DIABETES PREDICTION
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BACKGROUND
INFORMATION

General introductory information about
diabetes




Diabetes mellitus is a violation of
carbohydrate metabolism based
on:
? e Relative insulin deficiency -
DIABETE inability of increased
u concentrations of the hormone to

normalize blood sugar levels

e Insulin resistance - decrease in
the susceptibility of cells to the
action of insulin



327,000,000,000

$1 out of every $4 in US health care costs is spent on caring
for people with diabetes (cdc.gov)



from 108 millions to

422,000,000

According to researchers' forecasts, this statistics will increase
to 700 million in 20 years.




1,000,000

WHO ranks diabetes to be the top nine causes of death
among all the diseases
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PROBLEM &

PROBLEM

RESEARCH QUESTION

The dire need for the tool that can help
with early diabetes detection to prevent
serious medical and financial
complications of this disease

Does simple neural network models like

MLP has a potential to predict the risk of
the diabetes mellitus type 27



LITERATURE
REVIEW

Study of the previously made
researchers in this field




Swapna G. et al.
Ashok k. et al.
Nesreen L. et al.
Deepti S. et al.
Ram D. et al.
Sidong W. et al
Aiswarya L.
Quan Z. et al.

Vijayan V. et al.

LITERATURE

Algorithms
CNN, LSTM and Support Vector Machines (2018)
SVM, Logistic Regression, ANN, DT, and KNN (2018)
Artificial Neural Network (2018)
Naive Bayes, SVM, and DT (2018)
Logistic Regression (2021)
Deep Neural Network, SVM, DT, and NB (2018)
Naive Bayes(2015)
Decision Tree (2015)

Gradient Boosting, LR, and NB (2019)

Results
95.7% accuracy
78% accuracy
87% accuracy
76% accuracy
78% accuracy
78% accuracy
80% accuracy
77% accuracy

80.7% accuracy



LITERATURE

Algorithms Results
Deepti S. et al. DT, SVM, and Naive Bayes (2018) 0.82 AUC
Kamrul H. et al. Multilayer Perceptron (2020) 0.90 AUC

The MLP model proposed by Kamrul H. were taken as a baseline



MULTILAYER PERCEPTRON WAS DECIDED T0 BE
RESEARCHED WITH AREA UNDER THE ROC GURVE AS A
PERFORMANCE METRIC

Proposed idea



MATERIALS AND
METHUDS

SSSSSSSSSSSSSSSSSSSSSSSSSSSS



PIDD

\

Preprocessing

Train data

PROPOSED

Testing 12
preprocessed
datasets

Best preprocessed
dataset

______________ -
|

Test data Hyperparameters |
I

A |
Training |

fold = (5-steps) |

\ I

I

Train data |
3 grid-search j

Best model




#| Atribute Mean * stdev Range

1| Pregnancies 3.85 +3.37 0-17

2| Glucose 120.90 + 31.97 0-199
3|BloodPressure 69.11 £ 19.36 0-122

4| SkinThickness 20.54 £ 15.95 0-99
5(Insulin 79.81 £ 115.24 0 - 846
6(BMI 32.00 + 7.88 0-67.1
7|DiabetesPedigreeFunction |0.47 £ 0.33 0.078 -2.42
8|Age 33.24 £ 11.76 21-81




PIMA
INDIAN
DATASET

Small dataset of 768 instances

e Missing values: 51% of the data

Outliers: 126/768 instances

Imbalanced class labels:
268(-)/500(+)

One gender
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DATA

Outlier rejection

Missing values imputation

Normalization

Feature selection (PCA/ ICA)

Outlier rejection (O)

(O) + Missing values imputation (M)

(0)+(M)+Z standardization (2)

PCA

ICA

PCA

ICA

PCA

ICA

4

4

6

4

4

6

4

4

dataset 1

dataset 2

dataset 3

dataset 4

dataset 5

dataset 6

dataset 7

dataset 8

dataset 9

dataset 10

dataset 11

dataset 12




K-FOLD CROSS-VALIDATION




MULTILAYER

3 types of layers
Interconnected nodes

Activation function on each
neuron

Back propagation algorithm

Input layer Hidden Layers

i=[i,, i, i ] = input vector
0=[o0,, 0, ] = output vector

Output layer



EXPERIMENTS
AND RESULTS

Experiments performed to find the
best MLP model and results




DATA PREPROCESSING

10 20 ﬁ 0 50 80 70

BEFORE



DATA

Feature name # outliers Feature name # missing values
Pregnancies 4 Pregnancies 0
Glucose 5 Glucose 0
BloodPresure 45 BloodPresure 0
SkinThickness 1 SkinThickness 179
Insulin 34 Insulin 307
BMI 19 BMI 0
PedigreeFunctiol 29 PedigreeFunctio 0
Age 9 Age 0
Total: 129 rows with outliers (17% of all data) Total 486 items (9.51% of all data)

Figure 5-3: The number of outliers in each row Table 5.1: Missing values after outlier rejection
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SEVEN-STEP

The best dataset

The best architecture
Alternative PCA feature selection
Hyperparameters tuning
Alternative data preprocessing
More experiments

Model validation



BEST

Outlier rejection (O) (O) + Missing values imputation (M) (O)+(M)+Z standardization (Z)
PCA ICA PCA ICA PCA ICA
Results
4 6 4 6 4 6 4 6 4 6 4 6
dataset 1 dataset 2 dataset 3 dataset 4 dataset 5 dataset 6 dataset 7 dataset 8 dataset 9 dataset 10 dataset 11 dataset 12
This literature 0.800 0.818 0.797 0.793 0.802 0.821 0.796 0.801 0.832 0.889 0.801 0.802
0.738 0.770 0.787 0.829 0.846 0.874 0.901 0.887 0.890 0.881 0.889 0.885

e Architecture is the same as baseline

e 12 datasets were the result of combination of the
preprocessing techniques

e Replicated MLP worse by 0.04 AUC than baseline
(PCA 0.006 AUC worse, ICA 0.065 AUC)

e Controversial results




BEST

# of hidden Neurons on Performance |Loss curve model loss

layers each layer (AUC) behavior —— train

2 8-4 0.889 good fit 081 — test

3 4-32-16 0.887 good fit

2 16-4 0.887 good fit 0.7 4

2 4-8 0.886 good fit

2 8-8 0.886 good fit e

3 8-16-128 0.886 good fit -

2 8-64-64 0.886 good fit

2 8-32 0.885 good fit 05 1

3 4-128 0.885 good fit

3 16-64-16 0.885 good fit 0.4

3 4-32-32 0.884 good fit T T T r T T T T T
3 16-16-64 0.884 good fit 0 25 50 s 100h 125 150 175 200
2 16-32 0.884 good fit s

2 s oans good fit Figure 5-4: The good fitted loss learning curve
1 8 0.883 good fit

Table 5.3: Step 2: The performance of top 15 architectures with different combina-
tions of hidden layers and neurons on each layer.



BEST

# of hidden Neurons on Performance |Loss curve
layers each layer (AUC) behavior
2 8-4 0.889 good fit
3 4-32-16 0.887 good fit
2 16-4 0.887 good fit
2 4-8 0.886 good fit
2 8-8 0.886 good fit
3 8-16-128 0.886 good fit
2 8-64-64 0.886 good fit
2 8-32 0.885 good fit
3 4-128 0.885 good fit
3 16-64-16 0.885 good fit
3 4-32-32 0.884 good fit
3 16-16-64 0.884 good fit
2 16-32 0.884 good fit
1 4 0.883 good fit
1 8 0.883 good fit

1to 3 hidden layers (hl)

4, 8, 16, 32, 64, or 128 neurons on each
layer

Best performance of 0.889 (* 0.02) AUC

6 architectures of 3 hl and 8 have less
than 3 hi (?)

Table 5.3: Step 2: The performance of top 15 architectures with different combina-
tions of hidden layers and neurons on each layer.



ALTERNATIVE

# of layers Neurons on Performance 7Pafom|lnu 7Pﬂhm||nu Performance |Loss curve
each layer PCA3 |(AUC)PCAS |(AUC)PCA6 [(AUC)PCA7 |behavior
2 84 good fit
3 4-32-16 ood fit
: = :oom e 3,5 6,and 7 PC
2 4.8 good fit . .
> = e ° PCA§|S still the best feature
3 8-16-128 good fit selection
3 8-64-64 good fit
2 832 good fit e 8 architectures selected with
2 4-128 good fit 0.886 AUC or above
3 16-64-16 good fit
3 4-32-32 good fit
3 16-16-64 good fit
2 16-32 good fit
1 4 good fit
1 8 good fit

Table 5.4: Step 3: The performance of top 15 architectures with different number of
hidden layers and primcipal components of PCA.



HYPERPARAMS

# of layers ‘N::hn:m on |Performance Loss curve
ayer (AUC) PCA 3 |(Batch Size Learning Rate |Dropout behavior

1 8 0.900 16 0.001 60% |good fit

2 16-32 0.892 16 0.001 60% |good fit

3 16-16-64 0.838 8 0.001 60% |good fit

2 4-128 0.884 4 0.01 60% |good fit

2 4-8 0.887 16 0.001 70% |good fit

2 16-4 0.887 8 0.0001 50% |good fit

3 4-32-16 0.888 16 0.01 70% |good fit

2 8-4 0.886 32 0.001 50% |good fit

Table 5.5: Best hyperparameters for the 8 architectures selected

Batch size [4, 8, ,16, 32, 64,
128]

Learning rate [0.0001, 0,001,
0.01, 0.1]

Dropout neurons [0.5, 0.6,
0.7]

576 architectures tested

0.90 AUC performance



ALTERNATIVE

Feature selection # of features Loss curve
Architecture |technique selected AUC behavior
information gain 4 0.789 |[fits
information gain 5 0.824 ([fits
1 h'd‘!f: ;ayer fisher's score 4 0.640 |unrepresentative
wi :
neurons fisher’s score 5 0.712 |unrepresentative
chi-squared - 0.643 |unrepresentative
chi-squared 5 0.545 |unrepresentative

Table 5.6: The results for best architecture with alterantive feature selection tech-

niques
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ALTERNATIVE

Loss curve
Architecture |Data Scaler AuC behavior
StandardScaler 0.545 unrepresentative
1 hidden layer |MaxAbsScaler 1.000 unrepresentative
with 8 MinMaxScaler 1.000 unrepresentative
neurons  |RobustScaler 0.606 unrepresentative
Normalizer 1.000 unrepresentative

Table 5.7: Step 5: The results for (O + M) PIDD scaling with sklearn.preprocessing

module.

e Poor results for chi-squared and
fisher's score

e Huge overfitting for data scalers
when applying with PCA



MORE

Loss curve
Architecture | Optimizer AUC behavior
SGD 0.875 good fit
RMSprop 0.889 good fit
Adam 0.897 good fit
1 hidden layer [ 54, deita 0.561 unrepresentative
n:l::rt:ogs Adagrad 0.624 unrepresentative
Adamax 0.881 good fit
Nadam 0.887 good fit
Ftrl 0.854 unrepresentative

Table 5.8: Step 6: Applying various optimizers with the best MLP model

No improvements with dynamic
learning rate

RMSprop, Adamax, and Nadam
optimizers show a competitive
results

Best architecture with 50
epochs
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MODEL

Outlier rejection (O) (O) + Missing values imputation (M) (O)+(M)+Z standardization (Z)
PCA ICA PCA ICA PCA ICA
Results
4 6 4 6 4 6 4 6 4 6 4 6
dataset 1 dataset 2 dataset 3 dataset 4 dataset 5 dataset 6 dataset 7 dataset 8 dataset 9 dataset 10 dataset 11 dataset 12
Reolicated model (R) 0.800 0.818 0.797 0.793 0.802 0.821 0.796 0.801 0.832 0.889 0.801 0.802
Baseline model (Ba) 0.738 0.770 0.787 0.829 0.846 0.874 0.901 0.887 0.890 0.881 0.889 0.885
Best model (Be) 0.805 0.829 0.805 0.833 0.807 0.832 0.804 0.834 0.841 0.901 0.807 0.841

Difference (Be-R)

Difference (Be-Ba)

Difference (R-Ba)

non-diabetic

diabetic

non-diabetic

Table 5.9: Step 7: The results for the Best MLP model versus Baseline and Replicated

diabetic
Figure 5-6: Step 7: The confusion matrix

-400

- 350

Baseline Model proposed
model (BA) |in this work (BE)
Number of hidden layers |3 1
Total number of neurons (144 8
Training time 174 sec 31 sec
s:rr::.:rt :rfs trainamble 5425 65
Memory usage 21.95kb 0.26 kb
Performance 0.90 AUC |0.90 AUC

Table 5.10: Step 7: The comparison table of the BA versus BE




KEY CONTRIBUTION,
LIMITATIONS, AND
FUTURE WURK

tttttttttttttttttttttt
presentation



KEY

e Broad research on Multilayer Perceptron of 1-3 hidden
layers

e Lighter MLP model that is faster and memory efficient

e Dataset with MLP performance based on: num of
hidden layers, neurons, activation functions, batch sizes,
optimizers, learning rates, dropout layers, feature
selection techniques, loss functions

Learning Feature
1st HL |2nd HL |3rd HL |AUC curve Batch Size |Learning Rate |Dropout |selection |Epochs |Optimizer Loss
4 i 88.54 | good fit 8 0.001 0.6|PCA_6 200 |Adam Binary Cross-Entropy
8 88.29| good fit 8 0.001 0.6|(PCA_6 200 |Adam Binary Cross-Entropy
16 88.11 | good fit 8 0.001 0.6|PCA_6 200|Adam Binary Cross-Entropy
32 87.87 | good fit 8 0.001 0.6|PCA_6 200|Adam Binary Cross-Entropy
64 87.85|good fit 8 0.001 0.6|PCA_6 200|Adam Binary Cross-Entropy
128 87.58 | good fit 8 0.001 0.6|PCA_6 200|Adam Binary Cross-Entropy
4 4 87.15|good fit 8 0.001 0.6|PCA_6 200|Adam Binary Cross-Entropy
4 8 ~ 886 good fit 8 0.001 0.6|PCA 6 200 |Adam Binary Cross-Entropy
4 16 87.19|good fit 8 0.001 0.6(PCA_6 200 (Adam Binary Cross-Entropy |




LIMITATIONS &

LIMITATIONS:

e The data normalization and PCA feature selection applied to the entire
dataset

e The work covers the experiments on1to 3 hidden layers with 4 to 128
neurons on each layer

e Untapped potential of optimizers and dynamic learning rate
e Only MLP was tested
e The data provided by PIDD seems not enough

e No assistance from a qualified medical specialist



LIMITATIONS &

Normalization and PCA feature selection to the training dataset
Deeper MLP model

Use more powerful hardware

Other NN models like ResNet

Use other dataset

Assistance from a qualified medical specialist



ONCLUSION

Summary of the entire study



THANK YOU!

Do you have any questions?

Feel free to ask

yussup.tumgoyev@nu.edu.kz


http://bit.ly/2Tynxth
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr







IMPORTANT

Athletes with diabetes should be screened for complications
associated with the disease.

Combine regular aerobic exercise with resistance exercise.

Insulin-dependent athletes should closely monitor their blood
sugar levels before, during, and after exercise.

o Categorically not recommended to make physical
exercise at significant hyperglycemia, since physical

activity can paradoxically aggravate hyperglycemia and
lead to ketoacidosis.



e Use of this low-quality dataset
e Applied solution for the filling of

empty values

They fill in the null values with the
mean values of all other existing
data.

Glucose: 5

Blood Pressure: 35
Skin Thickness: 227
Insulin: 374

BMI: 11

O O O O O



ALTERNATIVE

Available online at www.sciencedirect.com

c@k ScienceDirect Procedia

Computer Science

Procedia Computer Science 167 (2020) 706-716

www.elsevier.com/locate/procedia

Dnznllg International Conference on Computational Intelligence and Data Science (ICCIDS 2019)

Diabetes Dataset 2019 Prediction of Type 2 Diabetes using Machine Learning

Classification Methods

Neha Prerna Tigga?, Shruti Garg®*

This dataset was collected by Neha Prerna Tigga and Dr. Shruti Garg of the Department of
Computer Science and Engineering, Birla Institute of Technology - Mesra



RQ &

RESEARCH QUESTION

HYPOTHESIS

Are BMI, regular medicine, blood pressure
and stress level the most important
parameters for T2DM risk prediction?

BMI, regular medicine, blood pressure and
stress level are the most important
parameters for T2DM risk prediction.



THE MAIN GOAL OF THIS STUDY IS TO.DEVELOP
A MACHINE LEARNING MODEL FOR PREDICTING
THE RISK OF TYPE 2 DIABETES WITH AN
AGCURACY ABOVE 93%.

Objective



SPECIFIC

Approval from the NU Institutional Ethics Committee
Dataset search:

o Datasets with the diagnosis of type 2 diabetes

o General initial assessment of the found dataset
Dataset preprocessing:

o Statistical analysis, distribution checking, finding
patterns, assumptions testing

o Removing the outliers, restoring the null values and
make normalization of data frame

Final model and it’s validation

o Building the model and identification of the algorithms
with highest accuracy and it's feature importance

o Validation by Pima Indian Dataset



EXPERIMENTAL
PLAN



Age

Gender

Family history with diabetes
Diagnosed with high blood pressure
Physical Activity

BMI

Smoking

Alcohol consumption

Sleep duration in hours
Sound sleep duration in hours
Regular medicine intake
Junk food consumption
Stress level

Blood pressure level

Number of pregnancies
Gestational diabetes
Urination frequency

Diabetic (result)

O 0 oo un NN N = H

©® I ~NWN =0

Options
Less than 40 / 40-49 / 50-59 / 60 or older
Male / Female
Yes / No
Yes / No
None / Less than 0,5 hr/ More than 0,5 hr/ 1+ hr
Numeric
Yes / No
Yes / No
Numeric
Numeric
Yes / No
Occasionally / Often / Very often / Always
Not at all / Sometimes / Very often / Always
High / Normal / Low
Numeric
Yes / No
Not much / Quite often
Yes - 266 / No - 685



Age (years)

Pregnancies

Concentration of plasma glucose (mg/dL)
Diastolic blood pressure (mm Hg)
Triceps skin fold thickness (mm)

2-Hour serum insulin (mu U/ml)

BMI (kg/m?)

A pedigree function for diabetes
Outcome

O 0o o u ~NW N = H

Options
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Yes - 268 / No - 500



DD2019

Identification of missing values

o BMI:8

o Pregnancies: 42
o Pdiabetes: T

o Diabetic:1

Result: from 952 to 905 samples

Conversion of categorical value to nominal (changing the text
data to digital)

Result: from 17 to 32 parameters



DD2019

Identification of outliers

Result: From 905 to 872 samples

Normalization of dataset

Database normalization is the process of structuring a
database, in accordance with a series of so-called normal forms
in order to reduce data redundancy and improve data

integrity.

The division of dataset into test and train subsets with ration
20% and 80% respectively.



PID

ldentification of zero values

Glucose: 5

Blood Pressure: 35
Skin Thickness: 227
Insulin: 374

BMI: 11

O O O O O

The zero values of Glucose, Blood Pressure and BMI were
removed.

Result: From 768 to 724 samples



PID

Identification of outliers

Pregnancies: 3

Glucose: 13

Insulin: 28

BMI: 6

Diabetes Pedigree Function: 27
Age: 6

o O O O O O

Result: From 724 to 640 samples

Filling the zero values of Skin Thickness and Insulin
parameters by Iterative imputation

Normalization of dataset (Canceled)



DATA

LOGISTIC REGRESSION

SUPPORT VECTOR MACHINE

K-NEAREST NEIGHBOR

It is a predictive analysis algorithm and
based on the concept of probability

Classifies data points by an appropriate
hyperplane in a multidimensional space

Assumes the similarity between the new
and available data and put the new data
into the category that is most similar



DATA

Works on the principle of decision making. It can be
DEGISIUN TREE described in form of tree and provides high accuracy
and stability

Creates multiple decision tree from randomly selected

BA“DUM FﬂREST subset of training dataset, then aggregates the votes
from different decision trees to decide the final class of
test objects

Probabilistic machine learning algorithm based on
"AWE BAYES Bayes theorem described in probability



DATA

L2 REGULARIZATION (RIDGE CLASSIFIER)

In supervised machine learning, the ML models get trained training data and
there are the possibilities that the model performs accurately on training data

but fails to perform well on test data.

For example, when the model learns signals as well as noises in the training
data but couldn’t perform appropriately on new data upon which the model
wasn't trained, the problem of overfitting takes place.

Various methods can be adopted, for avoiding overfitting of models on training
data, such as cross-validation sampling, reducing number of features, pruning,

regularization and many more.



DATA

FEATURE IMPORTANGE

Algorithms with the highest accuracy were taken, then the parameters
that are most important for the final prediction results were identified.
In other words, which parameters most influence the risk of diabetes.



RESULITS &
DISCUSSION



DATA PROCESSING

LR KNN SVM NB DT RF L2R
DD2019 PID DD2019 PID DD2019 PID DD2019 PID DD2019 PID DD2019 PID DD2019 PID

Accuracy 0.8899 0.7484 09541 0.7736 09587 0.7673 0.8257| 0.7547 0.9541 0.7107 0.9541 0.7610, 0.8807  0.7547
Error 0.1101 02516/ 0.0459 0.2264  0.0413) 0.2327 01743 02453 0.0459 02893 0.0459 0.2390 0193  0.2453
Sensitivity 0.7937 04800 09206 04400 09365 04000 0.8095 05600/ 09365 05400 0.9206 04400 0.8095 0.4600
Specificity 0.9290 0.8716. 09677 09266 09677, 09358 0.8323 0.8440 09548 0.7890 09677 09083 0.9097 0.8899
Precision 0.8197 0.6316. 09206 0.7333 09219 0.7407 06623 06222 08939 05400 09206 06875 0.7846 0.6571
10-fold CV 09006  0.7775 09649 0.7608 09312/ 0.7837  0.8562 0.7713. 09634  0.7358  0.9527 0.7712.  0.8945  0.7878



FEATURE

e K-Nearest Neighbor Classifier: Gender, Stress

002019 sometimes, Regular medicine

e Support Vector Machine: Regular Medicine, Family
Diabetes, Gender

P||] e K-Nearest Neighbor Classifier: Glucose, Insulin,
Age

e Support Vector Machine: Insulin, BMI, Glucose



FURTHER WORK

Project Development Areas




THIS STUDY STILL REQUIRES FURTHER IMPROVEMENT AND EXPANSION OF THE
FIELD OF STUDY. THE MAIN DIRECTION AT THE MOMENT IS THE USE OF OTHER
MACHINE LEARNING ALGORITHMS, BUILDING MULTILAYER STRUCTURES AND
CREATING THE NEURAL NETWORK. ALSO, A POSSIBLE AREA FOR FURTHER WORK
S THE COLLECTION OF OUR OWN DATABASE WITH AS MANY ATTRIBUTES AND
PARTICIPANTS AS POSSIBLE.

Further work



ONCLUSION

Summary of the entire study



THE HIGHEST ACCURACIES ACHIEVED BY KNN AND SVM ON DD2019 (95.4%%
AND 95.9%% RESPECTIVELY), WHILE ON PIDD KNN HAS 77.4% AND SUM HAS
76.7%. ON DD2019 FOR THE KNN THE MOST IMPORTANT ATTRIBUTES ARE
GENDER, STRESS SOMETIMES, REGULAR MEDICINE, WHILE FOR SVM THESE
ATTRIBUTES ARE REGULAR MEDICINE, FAMILY DIABETES, GENDER. ON PIDD
GLUCOSE, INSULIN, AGE HAVE THE HIGHEST VALUES FOR THE KNN, WHILE FOR
SUM THE MOST IMPORTANT ATTRIBUTES ARE INSULIN, BMI; GLUCOSE.

Conclusion



THANK YOU!

Do you have any questions?

Feel free to ask questions

amanzhol.shungeyev@nu.edu.kz


http://bit.ly/2Tynxth
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr
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Use our editable graphic resources...

You can easily resize these resources without losing quality. To change the color, just ungroup the resource
and click on the object you want to change. Then, click on the paint bucket and select the color you want.
Group the resource again when you’re done. You can also look for more infographics on Slidesgo.
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...and our sets of editable icons

You can resize these icons without losing quality.
You can change the stroke and fill color; just select the icon and click on the paint bucket/pen.
In Google Slides, you can also use Flaticon’s extension, allowing you to customize and add even more icons.

fo1 @ W o5 R & i) = N
TERXEOOWENLER 7 ©
@g%(ﬂ»%@@fi@f L
SN b F O X O RRE &
NIPYQOREF B DAL E® O

BLGAC)
G&So
7 LA



https://chrome.google.com/webstore/detail/flaticon-for-gsuit-gslide/haekgjfnhhdkgfgmldhfokhmfkgmciba

Educational Icons Medical Icons

@aﬁ ) S 8B D=2

6d8 A @8BS E L

OFC ROTBEE MR

HREE DEIBOTR D P

dRQA £l DS E
S &



Business Icons

OF &HF LA
CHOLLPOE®
W@A%ﬁi
(> 6D
S JOLS]

Lo HE
W | [

%E@

m@@@

3 0 @

Teamwork Icons
LREBCRE S @
Bl TLPR RSP
i @Bl 2Q 8 3
%miil&@%
3= 2B S
®@@@&@@m

i




Help & Support Icons Avatar Icons

UHLPPCERE FOHOTSRUO

REOPDE L 600Q0OC

Q@@'Q@@E@] T 9
RO BEIGERE O
é%ﬁ@hf%@ B &
X PDOET O
A8 ®

@@@@@@




Creative Process Icons Performing Arts Icons

A SOREEE TP @68
FHeoRBer HePaOERS
u@@%&o@ﬁ BT ERa
}ﬂﬂlm R | X
220D T ARG

{oF E



Nature Icons

T DL WHO
L s mw s &S
LY RPFEROLG 8

NAGHORVICR - F2Y 1P

@3




SEO & Marketing Icons




i slidesgo


http://bit.ly/2PfT4lq

