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Machine learning with Matlab

It teaches the computer to think like humans. The data Is
provided and interpret to build a model

Supervised learning Unsupervised learning
« Kmeans
* Hidden markov model
. _ : *  Hieracrhical model
Classification Regression
Nearest Neighor * Linear Reg
Naive Bayes * Logistic Reg

Support Vector machines *  Gaussian model
Random Forest
Neuronal Networks



Regression
It Is used to predict continuous values
* Linear
* Logistic models

Examples,

* Predict If a person have a risk of
disease

* The price of an apartment

* The expression levels of a protein

Classification
* Used to predict the label of given data,
» Single-class or multi-class models

 What is the label of a given handwritten number?
* |s the good healthy or not?
* Dou you get a low and high grade?



Machine learning for biology
Alphafold

Article

Highly accurate protein structure prediction
With AlphaFOId AlphaFold Protein Structure Databas Home About FAQs Downloads  API
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e Protein Structure Database

mechanistic understanding of their function. Through anenormous experimental
effort'™, the structures of around 100,000 unigue proteins have been determined”, but
this represents asmall fraction of the billions of known protein sequences™”, Structural
coverage is bottlenecked by the months to years of painstaking effort required to
determine asingle protein structure. Accurate computational approaches are needed
to address this gap and to enable large-scale structural bioinformatics. Predicting the 1 f Srat nicr ’ I m
three-dimensional structure that a protein will adopt based solely on its amino acid -
sequence—the structure prediction component of the ‘protein folding problem™—has
been animportant open research problem for more than 50 years®. Despite recent
progress™*, existing methods fall far short of atomic accuracy, especially when no See searchhelp @  Go to online course @
homologous structureis available. Here we provide the first computational method
that can regularly predict protein structures with atomic accuracy evenin cases in which
nosimilar structure is known. We validated an entirely redesigned version of our neural
network-based model, AlphaFold, inthe challenging 14th Critical A of protein
Structure Prediction (CASP14)", demeonstrating accuracy competitive with
experimental structures in amajority of cases and greatly outperforming other
methods. Underpinning the latest version of AlphaFold isa novel machine learning
approach that incorporates physical and biological knowledge about protein structure,
leveraging multi-sequence alignments, into the design of the deep learning algorithm.

Developed by Google DeepMind and EMBL-EBI
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achine learning for self driving cars
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Neural Networks

Apply cutting-edge research to train deep neural networks on problems ranging from
perception to control. Our per-camera networks analyze raw images to perform semantic
segmentation, object detection and monocular depth estimation. Our birds-eye-view
networks take video from all cameras to output the road layout, static infrastructure and 3D
objects directly in the top-down view. Our networks learn from the most complicated and
diverse scenarios in the world, iteratively sourced from our fleet of millions of vehicles in real
time. A full build of Autopilot neural networks involves 48 networks that take 70,000 GPU
hours to train §. Together, they output 1,000 distinct tensors (predictions) at each timestep.

Autonomy Algorithms

Develop the core algorithms that drive the car by creating a high-fidelity representation of
the world and planning trajectories in that space. In order to train the neural networks to
predict such representations, algorithmically create accurate and large-scale ground truth
data by combining information from the car’s sensors across space and time. Use state-of-
the-art techniques to build a robust planning and decision-making system that operates in
complicated real-world situations under uncertainty. Evaluate your algorithms at the scale of
the entire Tesla fleet.




Example: Hand written recognition
Classic problem in machine learning

Problem: Can we teach the computer to read
the hand written digits ?
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%%
% Randomly pick the images and their labels
forii=1:6
subplot(2,3,ii)
rand_num = randperm(11000,1);
imshow(alldigitaldata{rand_num,1},[])
title((y(rand_num)), FontSize',20)
axis off
end

%%

% lets pick the selected values

% here we find the index of selelected values
selectnumber=8

[r.c.logic]=find(y==selecthumber)

fori=1:9
subplot(3,3.,i)
selectnum=randi([1,1100],1,1)

image(reshape(X(r(selectnum),:),16,16))
title(string(selectnumber), FontSize',20)

axis off
end

4 Figure 1 - d
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Can you predict the following hand written digit? Is it 1

or 27
? A
%
c
i v{; /
: o - ky
Is i1t 1 or 27
Labels

As we humans, computers also make mistakes!
How to reduce error rate?

1. Use many training samples
2. Use many features



Step 1:
Convert the images into a linear form

1 110002236 double

70 7 72 73 74 75 76 77 78 79 Bl
1 0 0 0 39 216 255 245 93 3 0
2 0 0 0 17 255 255 255 255 255 255 65
3 0 0 0 0 0 27 231 255 255 114 66 %%
4 0 0 0 0 5 75 238 255 250 222 67 - alldigilinear=zeros(11000,256)
5 0 0 0 0 11 215 224 40 0 0 68 — for i=1:11000:
6 0 0 0 0 93 255 255 255 231 69 69 - alldigilinear(i,1:256) =reshape(alldigitaldata(i,:},1,256);
7 0 0 64 103 255 255 255 255 255 255 70 - end
8 0 0 0 0 0 54 296 255 255 255 71
9 0 0 0 0 0 99 255 255 194 9 72
0 0 0 0 71 235 234 16 0 158
1[1] 0 0 0 0 19 163 252 255 229 70 & %_% -
12 0 0 0 0 0 212 255 255 255 74.= X-alldlgllsnggr , :
3 0 0 ; 0 0 18 230 e 9ed 112 75 - cv =.cvpartmon(y, .holdout, 23§
14 0 0 0 0 16 210 265 249 129 0 76 - Xtrain = X(cv.training,);
15 0 0 0 16 154 255 255 166 13 0 77 - Ytrain = y(cv.training,1);
16 0 0 0 0 0 72 250 90 0 0 78 - Xtest = X(cv.test,:);
17 0 0 0 0 17 218 255 255 91 0 79, - Ytest = y(cv.test,1);
18 0 0 0 0 131 255 255 253 160 16 80
19 255 255 255 255 255 255 255 255 255 249 21
20 0 106 222 255 255 255 255 255 255 72
21 0 0 0 0 67 214 229 91 0 0
22 0 0 0 99 229 255 255 255 255 178
23 0 68 189 255 255 255 255 255 255 255
24 0 0 0 0 131 255 255 222 55 0
AE ‘ FRR FER FER M 1R2 1R2 A7 n n n
(] nrmmrnand Hickn

Step 2:
Separate data into test and test set



Step 2:
Separate data into train and test set

<

—= 00 =hnd

3267
368 |
3E9 %%
370 - A=alldigilinear
371 - cv = cvpartition(y, 'holdout’, .5);
372 - Atrain = X{cvtraining,:);
373 - Ytrain = y(cv.training,1);
374 - Atest = X(cv.test,)
375 - Ytest = y(cv.test 1)
376
377
378
Atest double 5500256 double
Atrain double 5500256 double
¥ double 1T000xT double
ylabel double [1,2.3,4536.7890]
ypred double 5300xT double
— Ytest double 5500xT double
Ytrain double 5500xT double




Classification Tree

Used for multiclass classification.
It IS an iterative process for splitting data into partitions
and split them further into branches

The method based on finding features that splits data.
We create a model that predicts the label of a target
variable by learning decision rules extracted from the

data features.

X dataset

W

P

TREE #1 TREE #2 TREE #3 TREE #4

CLASS C CLASS D CLASS B CLASS C

MAJORITY VOTING

FINAL CLASS




Build a simple Classification Tree for fail or pass the course

people

gender

Age
<40

Pass
or fall

/ Data\

male female

NN

Age<40

Pro, 1

Label. 1

Test samples: a) male,

age>24

b) Female, age

Age>40 Age<40 Age>40

Pro, 0 Pro, 0.66 Pro, 0

Label,0 Label,1 Label,0

Featurel: Feature 2:
Female=1 Age<40=1
Male=0 Age>40=0



5 11000x256 double

RN R R R

[T R Y PN N ey iy vy i) Fey ey g
3 R T = N = RS R R TR R

Kl
n

Features

70 71 72 73 74 75 76 T 78 79 8l

0 0 0 39 216 255 245 98 3 0
0 ] 0 117, 255 255 255 255 255 255 a
0 ] 0 0 0 27 23 255 255 114
0 0 0 0 5 75 238 255 250 222
0 0 0 0 1 215 224 40 0 0
0 0 0 0 93 255 285 255 231 69
0 0 64 103 255 255 2585 255 255 255
0 0 0 0 0 54 226 255 255 255
0 ] 0 0 0 99 255 255 194 9
0 ] 0 0 7 235 234 16 0 158
0 ] 0 0 19 163 252 255 229 70 e at u re e a u re
0 ] 0 0 0 0 212 255 255 255
0 ] 0 0 0 48 230 255 254 112
0 0 0 0 16 210 255 249 129 0
0 0 0 16 154 255 265 156 13 0
0 0 0 0 0 72 250 90 0 0
0 0 0 0 17 218 2585 255 M 0
0 0 0 0 131 255 2585 253 160 16

255 255 255 255 255 255 255 255 255 249
0 106 222 255 255 255 255 255 255 72
0 ] 0 0 67 214 229 91 0 0
0 ] 0 99 229 255 255 255 255 178
0 65 189 255 255 255 255 255 255 255
0 0 0 0 131 255 255 222 85 0

965 9EE 95K 291 1R2 162 a1 n n n

Feature 2 Feature 2 Feature 2 Feature 2

NN

Feature 3 Feature 3
Pro, 0.89

Label,0 Pro, 0.92
Label,8



File  Tools  Desktop  Tree  Window  Help
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1199 == 183 x40 < 1.5 0 >=1.5 x108 <78 108 ==78 x¥32 < 190.5 32 == 190.5 x60 = 222 60 == 222
x160 < 187. 160 == 187.5 x109 < 231 109 >=231 x64 < B0.5 64 == 80.5
X234 < 254.5 234 ==254.5 x14 < 183 14 == 183 2
x4 <133.5 4 >=133.5 x59 < 130.5 59 == 130.56
x3 <225 3=>=225 x106 < 239 106 == 239
1 x130 <7.5 130==75
X133 =26.5 133 == 26.5



Compare predicted and true labels

% %

% Train and Predict Using a Single Classification Tree
mdl_ctree = ClassificationTree fit(Xtrain Ytrain);

ypred = predict{md|_ctree Xtest);

Confmat_ctree = confusionmat(Ytest ypred);

%

%Train and Predict Using Bagged Decision Trees

mdl = fitensemble(Xtrain Ytrain,'bag’,200, 'tree’ 'type','Classification’);
ypred = predict{mdl Xtest);

Confmat_bag = confusionmat(Ytest ypred);

File Edit View Inset Tools Desktop Window Help E
Ocdde @ 08| E

Confusion Matrix: Single Classification Tree
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Confusion Matrix: Ensemble of Classification Trees

1 17 2 8 1
2 9 9 4
3 13 14 29 o
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17

True Class

True Class
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9] 13 1 47 42 14

0] 2 4 4 9 30
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1 2 3 4 5 G 7 8 8 10

Predicted Class 1 2 3 4 5 6 7 8 g9 10

Predicted Class



Other examples for decision tree

A decision tree is a set of simple rules, for example if the sepal length is less than 5.00, classify the specimen

as setosa.
Decision trees are nonparametric model because they do not require any assumptions about the distribution

of the variables in each class.

Iris setosa Iris versicolor Iris virginica

samples Petal —
(instances, observations)

Sepal  Sepal Petal Petal File Edit View Inset Tools Desktop Window Help
length  width length  width :
N@@e @ 08| E

Confusion Matrix: Single Classification Tree

130 | 5.9 3.0 5.0 18 Virginica

a— (1]

l. ] N #

\ Sepal O

g

/ Class labels =
Features (targets)

(attributes, measurements, dimensions)

1 2 3
Predicted Class



Data:

species

meas

HH 150x4 double
1
i
2 4.9000
3 47000
4 46000
5 5
6 54000
7 46000
8 5
9 4.4000
10 4.9000
11 54000
12 4.8000
13 4.8000
14 43000
15 5.8000
16 5.7000
17 5.4000
18 5.1000
19 57000
20 5.1000
21 54000
22 51000
23 4.6000
24 51000
25  4.8000
26 5
27 5
e 1] = Ta T T

<

2
3.5000

3.2000
3.1000
3.6000
3.9000
3.4000
3.4000
2.9000
3.1000
3.7000
3.4000

4.4000
3.9000
3.5000
3.8000
3.8000
3.4000
3.7000
3.6000
3.3000
3.4000

3.4000

e = T Ty

3
1.4000

1.4000
1.3000
1.5000
1.4000
1.7000
1.4000
1.5000
1.4000
1.5000
1.5000
1.6000
1.4000
1.1000
1.2000
1.5000
1.3000
1.4000
1.7000
1.5000
1.7000
1.5000

1.7000
1.9000
1.6000
1.6000

4 Einh

4 5
0.2000
0.2000
0.2000
0.2000
0.2000
0.4000
0.3000
0.2000
0.2000
0.1000
0.2000
0.2000
0.1000
0.1000
0.2000
0.4000
0.4000
0.3000
0.3000
0.3000
0.2000
0.4000
0.2000
0.5000
0.2000
0.2000
0.4000

La e T T Tt

Iris setosa

Command History

setosa
setosa
setosa
selosa
setosa
setosa
setosa
setosa
10 selosa
11 setosa
12 setosa
13 setosa
14 setosa
15 selosa
16 setosa
17 setosa
18 setosa
19 sefosa
20 selosa
21 sefosa
22 setosa
23 setosa
24 setosa
25 selosa
26 setosa
27 setosa

0 = O n & W M ==

=]

Iris versicolor

Iris virginica
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%%

cv = cvpartition(species, 'holdout’, .50);

Xmeastrain = meas(cv.training,:);

Ymeastrain = species(cv.training,1);

Xmeastest = meas(cv.test,:);

|Ymeastest = species(cv.test,1);

mdl_ctree = ClassificationTree.fit(Xmeastrain, Ymeastrain);
ypred = predict(mdl_ctree, Xmeastest);

Confmat_ctree = confusionmat(Ymeastest, ypred);

%Train and Predict Using Bagged Decision Trees

mdl = fitensemble(Xmeastrain, Ymeastrain,'bag',200, tree’,'type’,'Classification’);
ypred = predict(mdl, Xmeastest);

Confmat_bag = confusionmat(Ymeastest,ypred);

figure(10)

confusionchart(Confmat_ctree)

title('Confusion Matrix: Single Classification Tree')
figure(11)

confusionchart(Confmat_bag)

title('Confusion Matrix: Ensemble of Classification Trees')

Iris setosa Iris versicolor Iris virginica

4 Figure 10 — (|
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True Class

1 2 3
Predicted Class



Iris setosa Iris versicolor Iris virginica

File Tools Desktop Tree Window Help

% QW

Click to display: ldentity e Magnification: 100% e Pruning lewvel: |0of 4

¥ <1.75 4 >=1.75

setosa

x3 <495 3>=4.95

virginica

virginica

versicolor virginica




Computers in Biology and Medicine
Volume 150, November 2022, 106193 B A4
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Adaptive tracking algorithm for
trajectory analysis of cells and layer-by-
layer assessment of motility dynamics

Mohammad Haroon Qureshi ® ®, Nurhan Ozlu @, Halil Bayraktar© 2 =
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Show more
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Deep learning

» Based on the principles of learning

 Composed of linked neurons

» Includes input, hidden and output
layers

Represented as network diagrams

Input layer Hidden layer Output layer

1 neuron per  Random #neurons 1 neuron per
component per layer possible output



Applications

Medical diagnosis (flu, cold, bacterial)
Fraud detection in banking (valid or fraud
transactions)
Image classification (cat, dog, cow,...)
Drug discovery (inhibitor or not)
Chemical synthesis (route selection or organic
synthesis)
Genome analysis (cancer risk or not)
Spam filter (spam email or normal)
Language models, (What does it say?)



« Suppose we want to classify the students If they
have low O or high grade 1.

features 3
o Q
ok > & AA.BA BB, CB 1
\$ P &
2y 0§ X QO{Q'\{\Q) &
59 O \’>\2\° labels Less than CB O
Label={l1,... In}
Label={0,1}

Label={1,2,3,4,5,6,7,8,9,0}
Label={Turkiye, France,...}

observations
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* Binary or Boolean classification when labels=2
* Multi-class classification when label>2



Another example,
IS It cat or not?

- A
= |

How do we learn objects at early age?

* Learning theory states that as we learn things it
strengths the link between neurons.

* Deep learning was inspired from this principle that
help us to learn things around us.

|| MATTHEW H. OLSON AND JULIO J. RAMIREZ

—

AN INTRODUCTION
TO THEORIES OF




Covert 2d Image to 1d Array

Used to convert 2D to 1D array
* Yy =reshape(repmat(ylabel,1100,1),11000,1);



Example
How do you learn if the object on the Picture is cat?

All equal
weights -

O
() & () Cat
oo )

Untrained Dog Ca€atcat trained
Neurons Neurons

The connection between the 1st neuron in the input layer
and 1st layer in hidden layer gets stronger



HN1

IN
01 Cat
IN
01 Not Cat
IN: Input neurons
1 0 HN3 HN: Hidden neurons
IN3

* ODbserving more cats strengten the connections between
sSome neurons.

* The strength in deep learning are represented by weigths
(w). When the neuron in the hidden layer receives enough
Input



Adding more features to DL model

HN

° 'ljm. Dog
ll»'\
1 OI (Others
‘

M number of class

N number of features



Example:

it classNames] = imagePretrainedMNetwork

im = imread("peppers.png™);
igure(1)
imshow{im})

X = single(im);
scores = predict{net, X);
[label score] = scoresZlabel{scores, classNames);

disp{i)

end

o’
figure(1)
imshow(cdata)
igure(2)
imshow{cdata_1)

]
cdatal = single{cdata);
cdata? = single(cdata_1);
0 0F

a
scores = predict(net, cdata2);
[label score] = scores2iabel(scores, classMames);

‘Score)




classMNames X
B 1000x1 string
1

giant schnauzer
standard schnauzer
Scotch terrier
Tibetan terrier

silky terrier
soft-coated wheat. ..
West Highland whi. ..

Lhasa

flat-coated retriey~-

curly-coated retr Top 5 Predictions

golden retriever

Labrador retrievy lion

Chesapeake Ba

German short-h: lynx

vizsla

llama
English setter
Irish setter timber wolf
Gordon setter
Brittany spaniel tiger cat

clumber

41 S

0 0.2 0.4 0.6 0.8
Probabilit

tabby
ger cat
iian cat
Angora

ian cat

Top 5 Predictions

0.4 0.6
Probabilit




tabby, 0.18962

Top 9 Predictions
fabby —
Top 5 Predictions

tiger cat
Persian cat tabby
Angora tiger cat
—gyptian cat Persian cat
Angora

0 0.2 04 06 0.8 1
0 0.2 0.4 0.6 0.8 1

Probabili




Pretrained networks

85 T ] T T T T T ] ] T
B0 _
. Inceplion-Reshel-v2 MASNet-Lange
Incaplion-v3 .
ResMeat-101 . Maapisn
ResNet-50 DarkMet-53 .
= . @ EfficieniNet-b0 DenseNet-201 —
DarkNet-19 @ nASNet-Mobile

=70 * |
2 MobileNet-v2
i Reshal-18
E;' L
c
&; .GﬂagLehEl

65 [ _

[ ]
ShuffieMat
&0
SqueezeMel
55 [~ _
AlexMet
50 L | | | | | | | | | | | | |
1 2 3 4 5 G T B 9 10 15 20 75 a5 40

Relative Prediction Time Using GPLU

‘i ]
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Load Pretrained Meural Networks

To load the SqueezeMet neural network, use the imagefretrainedietwork function.

[met,classNames] = imagePretrainedMetwork;

For other neural networks, specify the model using the first argument of the imagePretraineddetwork function. If you do not have the required support package for the network, the function provides a link to download it. Alternatively, you can download the
pretrained neural netwaorks from the Add-On Explorer.

This table listz the available pretrained neural networks trained on ImageMet and some of their properties. The neural network depth is defined as the largest number of sequential convelutional or fully connected layers on a path from the network input to the netwe

output. The inputs to all neural netwaorks are RGE images.

imagePretrainedietwork Model
Hame Arguiment

"sgueszenst”

"googlenst”
"googlenet-placesies”

"inceptionw3™

"densenst281"

"mobilenetw2™

"resnetld”

"resneth@”

"resnetlel”

"xception”

"inceptionresnetva”

"shufflenst”

"nasnetmobile”

"nasnetlarge”

"darknet19”

"darknet53"

"efficientmetba”™

"alexnet"™

Heural Network Name

Squeezelet [2]

GooglLeNet [3][4]

Inception3 [3]

DenseMet-201 [£]

MaobileMet-v2 [7]

ResMet-18 [g]

ResMet-50 [2]

ResMet-101 [g]

¥eeption [9]

Inception-ReaMet-v2 [10]

ShuffleNet [11]

NASNet-Mobile [12)

NASMet-Large [12]

DarkNet-19 [13]

DarkNet-53 [13]

Efficientet-b0 [14]

AlexMet [15]

18

201

18

101

Fi

164

19

5.2 ME
2T MB

B9 MB

TIMB

13MB

44 MB

06 MB

167 ME

BSMBE

209 ME

a9.4 ME

20 MB

332 ME

T3 MBE

135 MB

20 MB

227 ME

Parameters (Millicns)

1.24
7.0

1.4

41.6

61.0

Image Input Size

227-by-227
224-by-224

790-by-299

224-by-224

224-by-224

224-by-224

224-by-724

224-by-724

290-by-299

290-by-299

224-by-724

224-by-224

331-by-331

256-by-256

256-by-256

224-by-224

227-by-227

Required Support Package

MNona

Deep Leaming Toolbox Modal for
GooglelNet Netwaork

Deep Leamning Toolbox Model for
Inception-v3 MNetwark

Deep Leamning Toolbox Model for
Densehiet-207 Netwaork

Deep Leamning Toolbox Model for
MobileMet-v2 Network

Deep Leamning Toolbox Model for
ResMet-18 Network

Deep Leamning Toolbox Model for
ReaMet-50 Network

Deep Leamning Toolbox Model for
ReaMet-101 Network

Deep Leaming Toolbox Model for
Xeeption Network

Deep Leaming Toolbox Model for
Inception-Resiet-v2 Network

Deep Leaming Toolbox Model for
Shuffletet Network

Deep Leaming Toolbox Model for
MASNet-Mobile Network

Deep Leaming Toolbox Model for
MASNet-Large Netwaork

Deep Leamning Toolbox Model for
DirkNet- 19 Network

Deep Leamning Toolbox Model for
DiarkNet-53 Network

Deep Leamning Toolbox Model for
Efficiantiet-bi Network

Deep Leamning Toolbox Model for
AlexNet Network



Explore other pretrained neural networks in Deep Network Designer by clicking New.

MATLAB
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JO OO D0 0aE JUOn) |BO0)E
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If you need to downlocad a neural network, pause on the desired neural network and click Install to open the Add-On Explarer.



