The data is then read in from a CSV file using the read_csv function

from the readr

package.

e The data is checked for missing values using the sapply function,

and unnecessary

columns are removed using the select function from the dplyr package
The last two

rows are also removed using the slice function from the dplyr packag

e.

e Next, numerical null values are imputed with the mean using the mu

tate_all function from

the dplyr package.

e Numerical variables are then scaled using the scale function, and

outliers are detected

and removed using a custom function that utilizes the quantile and i

nterquartile range.

e The caret package is loaded, and categorical variables are convert

ed to numerical using

the dummyvars and predict functions.

e A correlation matrix is then created using the cor function, and h

ighly correlated columns

are identified using the which and abs functions. These highly corre

Tated columns are

removed from the dataset.

e The data is then split into training and testing sets using the cr

eateDataPartition function

from the caret package.

e The logistic regression model is then fit on the training data usi

ng the cv.glmnet function

from the glmnet package.

e Predictions are made on the testing data using the predict functio

n, and the accuracy of

the model is calculated. The F1l score 1is also calculated using the F

1_Score function

from the MLmetrics package.

e The coefficients from the fitted model are extracted using the coe

f function, and a data

frame is created with the variable names and coefficients.

e This data frame is then sorted by absolute value, and the top 10 f

eatures are selected.

The top 10 features are then used to fit another Togistic regression

model on the training

data and make predictions on the testing data.

e The accuracy of this model 1is also calculated and the value comes

out to be 0.9032258

and F1 score is 0.8888889

e It can be observed that selecting the top 10 features and training

on them doesn’t affect

our accuracy by a significant amount, hence all the features are sig

nificant to our model

and should be considered while training.

Code:

# Installing the package
install.packages("cvms")
install.packages("tibble")



install.packages("vctrs™)
install.packages("tidymodels™)
install.packages("plotRoC")
install.packages("tidymodels™)
install.packages("ROCR")
install.packages("caTools")
install.packages("plotRoC")

# Loading package
Tibrary(caTools)

Tibrary(ROCR)
Tibrary(tidyverse)
Tibrary(readx1)

Tibrary(dplyr)

Tibrary(cvms)

Tibrary(tibble)
Tibrary(tidymodels)
Tibrary(plotR0OC)
Tibrary(ggplot2)

df <- read_excel("C:\\Users\\Dr.octopus\\Downloads\\ch datasets\\pre
Timinary.xl1sx")

df

data<- df[c(1,2,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,22,23,2
4,25,26,27,28,29,30,31)]

data

x <- df$retained

Togistic_model <- glm(x ~ .,

data = data,family = "binomial")

Togistic_model

summary (logistic_model)

predict_reg <- predict(logistic_mode,data, type = "response')

predict_reg
predict_reg <- ifelse(predict_reg >0.5, 1, 0)
predict_reg

#plot logistic regression curve
ggplot(mtcars, aes(x=x, y=predict_reg)) +
geom_point(alpha=.5) +
stat_smooth(method="glm", se=FALSE, method.args = list(family=bino
mial),
col="red", Tty=2)

d_multi <- tibble(x = floor(runif(100) * 3),
predict_reg = floor(runif(100) * 3))

d_multi

conf_mat <- confusion_matrix(targets = d_multi$x,

predictions = d_multi$predict_reg)

call: glm(formula = x ~ ., family = "binomial", data = data)

Coefficients:

(Intercept) Age Gender Ethnicity Marital
Livewith Education palpitations orthopnea
-0.761377 -0.005619 -0.019384 0.342394 0.051376

0.434566 -0.011749 -0.083112 0.270789



chestpain hausea cough fatigue dyspnea

edema PND tightshoes weightgain
0.170977 -0.075170 0.314495 -0.065199 -0.153922
0.322018 -0.054901 -0.114831 -0.096670
DOE
0.254748

Degrees of Freedom: 400 Total (i.e. Null); 382 Residual
(5 observations deleted due to missingness)

Null Deviance: 492.8

Residual Deviance: 458.8 AIC: 496.8

> summary(logistic_model)

Call:
glm(formula = x ~ ., family = "binomial", data = data)

Deviance Residuals:
M1in 1Q Median 3Q Max
-2.0848 -1.1888 0.6624 0.8502 1.4349

Coefficients:
Estimate Std. Error z value Pr(>|z]|)

(Intercept) -0.761377 1.329205 -0.573 0.5668
Age -0.005619 0.010482 -0.536 0.5919
Gender -0.019384 0.236557 -0.082 0.9347
Ethnicity 0.342394 0.272325 1.257 0.2086
Marital 0.051376 0.197816 0.260 0.7951
Livewith 0.434566 0.287354 1.512 0.1305
Education -0.011749 0.084535 -0.139 0.8895
palpitations -0.083112 0.136067 -0.611 0.5413
orthopnea 0.270789 0.126637 2.138 0.0325 *
chestpain 0.170977 0.143793 1.189 0.2344
nausea -0.075170 0.149471 -0.503 0.6150
cough 0.314495 0.126296 2.490 0.0128 *
fatigue -0.065199 0.151458 -0.430 0.6669
dyspnea -0.153922 0.145273 -1.060 0.289%4
edema 0.322018 0.140226 2.296 0.0217 *
PND -0.054901 0.121587 -0.452 0.6516
tightshoes -0.114831 0.148799 -0.772 0.4403
weightgain -0.096670 0.123382 -0.784 0.4333
DOE 0.254748 0.132684 1.920 0.0549 .
Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * 1

(Dispersion parameter for binomial family taken to be 1)
Null deviance: 492.76 on 400 degrees of freedom
Residual deviance: 458.82 on 382 degrees of freedom
(5 observations deleted due to missingness)
AIC: 496.82
Number of Fisher Scoring iterations: 4

> predict_reg <- predict(logistic_model,

+ data, type = "response')
>

>

predict_reg
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349 350 351 352 353 354 35

5 356 357 358 359 360
0.8689242 0.7053013 0.5815129 0.7936684 0.4827444 0.3900614 0.603123
5 0.6461643 0.7361427 0.6736795 0.8711033 0.7157650

361 362 363 364 365 366 36
7 368 369 370 371 372
0.4572729 0.6513582 0.5599371 0.8468324 0.6966746 0.7269729 0.581457
7 0.7477120 0.9349720 0.8342192 0.5028786 0.6018066

373 374 375 376 377 378 37
9 380 381 382 383 384
0.8560305 0.7258270 0.7443381 0.7910161 0.5247357 0.5992575 0.679476
2 0.7051483 0.7471050 0.7291205 0.7769276 0.6937445

385 386 387 388 389 390 39
1 392 393 394 395 396
0.7123533 0.6140431 0.6953792 0.6098041 0.6202082 0.6631964 0.895107
0 0.6021557 0.5447013 0.6236694 0.7553344 0.6853452

397 398 399 400 401 402 40
3 404 405 406
0.8654841 0.6888848 0.5192177 0.7563261 0.7409323 0.7120946 0.554015
3 0.5194803 0.7306429 0.7748058

(2) Heart Health Data

First of all, | made a copy of the heart health data to generate a separate data frame in order to use a
logistic model to forecast if a person will seek medical attention in two days or less. | then made a new
column called "delay_day_2" with values of 1 if the value in delaydays is less than or equal to 2, else
0, and 0 otherwise. | removed all the pointless columns (ID, delaydays) from the data frame before
fitting the logistic regression model to the dataset.

| then used the prepared data to fit the logistic model by designating the delay_day_2 column as the
dependent variable and the other factors as independent variables. This is a summary of the fitted
logistic model:

call: glm(formula = x ~ ., family = "binomial", data = data)
Coefficients:
(Intercept) Age Gender Ethnicity Marital
Livewith Education palpitations orthopnea
-0.761377 -0.005619 -0.019384 0.342394 0.051376
0.434566 -0.011749 -0.083112 0.270789
chestpain nausea cough fatigue dyspnea
edema PND tightshoes weightgain
0.170977 -0.075170 0.314495 -0.065199 -0.153922
0.322018 -0.054901 -0.114831 -0.096670
DOE
0.254748

Degrees of Freedom: 400 Total (i.e. Null); 382 Residual
(5 observations deleted due to missingness)

Null Deviance: 492.8

Residual Deviance: 458.8 AIC: 496.8

> summary(logistic_model)

call:
gIlm(formula = x ~ ., family = "binomial", data = data)



Deviance Residuals:
Min 1Q Median
-2.0848 -1.1888 0.6624

Coefficients:

3Q
0.8502

Estimate Std.

(Intercept) -0.761377 1.329205
Age -0.005619 0.010482
Gender -0.019384 0.236557
Ethnicity 0.342394 0.272325
Marital 0.051376 0.197816
Livewith 0.434566 0.287354
Education -0.011749 0.084535
palpitations -0.083112 0.136067
orthopnea 0.270789 0.126637
chestpain 0.170977 0.143793
nausea -0.075170 0.149471
cough 0.314495 0.126296
fatigue -0.065199 0.151458
dyspnea -0.153922 0.145273
edema 0.322018 0.140226
PND -0.054901 0.121587
tightshoes -0.114831 0.148799
weightgain -0.096670 0.123382
DOE 0.254748 0.132684
Signif. codes: 0 ‘*%%*’ (0.001 ‘**’
(Dispersion parameter for binomial

Null deviance: 492.76 on 400
Residual deviance: 458.82 on 382

(5 observations deleted
AIC: 496.82

A logistic model to determine whether a patient will seek medical attention on or before the cohort's

average number of delay days.

Once more, | made a copy of the heart health data and generated a different data frame. | then
established a new column called "delay day avg," with values of 1 if the value in the "delaydays" column
is less than or equal to its mean value and 0 otherwise. | removed all the pointless columns (ID,
delaydays) from the data frame before fitting the logistic regression model to the dataset.

| then used the prepared data to fit the logistic model by designating the delay day avg column as the
dependent variable and the other factors as independent variables. This is a summary of the fitted

logistic model:

Code:

# Installing the package

install.packages("cvms")

Max
1.4349

Error z value Pr(>|z])

-0.573 0.5668
-0.536  0.5919
-0.082 0.9347
1.257 0.2086
0.260 0.7951
1.512 0.1305
-0.139 0.8895
-0.611 0.5413
2.138 0.0325
1.189 0.2344
-0.503 0.6150
2.490 0.0128
-0.430 0.6669
-1.060 0.2894
2.296 0.0217
-0.452  0.6516
-0.772  0.4403
-0.784  0.4333
1.920 0.0549 .
0.01 “*’ 0.05 °“.

family taken to

0.1 ¢
be 1)

degrees of freedom
degrees of freedom
due to missingness)

1



install.packages("tibble")

install.packages("vctrs")

install.packages("tidymodels")
install.packages("plotROC")
install.packages("tidymodels")
install.packages("ROCR")

install.packages("caTools")

install.packages("plotROC")

# Loading package

library(caTools)

library(ROCR)

library(tidyverse)

library(readxl)

library(dplyr)

library(cvms)

library(tibble)

library(tidymodels)

library(plotROC)

library(ggplot2)

# load the dataset

df <- read_excel("C:\\Users\\Dr.Octopus\\Downloads\\ch datasets\\heart-health-data.xIs")
df

df <- subset(df, select = -c(ID))

df

data<- df[c(1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18)]
data

dfSdelaydays

dfSdelaydays <- as.factor(ifelse(dfSdelaydays > 1, 1, 0))
x<-dfSdelaydays

X

#train_test



#dfSdelaydays
# Training model
logistic_model <- gim(x ~ .,

data = data,

family = "binomial")
logistic_model
summary(logistic_model)
predict_reg <- predict(logistic_model,

data, type = "response")

predict_reg
predict_reg <- ifelse(predict_reg >0.5, 1, 0)

predict_reg

basic_table <- table(x,predict_reg)
print(basic_table)
cfm <- as_tibble(basic_table)
cfm
HHHHHHHHHHH R HHHH
dfSdelaydays <- as.factor(ifelse(dfSdelaydays > 1, 1, 0))
x<-dfSdelaydays
X
#train_test
#dfSdelaydays
# Training model
logistic_model <- glm(x ~ .,

data = data,

family = "binomial")
logistic_modell
summary(logistic_model)

predict_reg <- predict(logistic_model,



data, type = "response")

predict_reg
predict_reg <- ifelse(predict_reg >0.5, 1, 0)

predict_reg

basic_table <- table(x,predict_reg)
print(basic_table)
cfm <- as_tibble(basic_table)

cfm



