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Abstract

The current studies confirm that diabetes is one of the most widespread chronic diseases,
as the number of people infected with it is increasing rapidly worldwide. Early diagnosis of
diabetes is crucial for timely treatment. lately, detecting the disease has become too
complex for experts (doctors and nurses).

Therefore, having an automated system for accurate and effective diabetes prediction is
necessary. Recently, automated learning methods, particularly deep learning, have
demonstrated their significant role in various fields, including medicine, healthcare,
transportation, education, security, disaster forecasting, and disease prediction, among
others.

Through these studies, we found that deep learning methods have achieved high
success rates in detecting and predicting various diseases, such as cancer, heart disease,
diabetes, Alzheimer’s, etc., using disease indicators and characteristics. In this study, we
developed a system to predict diabetes using deep learning methods. We selected the DNN
model, trained and evaluated it using a large dataset. We also verified the performance of
the combined model by comparing it to commonly used machine learning methods.
Extensive experiments showed that our proposal can significantly improve performance.

Keywords:

Diabetes, disease detection, deep learning, machine learning, artificial intelligence,
prediction of diabetes ,Artificial neural network.
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Résume

Les études récentes ont prouvé que le diabéte est la maladie chronique la plus répandue,
avec un nombre des malades en augmentation significative dans le monde entier. La
détection précoce du diabéte est trés importante pour un traitement en temps adéquat.
Récemment, la détection du diabéte par des méthodes traditionnelles est devenue tres
compliquée pour les experts humains (médecins, infirmiers). Pour cette raison, un systéme
automatisé de prédiction précise et efficace du diabéte est essentiel.

Récemment, les méthodes d'apprentissage automatique et d'apprentissage profond en
particulier ont démontré leur role important dans divers domaines tel que le transport,
I'éducation, la sécurité, la médecine et les soins de la sante

Les études récentes montrent que les méthodes d'apprentissage profond ont atteint des
taux de succes tres élevés dans la détection et la prédiction de diverses maladies telles que
le cancer, les maladies cardiaques, le diabéte, Alzheimer, etc., a travers les indicateurs et les
caractéristiques de la maladie.

Dans cette étude Nous avons choisi un modele d'apprentissage profond (DNN), 1'avons
formé et évalué en utilisant un grand ensemble de données. Nous avons également comparé
la performance du modéle proposé avec les méthodes d'apprentissage automatique les plus
couramment utilisées. Des expériences intensives ont montré que notre proposition peut
améliorer significativement la performance.

Mots-clés:

Diabete, détection approfondie des maladies, apprentissage intelligent, intelligence
artificielle, prédiction du diabéte, réseaux de neurones artifitiel.
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DT1: Diabetes Type 1.

DT2: Diabetes Type 2.

PD: Pregnancy Diabetes.
BMI: Body Mass Index.

FGP: Fasting Plasma Glucose.

HbA1c: Hemoglobin Alc.

OGTT: Oral Glucose Tolerance Test.

DL: Deep Learning.

ML: Machine Learning.

DNN: Deep Neural Network.
RNN: Recurrent Neural Network.

CNN: Convolution Neural Network.

GAN: generative adversarial Network.

LR: Logistic Regression.

RFC: Random Forest.

DT: Decision Tree.

GBC: Gradient Boosting Classifier.

SVM: Support Vector Machine.
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Test 30% | Frankfort utilisant les techniques de
Hospital I’intelligence artificielle.

University of Béjaia.2022.
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80% Dataset. Un Systeme de Détection et
76 KNN prédiction de diabéte.
Test 20% University of Guelma.2022.
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prédiction précoce du
79,22 DT Test 20% Diabetes diabate basant sur les
Dataset. ; ' :
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automatique. University of
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0/, 48l i)
85,43 DNNI Original Miraoui. A &
Dataset Moussaoui.D .Classification
87,14 DNN2 Diabetes du diabete a I’aide des
Health sth D
99.99 DNN3 calt methodes du Deep
Indicators Learning. University of
Tlemcen.2023.
83 DNN Train Pima Indian Sahli Souha. Prédiabete :
80% Dataset. Un Systeme de Détection et
prédiction de diabéte.
Test University of Guelma.2022.
20%
82,08 DNN Train Dataset Hima khaoula. La prédiction
80% extracted du diabete utilisant le deep
from learning. Université
Test Frankfort Ouargla.2021.
20% Hospital
89 DNN Train Dataset Nabila YAYA & Melissa
%70 extracted LACHI .Prédiction du
from Diabete gestationnel en
Test Frankfort utilisant les techniques de
30% Hospital I’intelligence artificielle.
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dasiall

Lpaal) 3 ylall Jpeaily Uad 5 Aaal) 5 i) o KL i pe e ol (3 5k Al Liad J Y1 Jucaill b
Grendl alell 5 Y bl (3 5k (pe JS) S iy Ui G o S Juadl) b

dal e (e Ala ye € Juafilly & i o3 iy palall 3 sail) ol dedtiosdl Jead) Ay V5l adibes ¢ Juadl) 128
bl S S5 a st Wy 1A JAS) e Hal8 D38 73 s () Y gea g )il Sl e Al Wy ) 23 5l oLy
by et e llida ) Y bl (5 5k ae L)k @3Sy leid) 23 50l ) g sl Jal e Ll (3 il a3 3l
g sl aaity Juadll eiin 4 5a3 U b Lale Joaniiall giliall (8l o3 e g se 40 jlia aias dal (e @lld g oy il
JRUE PR VR RUNPRN A [ WP |

Saadl A 1
Sl pailad 1.1

oaibady uah Sleall O Cus (zdsaill audiy cu a8 aadiiall Gleall Gl ek aal adli 3.1 Jsaal
BeliS s de ju el dplual) Cilileall pe dalaill (ge 4SS5 §Ale A

QT b ariial Jlgadl paiuad 3.1 dsa

dpaldl) el
Intel(R) Core(TM) i5-8300H CPU @ 2.30GHz )
8.00GB RAM 4al) 5 <4l
DESKTOP-JL776AV BFEN (o)
64-bit operating system and x64-based processor allatl) £ of

Byl Glwa 2.1

23l e dagaall gl ase) (MR (e Lo s Sl 5 A8 g Lind pai apil sliadiid (530) uliial)
()3l syl

Accuracy = (TP + TN) / (TT+TF)
oY) msall il TP: True Positive
sl msaall 5WTN: True Negative
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. BBl Jlay) 580TF: Total False
oashill @i gai 3.1
"Anaconda" gl e

IS aadiad il il 5a¥1 5 LS (g 158 Tae el o5l Anall 3] (e eaall da st day ) 5
O Al 5 Ay ey 5 Anaconda, Inc A8l Ji (e 45 5)3) 5 oy gl o3 AIY) alad g clibull Jalas ple 8 25U
[A]eV el 038 b inlall elalall 5 Cpine yuall

"Jupyter Notebook" 7=l x e

28 e Lg}'\;;u“_a\d.ﬂm ;Lﬁ}_.a]upyterc.oug Pyth()ngﬂh@\.u daa p Glal sac e;:ﬁa:xu).am:x.a}ﬁ
Aaldaill g cdpaaal) BlSaadl g ccnlilndl (Jead g Agt adlaladinl Jadll | e paly ) ) paly (Y alzag e gt

"Python" o5l 4ile

51991 dle @ yaual ¢ i) o sle Jlae 8 58l Ama ) 2l a5 (5 stadll dulle daa g 3 8

eebha¥) clSA bl dalas el sk 8 addiud (l 2 ) aaie A clgiel B A geuny Lgiklay

O aan Lae ddalial) alaill o) i anan axd ) Allall 53 gl uld LSS (e Al 5 Ao gana anii g o e
4]l s plasin) Al gg

"Libraries" <lasall 1.3.1

Dasrs Aaleall U (Baanl) alaill 3 i o sk Jal (40 3,1 JS cliSa Al ele i o = S8l 3 gaill 3
@Qw\a&dchhﬁa@&d.gsﬂum;&&@

" Numpy" a 8o

e Jaball i Aaalall g Apbiaa) ililaall ot 5 IS 2020308 ¢ 5l (8 raall da gide ina 4K

Al sl i gl 5 30l ST Aplual) Cllead) Jray Lee e dpialy ) J) 50 515 dla¥) 3oane il siiadl)

Go aall Gl o ¢ IV bl g bl Jlae B s AY) LSl o el ) a0 sl 8 sl

il gl (pe el 2385 LS « Matplotlibs Pandas Jie ¢ ealadl didailly clild) ale 8 s aY) cilasall
[7]bbuadl g Aalisall lleall g lblall ) ag juad) J goaa ol

" Matplotlib" &< e

Jeliil) a8l sa s ay sl Clipdat] adl &) e pald IS5 20358 (Python 3 saae) da side dyaa y 40K
e Ul () shaall oSay «Matplotlib & <linkill daa y Cleal s JUA a5 Python gea sais padiuall as
4]0 s ) pasisall dga g liadas 8 4bull  gu )

"Imb learn' 4siSa e

(JIFAY) Jie dalise Bl jig L)) siadl e Gl Gle sane po Jalaill Lapad 2580 028 aanal a3
[17]. 0kl de sane o 48l )5 0 ) 5l 2o dndlaal el (8 ) 5Y
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"Seaborn'" AfiSae

IS padind ¢ elianYl (i Al s Jis Lgind 0 5 bl Jilas 3 diacadie o5l 4 o

.[7] Anaconda Distribution (& )

"Scikit learn" 4:iSa e

(SVM¢ LR «RF) laa ) sall Ge aaall e g gins Cum IV abeilly dalall o sy & liall aal (40

4]

"Keras" 4 e

055 O e Y g pme IS Lsanll S ey Jagasi Lgdon 5 «Python sk 4 siSe aad) s stk 4

Importing Libraries

import numpy as np
import pandas as pd

from
from
fFrom
from

from
from

keras.
keras.
keras.

keras

layers import Dense
models import Sequential
utils dimport to_categorical

.models import load_model

sklearn.preprocessing import Standardscaler
sklearn.model selection import train_test split
import matplotlib.pyplot as plt

import seaborn as sns

from imblearn.owver sampling import RandomOversampler

.Ciﬁ&d‘ﬂ&ihﬂS;lgéeéuﬁ?uJ

:""System Implementation" aUaill dalal) Al<igl) 2

Gomead) alaill sl @l g (558l e 3l il e Ly Gl sl Aalall A1) 3.2 JSEN praa 5

Gl a5 3okl L) o5 il s cala) e (he Als e IS b bl (e ol B cchagll 1a (3al

A8 el e U sadd) Jal (e dandial
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elibal) & gasd
""Data Normalization"

lilatt 4 691 datlaal)
"Preprocession"

Uil Al
"Split Data"

%20458) @ity
"Testing Data"

%0806 i) Ciliby
"Training Data"

Proposed DNN

A 4

[ " s " Test

\ 4

[ " G X" Train ]

"zisaill 328" Model Base

v

[ " 42" Result J_, 1 0

AU dalal) A0S0 3.2 apida 55 pn
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sl Bac @ 1.2

o) Sl e Aalal) Facarti ) S E el (e e senn z3pall b desdiaal) Clilal) 53l (g gias
) s 3ol 5 Jumdl 4y 50 il Jal e Al 100000 Jasii s (O 2o 3 ¢ 1 G ) Caiall Cails
Percentage of " & 3yl A <ldll A Jiad 3.4 JSA Gy e e 91500 5 e Als 8500
QN ial el 5 pall Jaa ¢l )5 anendl A Hi5a g uiadl s jeall Jie @l jae ULl (aaii "Categories
ol 5 len i ae Jal gl Cilite a9 3.2 Jsaad) aall & 5 S lall (5 sia s HDA LG (s sty il g )l
"Download and Reading Data" <llud) 3¢} 8 5 Qsand Jal (e (o8 3.4 JSAI 3 1 5l L Akl
JSEN Jhaud Gus (02200 0 ¢ 1 U e) DA Ciiia 23 diabetes dise 5o 3ol o] AV 3 sanll

.[6] "Defining The inputs and output" z 5l 5 SRl B33 ua 33.3

i) 51518 Lggle i A (g Suud) (1 30 (il sl 3,2 Jsta

(Ahal) aall Ady 2l Jaladl
o 2 yay Alal Jlaia) Ll Geia il caliag
s o e adla) Juis) o paddl) Guia 8 e sl
&Sl
81 121 ¢ & Saalls L) dllaia) 8 il Al (addll jee and)

Al Oloas e aall diday (3 Iaraall ey
e 320 sl omigel | s snd Gl Al e aall Q) aday A S g Cuny pll Jaiida g

.ea.u.;j\ &lA.li

S sl g a adll 8 Sl s g i) g2 o (S
o 50 sl el | ombaal) i 8 aSaw 3l Cliac Y 4 geall de 01 (il Qlkl) (jlal yai
@Sl

Al S laald (alaiN1 ol A il
U Ombeas |61 ¢ g due Laal) A g Qe al yels Cpdail) o
A e e ol (5 Sl

2/ peala /1 /G
iaglee a5 Y/ puala

25/6825-18.5 o dll anball )l e s il dualy ) drpa pul) AL 1554
Al &g Sl gasel) Ay § e b le Soad) Jama
0465 N %57 e | O ot FI sl et gand e B e o
Lol ol il (gaa g mMall Adlad apiil age 8 SIA
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| G s el e L S .
Jy/aLe140 e i 7 o 5, TR
EL140 o Al ok e Sl

"Defining The inputs and output" 43 Aall g <DAlal Ciyaie
(0S5 Cun 3.3 IS Al peaiall 5 AR pealiall bl auan Lidd eyl 138 3

"gender, age, hypertension, heart deases, ;23 Xo W e bl
smoking_history, bmi, Hb1Ac level, blood glucose level "

Y o s Slilll 3acld (s "diabetes" saic g Al -

Selected The Inputs and Qutput

input_data =['gender’, 'age', ‘hypertension', 'heart_disease' , 'smoking_history' , 'bmi' , 'HbAlc_level' , 'blood_glucose_level']
X = data[input_data]
Y = data[ 'diabetes’']

Tl g cliaall aaad 3.3 A g o)

"Download and Reading Data" <Ulyl 8518 § Jsasie

Loading & Reading Data
data=pd.read csv(r"c:\Users\dell\Desktop\memoire\data\diabetes prediction dataset.csv\diabetes prediction dataset.csv")

data.head()

gender age hypertension heart disease smoking history bmi HbA1c level blood glucose level diabetes

0 Female 800 0 1 never 25.19 6.6 140 0
1 Female 54.0 0 0 No Info 2732 6.6 80 0
2 Male 280 0 0 never 27.32 58 158 0
3 Female 36.0 0 0 current 2345 50 155 0
4 Male 76.0 1 1 current  20.14 48 155 0

print(f Number of rows : {data.shape[@]}\nNumber of columns : {data.shape[1]}")

Number of rows : 100000
Number of columns : 9

Lilibl) 35 B9 Jaand 3.4 (Al g aniy
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"Visualization of Data" <ulud) Jiiaie

5 oadd 8482 Sl (pbiaall (aladl) Cun Ly il 8 Ul s Jia g 3.5 JSl)
daadinna) ULl Bacls 8 SV ¢ sane (00 %91,2 agies @l s 87664 4 Cmban il 5 %88 agis
s 96145 e s sint Cinpald Lgia s Siall ) shand) A1 3L Led G 222 Als 100000 e (5533 A

Table of Categories

Labels Count
Percentage of Categories Nor-clabetic LEa
g 9 Diabetic 8482

A 8518 (B A JS Gasd Ja1 3.5 a6 paa )
"Data Normalization ": <Ulal) Jieads 4 g 2.2

el 3 saill (S Y G ¢ B n iy e 5 le 0585 L 1 85 ey Lt L) sacls

e (S5 Cumo Lty gud &5 ey by ) A pall ULl o st camgy W a0 (B UL (e (e 58

Ll 5 dalanll o3 LA (g pii Al el Sl a0 3.6 JSA LT 5 0 o Jlas (B 5y semna LA
Ala ) o3a s jie e daal Sy

Ot (8 A o8 2elud Cua gklearn 4iSe ¢ "Standard Scaler" 48 Als jall sda 8 Liaadinl
L i Ll ()55 Gy i) g Ada) 53 23 gl elal Gae g ey il Alae a a5 cibin ) ) 5301 o)\
A lmas lus s ST UL a5 58 Jang Lae a5 A (5 lmae ol il s daid
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Normalization

: | from sklearn.preprocessing import StandardScaler m ™ 4 a
scaler = StandardScaler()

# Define categories list for smoking history

smoking_history_categories = ['never', 'current', 'Mo Info', 'not current', 'former']

# Convert smoking history to numeric values

X[ 'smoking_history_numeric'] = X['smoking_history'].apply(lambda x: smoking_history_categories.index(x) if x in smoking_history_categories else -1)
# Define the categories List

gender categories = ['Male’', 'Female']

X[ 'gender_numeric'] = X['gender'].apply(lambda x: gender_categories.index{x) if x in gender categories else -1)

X_numeric = X.select_dtypes(include=['int64', 'float6d'])

x_scaled = scaler.fit transform(X_numeric)

X_norm = x_scaled|

data= [X_norm, Y]

X_numeric.head()

age hypertension heart disease bmi HbA1c level blood glucose level smoking_history numeric gender numeric

0 800 0 1 2519 6.6 140 0 1
1 540 0 0 27.32 6.6 a0 2 1
2 280 0 0 2732 5.7 158 0 0
3 360 0 0 2345 5.0 155 1 1
4 760 1 1 2014 4.8 155 1 0

i) 4 gl 3,6 (Ala 5 vy
"Preprocessing" <Ukall 41 5Y) dallaal), 3.2
C A e llh g
" Delete Duplicated rows' 5, Siall jaud) Cida o

L 8 5 g zasall ool J8 ey 135 )08 Hhaul L cilild) 5208 (5S35 08 A3 lan age anidll 138
GRS A ol gl 3.7 JSAN 8 Skl 35S ) sl eda Cada ASadll Jlad) G e 13 Uadl)
Glel a8 Jal e Ledda g5 Sid) Sy

Preprocessing

duplicate rows = data[data.duplicated()]

if duplicate_rows.empty: )
pr\jnt("LL-__h Bacld 4 B, Se gl gl angl ‘;'.")
else:

Pr—jgt(";‘_«__h Bacld 4 B, S jehu o gl :a'.L_")

Aol 3astd i dyS L h? | a3
Sl Bl 4 58 jan o el a3,

data_no_duplicates = data.drop_duplicates(subset=duplicate rows)
data_no_duplicates.to csv('dataset no duplicates.csv', index=False)

print(f Number of rows : {data_no duplicates.shape[@]}\nNumber of columns : {data no duplicates.shape[1]}")

Number of rows : 96146
Number of columns : 9

Ll 40 690 dallaal) 3.7 (A g5 any
"Splitting Data" <Ulal) asds 4.2

Ahaaiuly (e geme ) ULl Bacl oty L (liad gai ot e Aalleall bl aladin) J8
JLEaY s poall Gl (10 <90) (30 <70) (20 ¢80) :hlapmi 83e 4y % Ll Cua "train_test_split"
A aladiad a5 il UL (e %80 Jiai W5 (A 5Y) Ao ganall alasind o I Wla i) sl 5 sl e
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capnll) i 3.8 JSl) b labadall ea gy s sl Gl g Gl g8 Ui g 483 il LaaU 45l 9420
Als ) oda 2a13 3.9 JSAN

Data

[ Test 20% ] [Train 80% ]

UL agud’ bbadia 3.8 Al 6

R - -

Splitting Data
X train, ¥X_test, ¥ train, Y_test = train_test split(¥X norm, ¥, test_sirze=.2)
print{X.shape, X train.shape, X test.shape)

(96146, 18) (76916, 8) (19238, 8)

bl 4w’ 3.9 a5 o)
"Creation Model" zisill $L&3,5.2
) AMSE) s (Ll 0 b Aa s sha) ISEY) Jal (DNN) sesd) Zusanll A8 £3 sai Liaaiind
DNN CJ}M <Lld (Ll ya ‘f ;U;_}A (sz\ ) Z\L_}d\ XYY ‘;chkm‘l“ £<Al s e\&;ﬁ.uh L.,S_)S‘-““ =B
Jinl) 833 Jsaal
3,308 Gl Al Ak 5l g dgiae e G e siie JA) Al (e B Jle 9 7 il 3 sadl)

Loz Al e 88 i) jualiall axe Y Glldy 82 (8 (e ASEE Ada o A5kl oda pJASY) Al -
.Relu

Cua Gl 3 g dudddl) ikl dae dddal) ciliudal) -
Relu Lasiiil) Al de pia 33ic 200 b (¥ Adpkal)
Relu bl oy de gt s3ie 200 (o JSi AN Adal)
Relu bpiiill Aoy de giie die 50 Lo 236 dida Lgals 23 LAY A8 al)

L Al I3 1/0 Rel) Jeny 3als e dpasl Lyl aals Rueae AA 53 sglAY) Al -
Als all o3a 2 o Jea Al Ciladdail) e gy JauY) 33,13 J8) sigmoid
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S Ll A Ciat Jal ge cllyg BN A58 Gaesdl b)) o Dropout Ak ALl Lid -
Clily o asill G zdsaill aie Cargy S IS die Sl gdie JS3 LAY AL a8 s Moverfitting”

-

) g asalll 4 55 3.3 50
DNN
Input Layer Hidden Layers Output Layer
Activati
¢ 1va.10n Relu Relu Relu | Dropout | Sigmoid | Sigmoid
function
Neurons 8 200 200 0.2 150 1

Creation Model

from keras import _tf_ keras
from keras import actiwvations
from keras import applications
from keras.lavers impeort Dropout

n_cols = X _train.shape[1]

model=Sequential()

model . add({Dense(units=8,activation="relu"'))
model . add({Dense{units=280,activation="relu")})
model . add({Dense{units=280,activation="relu'))
model . add({Dropout(@.2))

model _ add(Dense(units=158 ,activation="relu"))
model _ add({Dense({units=1,activation="sigmoid"))

Al Ay L&) 3,10 el sh pey
"Optimization And Loss Function and Testing "g3saill JLid) o Uaidl) ddlag cpuaili e

e sl 135 zisaill sl dancay a3 "Adam" Geesal) aladiuly Ll oz gail) Gpend dal o
b 2l ) "binary crossentropy” s_obeall Ak s ae leud s ) fUadY) AL g dle e oy Cpuenall
. accuracy 4l axdiy ¢1/0 z) AV b 0 5S Al zalaill O 50 50 g api

pradt ) ddla) dady 25 e cllall JBa) ae ddla 20 L) Sl Glals sae Laas z3gaill HLEA) Corg
Ok bl e %20
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model.compile(optimizer = 'adam', loss = 'binary crossentropy', metrics = ['accuracy'])
history= model.fit(X_train, Y_train, batch_size=25 , validation_split = ©.2, epochs =28)

Epoch 1/28
2462/28462 ————  — 9s 3ms/step - accuracy: 6.9062 - loss: ©.3566 - val_accuracy: ©8.9293 - val loss: 8.2358
Epoch 2/20
2462/2462 —————————  8s 3ms/step - accuracy: 0.9229 - loss: ©.2375 - val accuracy: ©.9184 - val loss: 8.2176
Epoch 3/20
2462/2462 —————— 7s 3ms/step - accuracy: 0.9314 - loss: ©.20888 - val_accuracy: ©.9160 - val loss: ©.2414
Epoch 4/26
2462/28462 ——— 7s 3ms/step - accuracy: 6.9355 - loss: ©.1988 - val_accuracy: ©.9277 - val loss: 8.2204
Epoch 5/20
2462/2462 ————— 8s 3ms/step - accuracy: 6.9367 - loss: ©.1806 - val_accuracy: ©.9288 - val loss: ©.2583
Epoch 6/28
2462/2462 —————— 7s 3ms/step - accuracy: 6.9494 - loss: 0.1383 - val_accuracy: ©.9142 - val loss: 6.2906

Zisall) quuti 3,11 (A g amy
"Print Accuracy" 431 dcLh.
ARy Glial Jaa ) 2aal) ) dspssall @l gl sae A oo 484))
. 97.28% s~ Ladgad 3 LAY 48y 4 &l

.97, 02% M os alisd il A8 o

Print Accuracy

max_train_accuracy = max(history.history['accuracy'])
print("Training Accuracy: %.2f%%" % (max_train_accuracy * 100))
max_val_accuracy = max(history.history['val accuracy'])
print("Validation Accuracy: %.2f%%" % (max val accuracy * 100))

Training Accuracy: 97.02%
Validation Accuracy: 97.28%

LAY g il Bl sall G AR e ok 3,12 Al ey

"Prediction" il 6.2

Epoch 17/26

2308/23@8 ————— — 7s 3ms/step - accuracy: 8.9681 - loss: B.8911 - wal accuracy: B.9725 - wval loss: ©.8826
Epoch 18/28

2308/2308 ——————— 6s 3ms/step - accuracy: 8.9667 - loss: 0.0948@ - wval_accuracy: ©.9722 - wval_loss: ©.8827
Epoch 19/20

2308/2308 ———— 7s 3ms/step - accuracy: 0.9690 - loss: 0.8888 - wval_accuracy: 0©.9724 - val_loss: 8.8845
Epoch 20/26

2308/2398 ———— — 7s 3ms/step - accuracy: 8.9698 - loss: B.8888 - wal accuracy: 8.9727 - wval loss: 8.8824
1/1 @s B80ms/step
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