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1 Introduction

The research involves implementation of a custom optimized CNN model for diabetic
retinopathy(DR) screening using retinal fundus images. In this configuration manual,
the author has included all the processes that might be necessary for replication are
listed. The overall flow of the project will be explained along with code snippets from
the relevant phases for better understanding.

2 System Configuration

The system configuration and software for carrying out this research are as mentioned
below.

e Windows 11 system with a 3.2 GHz quad-core Intel Core i5 processor, 16 GB of
3200 MHz DDR4 RAM, and a 2 GB Nvidia GeForce MX450 graphics card with
512 GB SSD storage. This research requires around 10 GB of free space for smooth
running.

e The tools and software used in this research are Jupyter notebook using Anaconda
for python code implementation, and Microsoft Excel for the labeled file of the
dataset.

3 Data Collection

The dataset for this research has been taken from a Kaggle public repository{} This data
can be used by the public for any purpose. It consists of 3662 colored retinal fundus
images under 5 categories along with a file containing the image and its category details
for mapping purposes.

4 Required Libraries

This research requires different libraries like pandas, numpy, seaborn, matplotlib, os,
tensorflow, keras, shutil, pickle, sklearn, cv2, tqdm, glob, datetime, math, random, time
and zipfile. The libraries of sklearn and tensorflow will be used to calculate the metrics,
label encoding, application of pretrained models for which the relavant code snippets are
mentioned in sections .

'Dataset: https://rb.gy/cvauju


https://rb.gy/cvauju

5 Data Preprocessing & Transformation

The dataset has 5 different categories of retinal fundus images namely Mild, Moderate,
Severe, Proliferate and No DR. In this research, since the aim is to screen for diabetic
retinopathy, hence it will require only 2 broad categories of DR and No DR as illustrated
in Figure
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import pandas as pd df[ "type' ].value_counts().plot{kind="barh')
from tensorflow.kerss.preprocessing. image import ImegeDataGenerator
import numgy as np <AvesSubplot:s
import random, os
import shutil
import matplotlib.pyplot as plt
from matplotlib,image import inread on .
from sklearn.model_selection import traim_test_split
import cv2
from tode isport todm Proliferate I?’\-
smatplotlib inline
import glob
isport merge Wad -

from sklearn import preprocessing
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Figure 1: Data Understanding

Hence the pictures are merged according to their labels as shown in Figure 2] Once this
is done, it is necessary to perform augmentation to increase the number of images and
add more variety to the images so that model can be trained efficiently.Also, the images
are then split into 80:20 train to test ratio so that it is prepared for modeling with the
use of custom optimized CNN. For this, a new directory needs to be made in which train
and test folders will be made through the code and those particular number of images
will get transferred to the DR and No DR folders of train and test folders accordingly as
shown in Figure [3]

At the end of this activity, there will be two separate folders. One will have two sub-
folders of DR and No DR having 4800 images in each of them. The other folder will have
test and train folders in which they will have their own DR and No DR folders containing
80% of images in train and 20% of the images in the test folders. Now, the images are
ready in the required folders for the modeling process of each of the custom optimized
CNN, ResNet 50 and Logistic Regression models.



impert shutil
import os

L ciion to create new Folder if not e
def make_new_folder{folder_name, parent_folder

& Path
gath = ops.path.joln(parent_fo

der, folder_name)

¥ mode of the folder
mode = @aTT7

¥ Creste folder
os.mkdir{path, mode)

except 0SError as error:
print{error)

def createDataset({currPath):
¥ current folder path

current_folder = currfath

urrent_folder)

#§ List of folders to be merged
list_dir = ["Mild",

'Hoderate'

tent of oll the
§ it in o gictiomary
content_list = {}

for index, val in e
os.path.j
t_list| List_

whick all the content will

o
[index] | = os.listdir(path)

¥ folder tn which all the conten? will
¥ be merged
merge_folder = "OR"

U merge_folder path - current_folder
¥+ marge folder

merge_folder_pa

¥ create merge fi §
make_new_folder(merge_folder, current_fold

¥ Logp through the LIS of fi
for sub_dir in content_list:

¥ Loop through the conteénts of the
¥ List of folders
for contents in content_list[sub dir):

Lo move
+ contents

¥ make the path of the cont
path_to_content = sub_dir + /"

I make the path with the curreént folder

Join{current_folder, path_to_content )

dir_to_move = os,pat

¥ move Lhe file

shutil.move(dir_to_move, nerge folder_path)

for entry in o8, scandir|current_folder):
if os.path.lsdir{entry.path) and not os.listdir(eatry.path) :
o5, radir{entry.path)

Figure 2: Data Merge

celbone, target
batch siesl, shet¥leFalse, sav to dir=t

sive_for

5. makedirs(test_d

save pref

sdirse"C:\\Wsers'\kalya'\D
classlist=os. Lstdir(sdir)
Ffilepaths=[]
labels=[]
for klass in classlis
classpathsos. path, joln(sdir klass)
if os.path.isdir(classpath):
Flist=os.listdir({classpath)
for £ in flist:
fpathsos . path, Joln{classpath, £}
Fllepaths . append(fpath)
labels. append (klass)
Fseriesspd.Series(filepaths, name
Lserlesspd, Serles(lsbels, names’lal
df=pd.concat{[Fseries, Lseries], axis
print (of( labels’ |.value_counts())

R 2800
No DR 4889
Name: labels,

5 n and test
train, test = train test_split(df, test_size = 8.2, stratify

label_sncoder = preprocessing.LabelEncoder()

df["labels’] = label encoder.Fit_transform(df] labels®])

\\Diabetic_Retinopathy'\New_Folder"

sre_di \Wsers\\kaly
for index, row in train.iterrows():

diagnosis = row| " labels® )

binary_diagnosis = row["labels’]

srefile

dstfile dir, binary_diagnosis)

os.makedirs(dst#ile, exist_ck = True)
shutll.copy(srcflile, dstfile)

dlagnesis = row| " label
binary_diagnosis
srefile = rowl”
os.path. join{test_dir, binary_diagnosis)
s(dst¥ile, exist_ok = True)
shutll.copy(srcflile, dstfile)

Figure 3: Data Augmentation & Train Test Split

&F[ "Llabels"])




6 Custom Optimized CNN Model

Figure [4, Figure 5 Figure [6] and Figure [7] represent the code snippets for the custom
optimized CNN. These include the import of the train and test split files, implementation
code for CNN and the evaluation of the same.

I ing Mecessory pockoges dita = datisel.read_traln_sets(traln path, ing slie, clidies, valldatlen slpesvalldation slze)
¥natplotlib Enline

from sklfarn.netrics import cosfusion matrix -

from datetine import tinedelta P-;. der DR (Teden: B)

from os.path import isfile, isdir

from sklearn.metrics ispert cosfusion matrix
inport rumpy as np

import pandas as pd

import tensorflow as Lf

import matplotlib.pyplol as plt

import os

import cwl

import math

import pickle Loading Lestisg images
impart dataset

Reading +1les from folder Mo DR (Index: 1)
Finlshed reading traln data

read_test_setitest_path, ing size, classes)

ta")

der DR (Index: @)

Reading flles from
. der WO DR (Teddex: 1)

import random Reading Filis from
import Cime

impart zipfile
import seaborn as sns

Findshed load

Finlshed loading testing duta

==*)
La.traln, labeli)) )
valid. 1abalz] )}

and Testing directories

train_path = images folder path +'/train®
test path = Images folder path +°/test
checkpoint dir = “models/”

4 batch size
batch size = 32

¥ validaticon split, 28% of the ofo will be used for valicotion

validation size = 8.2

§ image disensions
ing size = 178 elie:
randon_indices = random.sample(ranps(len(inages)), nin{len|isages), 5))

§ Nembér of coler charnéls for the images: 1 chormoel for gréy-soale.

fim_charmels = 1 . €li_true i cls_trug[1]) For § in randos_indices])
¥ Size of image when fLotlensd to o Single dimens ion

ing size flat = ing size ® img size * ram _channels

¥ Tuple with beight ond width of imoges used to reshope orrays. £
ing shape = [img size, img <ize) Ahl
reckape{ing size, img size, num chamels))
8", Format "_l-__ll _rL'_j:
Pred: {1)".Format(cls_true[l], cls_pred(i])
Cor hor iaontalal ignment="cenl
Filter size o
nim_filters_comwd = 64 I Remowe Ticks from the plat.
L ax.set_xthces([ ]}
e e et T ) ax.set_yticks{[])
fe_layer_size = 128 & Momber of neurcns in fully-comnected Layer.

Ihumber o

classes =

ni closses
listdir(train path))
lenfclasses )

num_classes =

Figure 4: CNN Implementation - 1

Figure [d] describes some of the parameters that have been chosen for the custom optimized
CNN model along with the loading process of the transformed data. Figure [5| explains
the core part of the CNN code with all the details of the used layers in the optimized
CNN model. It also contains the functions for the calculations for weights and biases for
the model.

Figure [6] depicts the last part of the CNN function which includes the code for optimizer,



from mumpy.rindon ispert seed
seed(1)
tf randon. set_ssed(1)

# Rethod lo create weiphls ond bloses
def create welghls(chape):

Feturn UF Varlable{ti . truncated noral (shaps, stddev=i.E5))
def credte blases[iln):

return tF Variale{té constant(8.05, shapes[size]))

¥ Relhod 1o create frofure deleclor

def create_cemvelublonal layer(inpst, I The previcus Layer.
mm_ingut_chamels, F Num. chomels 1n prev.
|w_ﬂlur_5jir, ¥ Widih ond r»i.;,nl of eazh Filter,
oun_tilLers, T Nunber of fillers.
wii pooling=True): ¥ Use 2a2 mix-pooling.

&¥ Define the wrights that will be Droined siing create_weights fuschion,

& Creating Final newral metowk Loyers after feamiure detection
def create_fo_leyer{input,

mun_inguls,

Run_cutpuits,

e _relusTroe)

dlet s define froinoble weighfs ond bioses,
welghts = creste weights|shepes[mm_inputs, mss owtputs])
Blases = creale Blases{mm oulputs)

SColcwlate the Layer os the sotrix multipl [cotion of the input ond weights,
dand o the blas-volues, using mileul furclion
layer = tf.matmul (irgut, weights) + blases
duging RELY
EF wie_relu:
layer » tf.ma, rele] layer)

return layer

dFlgceholder variobles for merging the fype ond shope of X ond ¥ wriokles for model creg

welghts = (reate weights(shape:[com_filter size, conv_filter slie, num isput chamels, rum £1lters])| dapert tensortlow.conpat.vl i Lf

& Create bloses osing the creote blsded funclion which are olso Dralned.
blases = create bisses{mm ilters)

& Cregting the comolutional Loyer

Liger = UF. oo, comiddl] Engutsinpat,
#11ter=ueights,
strides=|1, 1, 1, 1],
padding="S4")

Lger += biases

&0 e shall be wilng mav-pooling.

layer = tf.nf.nax_pool{value=Layer,
ksize=]l, 2, 2, 1],
strldesa(l, 2, 1, 1),
paddings"S4E" )

B Output of pooling i< fed [0 Relw wivich is the ectiwition fusction for o,
Liyer = tf.nei.reluf Layer)

¥ ke réturn both Che résulling loyer and the filbér-weights becouse we will plof the weights laler.
return Layer, weights

F Rethod 1o
def create

cofvert A-diménsional arrgy into flot armdy

Natten_Layer{layer):

Betting the shape of the Layer from bhe previoss Loyer.
Leyer_shape = layer.get_shape()

Mmber of feotures will b Dng belioht * Dng widdh" num charmels.
un_fealerss = layer shape[1:4].m elenentsl)

IFlotien the Loper 50 we shall have [o reshape [0 num fratures
flaitened layer = tf.reshape(layer, [-1, mm feabures])

¥ Return both the flottened Loyer ond the nomber of frotures,
retuen flattened_layer, mem_festures

tf.disahle v behavior()
x = tf.placeholder(Uf.Floatdd, shape=[Nose, Leg slre, Ing Slie,mum chanels], name="x')

dlabels
y true = tf.placeholder(tf Floakdl, shape=|Mone, rum Clasies), name='y_Lres')
y Urue_cls = tf.argaxiy_true, disension=1)

aComw Layer 1

layer_conwl, welights corvl & creste convalutional Leyer{isputsx,
ran_isput_channels=num_channels,
conv_¥lller sires#llter slie convl,
mun_fF1Iterszmam_filters_convl,
use_pooling=True}

WCony Layer I

Layer_comyl, weights_com = creale_convolutional Layer{ispuls Layer_comwl,
man_isput_channelssnum_fllters_coml,
conv_filter sizesfilter size comvi,
rn_#1 Iterssmm $10ters_conwd,
uie_poollng=True}

#Comw Layer 3

layer_conwd, weights_comd = creste_convelutional layer{isput=layer_comwl,
man_inpul_channelsznum_filters_coml,
conv_filter_sizesFilter_siae_tonwi,
o _EL L ers zium_$iMters_cenwd,
win_poelingsTrus}

aFLatten Layer
layer_#lat, mm fealures = creale flatben layer|layer_comd)

WFC Loper 1

layer_fel = creale_fio_layeri inpul=layer_flat,
rum_inputs=rem_features, Sloyer_flot. get_shopef)[1:
rum_culpats=fi_Layer_sipe,
whe_relusTrue)

], eLemenis ()|

&FC Layer 2

layer #¢2 = ereste #c_layer(inputslayer fci,
rum_inputs=#i_layer siie,
mum_oulpelsonm olasies
wie_relu=Falis)

Figure 5: CNN Implementation - 2




1 wrly stopplag:
F val_loss « best_vad lois:
Joss, = val_loss
patbeace = @
el
palLkence #= 1

y_pred els = tF.arguaniy pred, disensbor=])

ISt Function and opCinieer
criss_entropy = UF.an.softess grass enbrogy_ with legits(logits-layer fel,
1zhelszy true]

== warly stopplng:

oSt = Of.redeté masi(crass entropy)
ptinizer = Uf. train AdmOptini2er{lsarning rate=1e-2) alnlakze{oost]
FPerforaance mevsures

corredt prediction = OF.equad(y pred s, y_tree ¢ls)
Boguray = Uf . pedude den| tF. casti correct prediction, tF.flaatiz))

B b lweed Wl el lmes,

acr = sesshon. mm(acceracy, feed dict=feed dict brain)
wal ace = sessim.nmaccuracy,

exieple errors{cls pred, cormect):
ol i
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I L
, ac, wal ace, val lees))
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ining emmples - x Batch now bolds & Bateh of imoges ond y Bree babch ore [he

s _pred):

a_vellid Bateh, y_valid Batch, _, valid ¢l batch = data.valid. nest hatchibatch size) el sl
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WPt The batok o dict with the proper nomes for @
Feed dict_train = {x: x bath, et ihe confusion molrir wing sklsom,
§_bree: y brue Batch} in = corhelon satrie(y tre=cls tre,
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y_brues y valid babch}
text,
dRun [he cptisiner wding LHDS Craining duto Balch

sesslon.run(optinier, Feed dict=feed dict trakn) Mty = a3 2]/ fcnft Blocald 1)
e ", semsitdvity )
(a2, B a1, 1)
speiticity)
Frecislon = ca[8, 2]/ (oa[#,B]+call,8])
Flal® [Preclilon * sesditivity) / (Prechiben + semdlUivity)
F1 Sore: *, F)
hiwi prigresafspoch, fasd dict tradn, fesd @ct walidats, wal loss) e confus (o8 EOtrin & of Lage.
Saper Lined secsion, " TR D -l | gt st ihouin)

#Print stotus of feach dpoch (defined oo full

5 1 ¥ int[data.train, oo _eceples Balch size) = &
wal_log% = sesshon.nen(osh, feed dict-eed dict walidata)
gpoch = Satf | int(data. train, mm xamples/bated sine))

pass Dhrough Eroied

Figure 6: CNN Implementation - 3




cost function and cross entropy function. Apart from it, it shows the creation of a session
for running the model with the function for confusion matrix and the evaluation metrics.

pem Sy SR T )

prist_valEdation accuracy(dhow ecanple errors-False

i you may wish o wse e.g. “np.Ied

g “mp.Ent
check the release mote link for additional info
‘! |Deprecated In MaPy 1.3; for more defails and

will mod oo
Fy the precision.

Figure 7: CNN Implementation - 4

7 ResNet 50 Model

In this model, the data is taken directly from the folders which have complete DR and
No DR data. These are then loaded and label encoded so that they can be given as input
to the model. It is then normalized and then split into train and test in ratio of 80:20.
The train data is again divided into train and validation data in the same ratio. Now it
is taken as an input into the model which is depicted by Figure



from tensorflow.keras.applications import Reshet5@

res_model = ResMetS5@8(input_shape=(64, &4,3), include_top=False, weights="imagenst")

from tensorflow.keras.applications import Reshet5@

from tensorflow.python.keras.models import Sequential

from tensorflow.python.keras.layers import Dense, Flatten, GlobalAveragePooling2D
from tensorflow.keras.models import Sequential

for layer in res_model.layers:

layer.trainable = False

res_model = Sequential()
res_model.add({ResNet5@(include_top=False, weights='imagenet', pooling='max"))
res_model.add{Dense(1, activation='sigmoid'))

res_model.compile(optimizer = tf.keras.optimizers.SGD(1r=0.80@1), loss = 'binary_crossentropy’, metrics = ['accuracy'l)
res_model. summary ()

resnet_history = res_model.fit(x_train, y_train, validation_data=([x_vall, v_wval),
epochs=18@, batch_size=&4, verbose=1, shuffle=True)

Figure 8: ResNet Implementation - 1

Figure [0 depicts the code snippet for the evaluation of the model along with the test
result of the implementation.



def plot_curves(resnet_history):

loss = resnet_history.history["1loss"]
val loss = resnet history.history["val_loss®)

accuracy = resnet_history.history["binary_accuracy™)

val_accuracy = resnet_history.history["val_binary_accuracy"]

epochs = range(len{resnet_history.history["loss"]))

#plot Loss

plt.plot(epochs, loss, label = “training_loss")
plt.plot(epochs, val_loss, label = "val loss")
plt.title("loss")

plt.xlabel("epochs")

plt.legend()

#plot accuracy

plt.figure()

plt.plot{epochs, accuracy, label = “training_accuracy®)
plt.plot{epochs, val_accuracy, label = "val_accuracy”)
plt.title("accuracy”)

plt.xlabel{"epochs")

plt.legend()

import matplotlib.pyplot as plt

# summorize history for accuracy
plt.plot(resnet_history.history['sccuracy'])
plt.plot(resnet_history.history['val_accuracy'])
plt.title('model accuracy')

plt.ylabel( accuracy')

pit.xlabel('epoch’)

plt.legend([ 'train', 'test'], loc="upper left’)
plit. show()

£ summarize history for Loss
plt.plot(resnet_history.history['loss"])
plt.plot(resnet_history.history[ 'val_loss'])
plt.title( 'model loss')

plt.ylabel( 'loss")

plt.xlabel( epoch' )

plt.legend(['train', 'test'], loc="upper left’)
plt. show()

score = res_model evaluate(x_test,y_test)

BA/60 [ssssmssranssanmnannnimnnennnea] - 25 996ms/shep - loss: 96481 - accuracy: 8.7715

predict = res_podel. predict(x_test)

B3/60 [swssmsssanssnnnnnnnninnnnnnnes] - £33 §90ms/skep

predict = predict.astype(int)

#oet the confusion matrir using shledrn.

o = confesion_mebrixly_tree=y_test,y_pred-predict)

#Print the confirsion mstriy os test.
print{om)

sensitivity = ea{8, 8]/ (ca{e,0]+cage,1])
print( 5 s ', sensitivity )
spacifich 1]/(cnf1,8)+ca{1,1])

print( "Specifi 2 Specificity)

Precision = on[@,81/(cn(8,9]+ca[1,8])

F1=2" (Precision * sensitivity) / (Precision + semsitivity)
print( ‘1 Score: °, F1)

#Plat the confusion matric os o isoge.

plt.matshow{m)

Sk vorious odjusteents to the plot.
#plt.colorbar()

sas. heatmap{m, aneot=True, fts'd', caaps'Elues’)
tick_marks = np.arenge(l)

plt.xticks(tick marks, range{2))

plt.yticks(tick marks, range(2))

plt.xlabel(' Predicted’)

pit. ylabel{'True')

SEnsure the plot is shown correctly with multiple plots in o single Notehook cell.
plt. showl)

[[585 384]

[134 757]]

Sensitivity: @.6e0G1BERGETSGI1E
Specificity: @.BS6066T432B67864
F1 Score: B, TSTH433628310585

[ 1
-1

k) ]
- '

i
&0

e

-X0

2

g

5

Figure 9: ResNet Implementation - 2



8 Logistic Regression Model

In this model, the complete set of 4800 images each in the DR and No DR folders are
loaded and encoded post which they are converted into greyscale. Weight and bias are
initialized to zero and sigmoid function is introduced. Figure [10] represents the forward
and backward propagation code snippet.

# Forward and backward propagation
def propagate(X, ¥, w, b):
m = ¥Y.shape[l]
grads = {}
A = sigmoid(w.T @ X + b) # forward propogotion
cost = -1/m * {np.sum (¥ * np.log(A)}) + np.sum{{1 - ¥) * np.log{l - A))) # cost function

# bockword propogation
grads['dw'] = 1/m * X @ (A - ¥).T
grads['db'] = 1/m * np.sum(A - Y, axis = 1, keepdims = True)

return A, grads, cost

# Logistic regression function

def logistic_regression(¥, ¥, learning_rate = 8.8086, num_iter = 288, print_cost = True):
w, b = initialize_parameters({X.shape[@8]) # initailize the parameters
costs = []

¢ Logistic regression

for i in range{num_iter):
A, grads, cost = propagate(X, Y, w, b)
if print_cost and 1 ¥ 28 == B:

print("Iteration #" + str{i) + "\tCost walue = " + str{cost))
costs.append{cost)
w -= learning_rate * grads[ dw']

b -= learning_rate * grads['do"]
# compute the cost of the fingl parameter
A, grads, cost = propagate(X, ¥, w, b)
print("Final cost wvalue = " + str{cost)})
costs.append(cost)

return w, b, costs

Figure 10: Logistic Regression Implementation - 1
Figure depicts the model training phase of the Logisitc Regression model with the
required parameters.

Figure 12| shows the evaluation part of the implemented Logistic Regression model.
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# Split the data to troinstest set
¥_train, X_test, Y train, ¥ _test = train_test split(X.T, ¥.T, test size = 8.25, random_state = 5)
X_train, X_test, Y_train, Y_test = X_train.T, X_test.T, Y_train.T, Y_test.T

# Print some detail

m = Y.shape[l]

m_train, m_test = ¥ _train.shape[1], Y _test.shape[1]

yl_train, yl_test = np.sum(Y_train), np.sum(¥_test)

print{"number of train samples: " + str{m_train) + "(" + "{@:.2F}".format{m_train/m*182) + "¥)")

primt("nusber of DR cases in train samples: " + ste(yl_tradn) + (" + "{@:.2f}".format(yl_train/m_train*188) + "%)")
primt{“number of test samples: " + strim_test) + “(" + "{8:.2f}".format{m_test/m*188) + "¥)")

print("nusber of DR cases in test samples: " + striyl test) + "({" + "{0:.2F}".format(yl test/m test*18@) + "¥)")

W, b = initialize_parameters(X.chape[@]) # initoilize the parameters

w, b, costs = logistic_regression(¥_train, Y_train, learning_rate = 8.8006, num_iter = 209)
_ = plt.plot(costs)

plt.xlabel("number of iterations")

plt.ylabel("Cost value™)

plt.grid()

plt.show()

# Predict function
def predict(X, ¥, w, b):
A, _, _ = propagate(X, ¥, w, b)
A[A »= 8.5] = 1
A[A < 8.5] = @
diff = np.abs(A - Y)
acc = 1 - np.sum{diff)/diff.shape[l]
return A, diff, acc

yhat_train, _, acc_train = predict(¥_train, Y train, w, b) # Accuracy on trgin set
print{“Accuracy on train set: " + "{8:.2f}".format{acc_train*188) + "%")

yhat_test, _, acc test = predict{X_test, Y _test, w, B) & Accuracy on test set
primt{“Accuracy on test set: " + “{@:.2f}".format({acc_test*188) + "%")

Figure 11: Logistic Regression Implementation - 2
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import seaborn as sns

#het the confusion matrix using sklearn.

cm = comfusion_matrix(y_true=Y_test[8],y_pred=yhat_test[e])
#Print the conmfusion matrix as text.

primt{om)

sensitivity = cm[@,81/{cm[@,8]+cm[&,1])

print({ 'Sensitivity: *, sensitivity )

specificity = cm[1,11/{cm[1,8]+cm[1,1])

print{'Specificity: ", specificity)

Precision = cm[@,8)/(cm[@,8)+cm[1,8])

F1 = 2 * (Precision * sensitivity) / (Precision + sensitivity)
print{‘Fl 5core: ', F1)

#Plot the confusion motrix as an image.

plt.matshow(cm)

EMoke various adjustments to the plot.

sns . heatmap(cm, annot=True,fmt="d", cmap='Blues')
tick_marks = np.arange(2)

plt.xticks(tick_marks, range(2})
plt.yticks{tick_marks, range(2))

plt.xlabal( ' Predicted")

plt.ylabel( ‘' Trus')

#Ensure the plot i shown correctly with multiple plots in a single Notebook cell.
plt.show()

[[ 799 393]
[ 138 1878]]

Sensitivity: @.6783822134228183
Specificity: @.8923841059602649
F1 Score: 0.7534181989627534
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Figure 12: Logistic Regression Evaluation
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