaler() function in figure 16 is used to convert the numerical fea-
tures with diverse range into the same scale of the categorical features. This func-
tion transforms the numerical features so that their mean is set to zero and the



# To convert numerical ottributes with diverse ranges into the same scale k:j" \.Jr\'!J'L:"C' al attributes,

# feature scaling is implemented.

scl = Standardscaler()

x[['8M1", ‘PhysicalHealth’, "Mentaldealth®, 'SleepTime’]] = scl.fit_transform(x[['BMI’, 'Physicaldealth',
‘MentalHealth’; SleepTime’]])

x.head()

BMI Smoking AlcoholDrinking PhysicalHealth MentalHealth DiffWalking Sex AgeCategory Race Diabetic Physicalictivity GenHealth SleepTime

0.051140 ! 0 030183 053163 () 6 5 0 1 4 ATEEIS
0176730 0 0 0516678 0531639 [ 50§ 0 1 4 09478
0628385 ! 0 415103 053163 (I 1 5 0 f 4 ATBRIG
0604509 0 0 051676 053163 (I 8 5 0 1 400034
1524323 ] ] 039181 £ 531639 0 ] 7 B 2 0 2 1786193

Figure 16: Feature scaling

resulting distribution has a unit standard deviation, and this can be seen in the
figure as well. After this, again the target variable and the predictor variables are
reassigned to y and x respectively as shown in figure 15.

7.5 Feature Selection

from sklearn import metrics
import statsmodels.api as sm

Irl = sm.GLM(y, (sm.add_constant(x)), family = sm.families.Binomial())
Ir1.fit().summary()

Figure 17: Code for Generalized Linear Model

The sm.GLM() function in figure 17 is used for building a generalized linear
model (GLM) with the predictor variables and the family is set to binomial. This
indicates the GLM that the target variable is binary in nature.

In backward elimination technique, the important features are selected by elim-
inating the feature with a higher p-value. Figure 18 shows the summary of the
GLM, in which the feature BMI has the highest p-value 0.729. Hence, BMI is

removed first.



e rakred Limear Model Regresson Results

Dep. Variakble: Stroke No. Observations: LR
Model: GLM Of Residuals: 130T T
Model Family: Barsgermial D Model: 17
Link Function: Bosgn Scale: g ]
Mathod: IRLS Log-Likelihvood: -8992. 7
Date: kon 12 Dec 2022 Dewiance: 17985
Tirme: 234851 Pearson chil2: 1.18«+05

Mo, lerations: ]

Covariance Type: nonrobust
coaf stderr z P=|z|] [0D.025 0975
const -5 68532 0214 26351 0000 5074 5233
HearnDisexse 1.55585 0.0 26. 393 0.000 1. 47T 1.T14
BMI 00015 00D 0345 0729 -000F 000
Smoking 0. 42985 o048 8.8931 D000 0333 o521
AlcoholDrinking -0 2555 0orEe 2808 0009 0450 0064
PhysicalHealth 00457 o01e 2.795% 0005 Q015 Qe
MaentalHesalth 0123 000 1.323 G188 -0006 0030
D alking 1. 1048 OUDES 17411 ool 0880 1225
Sex 0.0555 0048 1,181 Q248 0038 0. 150
AgeCaregory 02307 o3 17511 0000 0205 0257
Race 01010 ooTT -5 881 0000 -0 134 -0DEB
Diabetic 02082 ooz T. 253 0000 0153 0 268
PhysicalActivity -0.1155 0056 -2.05 0.039 0225 -0.005
GenHealth 00272 0o01s -1.70% 00883 0058 (R
Sleep Time 0030 o018 1. 8682 0083 0002 ooTa
Asghna 0.35T1 002 5782 0000 0236 o4TE
HidrneyDisexse 05851 0. 105 5578 Q0000 0.arg o.re
SkinCancer 01518 oors2 1.845% 0100 0029 0332

Figure 18: Summary of GLM

1 col = x.columns

# Remowving BMI

4 col = col.drop{'BMI", 1)
s col
Index([ "HeartDisease', 'Smoking', "AlcoholDrinking’', 'PhysicalHealth"®,

"MentalHealth” ,

"PhysicalActivity",

"SkinCancer’],
dtype="object")

'Diffwalking’, "Sex’,
"GenHealth', "SleepTime",

‘ApeCategory’, "Race', "Diabetic’,
"Asthma", 'KidneyDisease',

Figure 19: Removing BMI

Figure 19 shows the code to remove BMI from the list and also displays the re-
maining variables.



# re-running the model using the remaining variables
load = sm.add_constant{x[col])

Ir2 = sm.GLM{y, load, family = sm.families.Binomial()})
res = lr2.fit()

res.summary ()

Figure 20: Code for re-running the GLM

In figure 20, the GLM is re-run with the remaining variables after removing BMI.

Dep. Wariable:- Stroke  No. Obhservations: 130095
Mocel: LR Of Residuals: 1300TS
Model Family: Binormual D Model: 18
Link Funecticom: logit Scale: A4 0O
Miethod: IRLS Log-Likelibcod: -ESEZ 8
Date: MMon, 12 Dwec 2022 Dewviance: T1rees
Tirme: 234551 Pearsom chiZ: 1_159e=+05
Mo lteraticms: £
Cowvariance Type: Moawnobwust
coefl astd err = P>|=| [O.0ZS 0.975)

const -5 8107 0176 -31.8928 0000 -S5955 .52688
HeartDisease 1. 5964 OUoED 26 421 [l ] 1.478 1. 715
Smvokimg 04263 ou04Es 8923 Q000 0333 0. 520
AlcoholDrinking 02550 OU0Ss 2622 0009 <0451 -0.0655
PhysicalHealth 0403 oLo1E 2802 Q.O05 0015 0L RS
MentalHeakth OLO123 (o Ml 1. 323 G188 -0.0DE Lo et ]
DifPfWalking 11074 003 ATF.&ET3 0000 0. Sel .23

Sex O OSET o4 1185 0238 0037 0. 150
AugeCategory 0. 2307 oLo13 ATF. 514 OO 0. 205 0257
Race -0 1009 ooO17T -5.87E QOO0 0134 -0.0E88

Diabetic 02110 ouozd TFoa431 0000 0165 Q.26T
Physicalfctivity -0 1173 o055 “2.106 0035 0238 0000

GenHealth 00259 oLo1E -1.8588 0091 -0. 058 LR
Sleep Time O OS5 oo 1. 855 (LOE4 -0 2 0074
Asthma 0. 2584 OU0E2 5816 QU000 0. 238 0.4
KidneyDisease 05851 0105 S.57S  0uOOD 0379 0.7To1
SkinCancer o 1510 Oo0S2 1.639 101 =0, 30 0332

Figure 21: Summary of GLM

In figure 21, it can be seen that the feature Sex has the highest p-value of 0.236,
hence Sex is removed next. It is removed using the same code as in figure 19, just
that Sex is replaced in place of BMI. This process follows until all the features
have a p-value less than 0.05.

10



¥ check for the VIF voloes of the feature variobles.

from statsmodels.stats.outliers_influence import variance_inflation_factor

# Create o o came that will contain the names of oll the feoture variables and their respective VIFs
vif = pd.DataFrame()

vif[ "Features'] = ®[col].columns

wif["WVIF"] = [variance_inflation_factor{x[<ol].values, i} for i in range(x[col].shape[1])]

VIf["VIF'] = round(vif["VIF'], 2}

vif = wif.sort_values({by = "VIF”, ascending = False)

wif

Features VIF
Race 675
Physscalfctivity 4 62
AgeCategary 384
Smoiing 165
Physcaleath 117
Diabetic 116
Asthma  1.14
AlcohaiDnnking 112

Diffivaiking 1. 11

@ R MW MW s @@ W

Heanlsease 108

KadreyDisease 103

Figure 22: Variance inflation factor values

Figure 22 shows the code and output for checking the variance inflation factor
(VIF). Generally, features with VIF value less than 5 is considered. In the figure
it can be seen that Race has a VIF value of 6.75, hence it is removed. The GLM
is re-run, again checked for insignificant variables and then the VIF is checked
again.

Features VIF

AgeCategory 3.02

FPhysscalfctiraty 2,80
Smectang  1.57
PhysicalHealth 1.16

Diabetic 1.16

-]

T

1

3

]

-] Asthma 113
2 AlcoholDvinkng 111
4 Diffallang 1.11
o HeartDisease 1.08
a

KidneyDiseass 1.03

data5 = datasd.drop(columns=[ "8MI", ‘MentalHealth®, 'Sex", "Race’,
‘GenHealth” , "SleepTime”, "SkinCancer”])

datas.drop{columns=[ "Stroke”])
datas( "stroke’ ]

y_1

Figure 23: VIF values and removing insignificant features

In figure 23, it can be seen that all the ten features have a VIF value less than
0.05, so these are the only features used for building machine learning algorithms

11



for the stroke prediction. The codes for removing the insignificant variables and
re-assigning the predictor variables is also shown.

7.6 Splitting the data into train and test sets

#® B R R

v shuffled in order to avoid biases in the doto prediction

from sklearn.model_selection import train_test_split
»_train, x_test, y_train, y_test = train_test_split(x_1, y_1, test_size = 8.2, random_state=10@, stratify = y_1)

Figure 24: Data split into train and test

The code for splitting the data into 20% for test and 80% for train using stratified
random sampling is displayed in figure 24.

8 Experiments
8.1 Random Undersampling (RUS)

from imblearn.under_sampling import RandomuUnderSampler

rus = RandomUndersampler({random_ state = 1@8)
x_train_res, y_train_res = rus.fit_resample(x_train, y_train)

Figure 25: RUS balancing method

The RandomUnderSampler() function in figure 25 is used for undersampling the
train data.

8.2 SMOTE

from imblearn.over_sampling import SMOTE

sm = SMOTE(random_state = 2000)
x _train_sm, y train_sm = sm.fit_resample(x train, y_ train)

Figure 26: SMOTE balancing method

The SMOTE() function in figure 26 is used for oversampling the train data.

12



9 Implementation and Evaluation of Models
9.1 Random Forest (RF)

from sklearn.ensemble import RandomForestClassifier

rf_rus = RandomfForestClassifier(random_state = 32)%
rf_rus.fit{x_train_res, y_train_res)

y_pred_rf_rus = rf_rus.predict({x_test)

rf_rus_auc = roc_auc_score(y_test, w_pred_rf_rus)

print{f auc score of Random Forest: {rf_rus_auc}™)
print {classification_report(y_test, y_pred_rf_rus))

A score of Random Forest: @.6724520426027255

precisiomn recall fl-score Support

L= ] 2.99 2. &9 2.81 25623

1 2.83 B.65 L=t Y GG

accuracy L= = 26819
macro avg 2.51 Ba.67 0. a4 26319
weilghted awg 2.98 B. 59 L= ] 268519

Figure 27: Base version of RF

The code and the result for the base version of RF classifier is displayed in figure
27.

& Hyperparaweter tuning
rf_rusl = RandosforestClassifier{random_state = az)

scope_rf_rusl = {°

F_rus_randomgrid = RandomizediearchiV (estimator = rf_rusl, paras_distributions = scope_rf_rusl,
random_state = 42, cv = 18, verbose = 2, n_jobs = a)

rf_rus_randomsgrid. fit{x_train_res, y_train_res)
Fitting 10 folds for each of 18 candidates, totalling 100 fits

Randomi redsearchCw(cve-10, estinator-RandomforestClassifier(random_state=42),
n_jobs=a,
param_distributions={ bootstrap : { Tree', “False’),
“criterion”: ("gini®, “emtropy’),
"max_depth®: (3, 5, 7, 9, 10),
“max_featwres : (“auto”, “sgrtt),

min_samples_split': (2. 4, 6),
r_estimators : (1@, 30, 50, 7@, 9@,
13 )} s

randon_state=42, werboies2)

rf_rus_randomgrid.best_params_

{"n_estimators": 70,
‘min_samples_splitt: a4,

‘man_features”: st
‘max_depth': 5,
‘oriterion "gimi®,
"bootstrap’: “True®}

Figure 28: RF parameter tuning
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The code and the output for finding the best parameters using randomized search
along with 10-fold cross validation for RF is displayed in figure 28.

rf_rusd = RandomforestClassifier(n_estimators = 78, min_samples split = 4, max_features = “sqrt’,
max_depth = 5, criterion = "gini', bootstrap = "True', random_state = 4@)

rf_rus2.fit{x_train_res, y _train_res)

y_pred_rf_rusz = rf_rus2.predict{x_test)

rf_rus2_auc = roc_auc_score(y_test, y_pred_rf_rusz)

print(f*AUC Score of Random Forest: {rf_rusl_awc}™)
print (classification_report(y_test, y_pred_rf_rusz2))

AU score of Random Forest: @.7844518773979839

precisien  recall fl-scere  support

1] (LI B.72 @83 25623

1 0,0 8,69 8,87 306

ACCUraLy .72 26019
MaC o Vg 3,51 o.M @45 19
weighted avg 0,98 0.72 8,82 26019

Figure 29: Tuned version of RF

The code and the result for the tuned version of RF classifier is displayed in figure
29. The RF built under SMOTE is similar to this with the same parameters, instead
_rus and _res is replaced with _sm, and the random _state is set to 70.

9.2 Bernoulli Naive Bayes (BNB)

from sklearn.naive bayes import Bernoulline

bnb_rus = BernoullimMe()

bnb_rus.fit(x_train_res, y_train_res)
y_pred_bnb_rus = bnb_rus.predict(x_test)
bnb_rus_auc = roc_auc_score(y_test, y_pred_bnb_rus)

print{f"Aauc Score of Bernoullime: {bnb_rus_auc}™)
print (classification_report(y_test, vy pred_bnb_rus))

AUC sScore of BernoullinB: @.6791842733623555

precision recall fil-score support

@ .99 @.82 ©.89 25623

1 2. a4 2.54 a.a28 396

accuracy e.81 26219
macro avg 2.52 2.68 a.49 26219
weighted avg 8.98 e.81 ©.88 26019

Figure 30: Base version of BNB

The code and the result for the base version of BNB is displayed in figure 30.

14



# Hyperparameter tuning
bab_rusl = Bernoulling()

scope_bnb_rusl = {"alpha': [@.00001 ,0.0001 ,0.001, 8.01, 0.1, 8.5, 1.8, 2.8, 5.8, 10.8, 15.8, 20.8]}

bb_rus_randemgrid = RandomizedsearchCy (estimator = bb_rusl, param distributions = scope_bnb_rusi,
random_state = 42, cv = 19, verbose = 2, n_jobs = 4)
1 bnb_rus_randomgrid,fit(x_train_res, y_train_res)
Fitting 18 folds for each of 18 candidates, totalling 188 fits

RandomizedSearch{V(cv=18, estimator=BernoulliNB(}, n_jobs=4,
param_distributions={'alpha’: [1e-05, 0.0e01, 0.801, 2.01,
@.1, .5, 1.8, 1.0, 5.0, 10.8,
15.8, 20.8]},
random_state=47, verbose=2)

bnb_rus_randomgrid.best_params_

{"alpha’: 15.8}

Figure 31: BNB parameter tuning

The code and the output for finding the best parameters using randomized search
along with 10-fold cross validation for BNB is displayed in figure 31.

bnb_rus2 = BerncullimB({alpha=15.8, fit_prior=True)

bnb_rus2.fit(x_train_res, y_train_res)
4 y_pred_bnb_rus2 = bnb_rus2.predict(x_test)
5 bnb_rwus2_auc = roc_auc_score(y test, y pred_bnb_ rus2)

7 print{f"AauC Score of Berncoulling: {bnb_rus2_auc}™)
i print (classification_report(y_test, y pred bnb_rus2))

ALC score of BernoulliMB: ©.6805054407794133

precision recall Fl-score support

L] .99 2.82 a.89 25623

1 2.a4 2.55 e.a8 396

accuracy 2.81 26219
macro awvg 2.52 a.68 e.49 26219
weighted awvg Q.98 2.81 2.88 26019

Figure 32: Tuned version of BNB
The code and the result for the tuned version of BNB is displayed in figure 32.

The BNB built under SMOTE is similar to this, instead _rus and _res is replaced
with _sm.
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9.3 Stochastic Gradient Descent (SGD)

1 from sklearn.linear_model import Selassifier

sgd_rus = SGDClassifier(random_state = 52)

4 sgd rus.fit{x _train_res, y_train_res)

S y_pred_sgd_rus = sgd_rus.predict{x_test)
sgd_rus_auc = roc_auc_score(y_ test, y pred_sgd rus)

print{f"AaUuC Score of Stochastic Gradient Descent: {sgd_rus_auc}™)
print (classification_report{y_test, y pred_sgd rus))

AUC Score of Stochastic Gradient Descent: 8.6943380059818416

precision recall Ffi-score support

(=] 2,99 2.81 2.89 25623

1 L= = 2.58 2.28 396

accuracy 2.8 26819
macro avg @.52 @.69 .49 26019
weighted awvg a.98 a.80 ©8.88 26819

Figure 33: Base version of SGD

The code and the result for the base version of SGD classifier is displayed in figure
33.

& Hyperparameter bunmg
spd_rusl = SGRClassifier()

scope_sgd_rusl = {"loss’: (*log’, "modified_huber®, ‘perceptron’),
“penalty”: ("11°, 127, "elasticmet’},
“falpha®: (@.0001, @.001, 9.81, 8.1, 1, 18, 180, 1O23),
*learning rate®: {‘'constant', ‘optimal®, ‘invscaling®, “adaptiwve'),
“etad® : (1, 18, 188)])

sgd_rus_randomgrid = Randomizedsearchiv (estimator = sgd_rusl, param distributions = scope_sgd_rusi,
randos_state = 42, oV = 18, verbose = 2, n_jobs = 4)

spd_rus_randomgrid.fit{x_train res, ¥y train_res)
Fitting 18 folds for each of 18 candidates, totalling 108 fits

Randomi redSearchCd{ cv=18, estimator=5G0C lassifier(), n_jobs=4a,
param_distributions={ "alpha®: {(&.8061, d.8991, @.81, .1, 1,
18, 100, 180a),
“etad’: (1, 19, 180},
“learning_rate®: {'constant', “optimal”®,
"inwscaling®,
tadaptive’),
"loss’: ("log’, "modified_huber®,
“perceptron’ ),
“pemalty®: {'1a°, "1l2°, “elasticmet’)},
random_state=a2, verboses=2)
sgd_rus_randomgrid.best_params_
{"penalty”: '12°,
“loss’: Tlogt,
“learning_rate”: “optimal®,
ferad': 100,
“falpha®: @.&1}

Figure 34: SGD parameter tuning

The code and the output for finding the best parameters using randomized search
along with 10-fold cross validation for SGD is displayed in figure 34.
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sgd_rus2 = 56DClassifier(loss = "log", penalty = '12°, alpha = ©.91, learning_rate = 'optimal’,
etad = 180, random_state = 32)

sgd_rus2.fit(x_train_res, y_train_res)
y_pred_sgd rus2 = sgd_rus?.predict(x_test)
sgd_rus? auc = roc_auc_score(y test, y pred sgd rus2)

print{f"AUC Score of Stochastic Gradient Descent: {sgd rus2_auc}™)
print (classification_report(y_test, y pred_sgd rus2))

AUC Score of Stochastic Gradient Descent: ©.6855372126605004
precision recall fil-score  support

a .99 .67 a.80 25623
1 9.3 a.72 0.96 396

atcuracy a.67 26819
macro avg @.51 a.7e @.43 26619
weighted avg 2.98 2.67 2.79 26819

Figure 35: Tuned version of SGD

The code and the result for the tuned version of SGD classifier is displayed in fig-
ure 35. The SGD built under SMOTE is similar to this with the same parameters,
instead _rus and _res is replaced with _sm, and the random_state is set to 22 in base
version and 50 in tuned version.

9.4 Adaptive Boosting (AB)

from sklearn.ensemble import AdaBoostClassifier
ab_rus = AdaBoostClassifier()
ab_rus .. fit(x_train_res, y_train_res)
y_pred_ab_rus = ab_rus.predict(=x_test)

ab_rus_auc = roc_auc_score(y_test, y_ pred_ab rus)

print{fTAaM sScore of Adaboost: {ab_rus_auwck}™)
print (classification_report(y_test, y_pred_ab_rus))

AUC Score of Adaboost: @.7928838552011155

precision recall fl-score support

(=] a.99 a.7s5 a.85 25623

1 8,84 a.66 a.a7 396

accuracy a.7s 26819
Macro awvg a.s52 a.7a a.as 26219
weighted awvg a.o8 a.75 a.84 26219

Figure 36: Base version of AB

The code and the result for the base version of AB classifier is displayed in figure
36.
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¥ Myperparagmeter tuning
ab_rusl = AdaBoostClassifier()
scope_ab rusl = {'n_estimators®: (18, 38, S, 78, 99, 10a),
"learning_rate': (@.0001, @.001, 9.91, 9.1, 1.8, 5.8)}
ab_rus_randomgrid = RandomizedSearchcv (estimator = ab_rusl, param_distributions = scope_ab_rusi,
random_state = 42, ¢v = 18, verbose = 2, n_jobs = 4)
1 ab_rus_randomgrid.fit{x_train_res, y_train_res)
Fitting 19 folds for each of 10 candidates, totalling 100 fits
RandomizedsearchCW{cwv=18, estimatorsAdaBoostClassifier(), n_jobs=a,
param_distributions={"'learning_rate": (©.0001, &.001, @.91,
8.1; 1.8, 5.8},
‘n_estimaters': (10, 3@, 5@, 72, 9,

1e@)},
random_state=42, wverbose=2)

ab_rus_randomgrid.best_params_

{'n_estimators’': 5@, "learning_rate': 1.8}

Figure 37: AB parameter tuning

The code and the output for finding the best parameters using randomized search
along with 10-fold cross validation for AB is displayed in figure 37.

L ab_rus2 = AdaBoostClassifier(n_estimators = 5@, learning_rate = 1.8)

ab rus2.fit(x _train _res, y _train _res)
y_pred_ab_rus2 = ab_rus2.predict(x_test)
ab_rus2_auc = roc_auc_score(y_test, y_pred_ab_rus2)

print(f“auc score of Adaboost: {ab_rus2_auc}")
print (classification_report(y_test, y_pred_ab_rus2))

AUC Score of Adaboost: @.7028638552011155

precision recall fl-score  support

5] a.99 8.75 ©.85 25623

1 B.84 .66 e.e7 396

accuracy 8.75 26019
macro avg 8.52 9.70 0.46 26019
welighted avg 9.98 a.75 2.84 26019

Figure 38: Tuned version of AB

The code and the result for the tuned version of AB classifier is displayed in figure
38. The AB built under SMOTE is similar to this, instead _rus and _res is replaced
with _sm. Additionally, AB is not hyper tuned because under RUS even after hype
tuning the results remained the same.
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9.5 Logistic Regression (LR)

1 from sklearn.linear_model import LogisticRegression

2

3 logreg_rus = LogisticRegression()

4 logreg_rus.fit(x_train_res, y _train_res)

5 y_pred_logreg_rus = logreg rus.predict(x_test)

& logreg_rus_auc = roc_auc_score(y_test, y_pred_logreg_rus)

g8 print{f"aUC Score of Logistic Regression: {logreg_rus_auc}")
9 print (classification_report(y_test, y_pred_logreg_rus))

AUC Score of Logistic Regression: @.7847747407336449

precision recall Ffl-score support

e @.99 a.75 a.85 25623

1 .04 a.66 e.a7 396

accuracy 2.75 26@19
macro avg 2.52 a.7a 8.46 26819
weighted avg &.98 a.75 a.84 26819

Figure 39: Base version of LR

The code and the result for the base version of LR is displayed in figure 39.

# Myperporameter tuning

logreg_rusl = LogisticRegression()

scope_logreg rusl = {"C° : (0.0001, 0.081, 0.01, 0.1, 0.5, 1, 18),
*solver’ 1 ('lbfpgs’, ‘newton-cg’, sag").
‘max_fiter' : (18, 30, S, 70, 90, 118, 13, 158, 178, 198, ¥id, 238, 258)}

logreg_rus_randomgrld = RandomlzedSearchiy (estimator = logreg rusi, param_distributions = scope_logreg rusi,
random state = 42, év = 10, verbose = 3, n_jobs = &)

logreg rus randomgrid.#FIt{x train re<, y trals reés)
Fitting 1@ folds tor each of 18 candidates, totalling 108 fils

RandonizedSearchCv{cv=10, estimator-LogisticRegression(), n_jobs-4,
param_distributions={"C": (0.0001, 0.001, @.01, @.1, 0.5, 1,
1),
‘max_iver’: (10, 38, %8, 70, %0, 119,
130, 150, 170, 199, 218,
238, 250),
"solver®: {'lbfgs', ‘newton-cg’,
"sag 1.
random_state=41, verbose=1)

logreg_rus_randomgrid.best_params_

["solver®: "newton-cg”, “man_iter®: 158, "C: 0.1}

Figure 40: LR parameter tuning
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The code and the output for finding the best parameters using randomized search
along with 10-fold cross validation for LR is displayed in figure 40.

logreg_rus2 = LogisticRegression(solver = ‘newton-cg’, max_iter = 158, C = 8.1)
logreg_rus2.fit(x_train_res, y train_res)

y_pred_logreg_rus2 = logreg_rus2.predict(x_test)

logreg_rus2_auc = roc_auc_score(y_test, y_pred_logreg rus2)

print(f"AUC Score of Logistic Regression: {logreg_rus2_auc}™)
print (classification_report(y_test, y_pred_logreg_rus2))

AUC Score of Logistic Regression: ©.7037037037@37837

precision recall fl-score  support

=] 2.99 e.74 2.85 25623

1 9.04 a.67 .07 396

accuracy 2.74 26219
macro avg 8.52 .78 8.46 26019
weighted avg 9.98 a.74 .84 26019

Figure 41: Tuned version of LR

The code and the result for the tuned version of LR is displayed in figure 41. LR
built under SMOTE is similar to this with the same parameters, instead _rus and
_res is replaced with _sm.

9.6 Support Vector Machine (SVM)

from sklearn.swvm import SVC

svm_rus = SWVC()

svm_rus.fit(x_train_res, y_train_res)
y_pred_svm_rus = swm_rus.predict(x_test)
svm_rus_auc = roc_auc_score(y_test, y_pred swvm_rus)

print{f"AUuC Score of Support Vector Machine: {swvm_rus_auc}"™)
print (classification_report{y_test, y pred_svm_rus))

AUC Score of Support Vector Machine: @.6938718942143599

precision recall fl-score support

=] e.99 .69 9.81 25623

1 e.e3 a.7a 8.86 396

accuracy 8.69 26819
macro avg 2.51 .69 a.44 26@19
weighted awvg ©.98 B.69 9.80 26019

Figure 42: Base version of SVM

The code and the result for the base version of SVM is displayed in figure 42.
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# Hyperparameter tuning
svm_rusl = SVC()

scope_svm_rusl = {"C": (@.01, @.1, 1, 5, 18, 50, 160, 200), 'gamma’: (0.001, 0.01, ©.1, 1, 5, 18)}
svm_rus_randomgrid = RandomizedSearchCv (estimator = svm _rusl, param_distributions = scope_svm_rusl,
random_state = 42, cv = 18, verbose = 2, n_jobs = 4)
svm_rus_randomgrid. fit{x_train_res, y_train_res)
Fitting 18 folds for each of 10 candidates, totalling 188 fits

RandomizedsearchCW(cv=18, estimator=SVC({}, n_jobs=4,
param distributions={'C": (8.e1, @.1, 1, %, 18, 58, 180,
20a) ,
‘gamma’: {@.9@1, .81, 9.1, 1, 5, 18)},
random_state=42, verbose=2)
svm_rus_randomgrid.best_params_

{"gamma’: 8.01, 'C': 104}
Figure 43: SVM parameter tuning

The code and the output for finding the best parameters using randomized search
along with 10-fold cross validation for SVM is displayed in figure 43.

SVM_rus2 = SVC(C = 102 , gamma = ©.81)

svm_rus2.fit(x_train_res, y_ train_res)
y_pred_swvm_rus2 = swvm_rus2.predict(x_test)
Svim_rus2_auc = roc_auc_score(y_test, y_ pred_swvm_rus2)

print(f"AUC Score of Support vector Machine: {swvm_rus2_auc}™)
print (classification_report(y_test, y_pred_swm_rus2))

AUC Score of Support vector Machine: @.6994643484369512

precision recall fl-score support

=) B.99 a.7e .82 25623

1 .84 a.69 a.a7 396

accuracy a.7e 26819
macro awvg @.51 a.7a a.45 26019
weighted avg e.98 a.70 2.81 26219

Figure 44: Tuned version of SVM

The code and the result for the tuned version of SVM is displayed in figure 44.
The SVM built under SMOTE is similar to this, instead _rus and _res is replaced
with _sm. Additionally, SVM is not hyper tuned because under RUS, after hype
tuning, the recall value decreased by 1%.
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9.7 Voting Classifier (VC)

from sklearn.ensemble import VotingClassifier

we_rus = VotingClassifier{estimators = [("AadaBoostClassifier™, ab_rus), ("seDClassifier”™, sgd_rus2),
("LogisticRegression”, logreg rusz}], woting = "hard™)}

we_rus.fit{x_train_res, y_train_res}
y_pred_we_rus = w_rus.predict(x_test)
we_rus_auc = roc_auc_score(y_test, y_pred_wc_rus)

print(fTaAUC Score of voting Classifier: {vec_rus_aucl}l™)
print {classification_report(y_test, y_pred_wvi_rus))

AuC score of Woting Classifier: 2.7918851876272254

precision recall fl-score support

@.99 2.73 a.84 25623

1 a.a4 g.67 2.ey 296

accuracy 8.73 26019
M3cro avg .52 a.7a a.46 26219
weighted awvg 9.98 e.73 .83 26019

Figure 45: Code and result for VC

The code and the result for VC is displayed in figure 45. The VC built under
SMOTE is similar to this, instead _rus and _res is replaced with _sm.

9.8 Stacking Classifier (SC)

from sklearn.ensemble import StackingClassifier

stack_rus = StackingClassifier{estimators = [{"ab_rus’, AdaBoostClassifier()),
{"spd_rus2', seDClassifier(randos_state = 71))],
final_estimator = logreg rus2)

stack_rus.fit(x_train_res, y_train_res)
L y_pred_stack_rus = stack_rus.predict({x_test)
stack_rus_auc = reoc_auwc_score(y_test, y_pred_stack_rus)

print{f AU Score of Stacking Classifier: {stack_r'us_aul:}"}
print (classification_report{y_test, y_pred_stack_rus))

AU Score of Stacking Classifier: @.6975963534182712

precision recall fi-score  support

B.99 a.66 a.79 25623

1 8.3 a.73 a.96 396

accuracy a.66 26819
macre avg a.51 Q.78 B.43 26819
weighted avg B.98 B.66 a.78 26219

Figure 46: Code and result for SC

The code and the result for SC is displayed in figure 46. The SC built under
SMOTE is similar to this, instead _rus and _res is replaced with _sm and the ran-
dom_state of SGD classifier which is a base learner is set to 50.
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