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MATLAB ML Tools Overview

® Using the Classification Learner App
® Overview of ML Toolbox
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Machine Learning Toolbox: MATLAB Apps

MATLAB provides a powerful environment for building » Apps: Ideal for initial exploration, quick prototyping,
machine learning applications, and its Machine Learning comparing different models, and when you prefer a visual,
Toolbox is a key component. While you can certainly write interactive approach.

code from scratch, MATLAB Apps offer a user-friendly,

interactive way to perform many machine learning tasks * Code: Necessary for more customized workflows, complex

without extensive coding. preprocessing steps, implementing less common algorithms,

or when you need to integrate machine learning into a larger

E
P SRS

Machine Learning Workflow
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Machine Learning Toolbox: MATLAB Apps

{MACHINE LEARNING J

Key Apps within the Machine Learning Toolbox (and /\

related functionalities):

+ Classification Learner: This app is excellent for training SUPERVISED UNSUPERVISED
and comparing various classification models. You can LEARNING LEARNING
import your data, select different algorithms, train them,
evaluate their performance, and even export the trained
models for use in other applications. It's a great starting
point for many classification problems.

CLASSIFICATION REGRESSION CLUSTERING

+ Clustering Toolbox (and related functions): While not
a dedicated app, MATLAB's clustering functionalities are
readily integrated. You can use these in conjunction with
the Classification and Regression Learners to perform
clustering as a preprocessing step or to analyze the

results of your models.
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Machine Learning
Toolbox: MATLAB
Apps

Benefits of Using MATLAB Apps for
Machine Learning:

Ease of Use: Reduces the need for
extensive coding, especially for common
tasks.

Interactive Exploration: Allows you to
quickly experiment with different
algorithms and settings.

Visualization: Provides tools for
visualizing data and model performance.
Faster Prototyping: Accelerates the
process of building and testing machine
learning models.

General Workflow with MATLAB Apps for Machine
Learning:

1.Data Import: Most apps allow you to import data from
various sources (files, workspaces, databases, etc.).

2.Data Preprocessing: You can often perform basic
preprocessing steps within the apps.

3.Model Selection: Choose the appropriate machine learning
algorithm for your task (classification, regression, clustering).
The Classification and Regression Learner apps provide a
selection of common algorithms.

4.Training: Train the model using your data. The apps provide
options for splitting the data into training and testing sets (or
using cross-validation).

5.Evaluation: Assess the performance of your trained model
using various metrics (accuracy, precision, recall, RMSE, etc.).
The apps will often generate visualizations to help you
understand the model's performance.

6.Model Export: Once you're satisfied with a model, you can
export it for use in other MATLAB applications or even deploy
it outside of MATLAB.
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Supervised & Unsupervised Learning in MATLAB

@ Building classification and regression models
® Introduction to clustering algorithms
® Neural networks and backpropagation
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Step-by-Step Guide to Start MATLAB Classification Learner App

Step 1: Launch MATLAB Example:
Start by opening MATLAB. Ensure you have access
to the Statistics and Machine Learning Toolbox,
which includes the Classification Learner App.

* Import Sample Data Set
(‘penguins_ML4.xIsx’)

* Run

2: L P Y D
Step oad or Prepare Your Dataset (‘penguins_import_data.m’)

Import your own dataset from a file like .csv, .xlsx,

or from the MATLAB workspace.
The sample data set contains 1,368
PPt e, T ) o observations of 3 different penguin species:
Penguin Penguin Adélie, Chinstrap, and Gentoo.

el

Each observation has 2 features extracted from

| ) @'\ raw data:

Bill length (mm) and Bill depth (mm)

-
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Building classification models using Matlab

Before you start (both apps) Example:

Put your data in a table (rows = observations, «  Run

columns = variables). (‘penguins_beforeAPP.m’)
Make the target:

» Classification: categorical/char/string (class
labels)

* Regression: numeric (continuous)

* Mark categorical predictors as categorical.

Handle missing values (remove or impute);

remove obvious data leaks (ID, target-derived
fields).
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Train classification models

Step 3: Open the Classification Learner
App B [«

FAVORITES

W M B © e
1 - . Curve Fitter Optimization  PID Tuner System Wireless Signal MATLAB Application  Classification
From the Toolstrip:

Ider’:tiﬁcalion Waveform... Analyzer Coder Compiler Learner
1. Go to the "Apps" tab on the MATLAB | ACHNELEARNIG A0 DS LEATING B
' s @* W & ® ® ® & B
Toolstrip. : : =

Classification Deep Deep Neural Nef
n

tkage
\pp

t
Learner Network ...  Network ...  Clustering Fittin

2. Under Machine Leaming and Deep SV WATH,STATITICS AD OPTIMZATON
Learning, click Classification Learner. = =T

Curve Fitter Distribution Optimization PDE Modeler
Fitter

‘CONTROL SYSTEM DESIGN AND ANALYSIS
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Train classification models

Step 4: Import Your Data s T s

In the Classification Learner App: T rr— | 2

. . (®) Use columns as variables Protects against overfitting. For data not set
1. Click 'New Session > From Workspace' or 'From D e e e o

fold.

File'. g’“""mm e S
2. Select your table or matrix variable. o e

3. Choose the response variable (the target/class °:" o o Eree———

you want to predict). 2 [ 2 “*:;:; wm -
4. Optionally, deselect variables you don't want to ma ) e e
include as predictors. —— ]|

5_ CI|Ck 'Start SeSS|On' /i, Response variable is numeric. Distinct values will be interpreted as class labels. [ Start Session H Cancel
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Step 5: Explore and Train Models
Once your data is loaded:

1. You'll see options like All Quick-to-Train, Decision Trees, SVM, KNN, etc.

2. Select one or more classifiers to train.
3. Click "Train' (or "Train All') to build your models.

Classification Learner - untitled*

LEARN EXPLAIN

) = PCA =

P omen % P =

New [ save - Feature B costs All Quick- All e Scatter Confusion 7 Results Layout =EXPORT
Session v Selection @ Optimizer To-Train Matrix ... Table < .

FILE OPTIONS MODELS TRAIN PLOTS AND RESULTS

Models i |%| Model 1 Model 2
Sort by (Model Number v ] = Summary X | Validation Confusion Matrix X
:] 1 Tree Accuracy (Validation): 92.6% Model 2: Neural Network
Last change: Fine Tree 2/2 features| ~ Status: Trained

"] 2 Neural... | Accuracy (validation): 95.6%|| ~ Training Resuits

Accuracy (Validation) 95.6%
Last change: Narrow Neural Network 2/2 featur Total cost (Validation) 6

Error rate (Validation) 4.4%
Prediction speed ~1700 obs/sec
Training time 21.738 sec
Model size (Compact) ~6 kB

» Model Hyperparameters

» Feature ion: 2/2 indivi

» PCA: Disabled

» Misclassification Costs: Default

» Optimizer: Not applicable
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Step 6: Evaluate Model Step 7: Export or Use the

Performance Trained Model

After training: You can:

- Check the accuracy, confusion - Export the trained model to the
matrix, ROC curves, and cross- workspace: Click 'Export Model'
validation results. > 'Export Model'.

- Compare multiple models side by - Generate MATLAB code: Click
side. 'Export Model' > 'Generate

Function' to reuse or automate.
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Workspace (after export) MAT -file (if you save it)
» If you click Export Model — Export Model (the

first option), MATLAB exports the model as a If you want to save the model
trained classifier object into the base permanently, you need to explicitly
workspace. save it:
* You'll see something like trainedModel appear in
your Workspace. save('myModel.mat', 'trainedModel’)
Structure of trainedModel Then it can be loaded later with:
* The exported model is typically a struct, often
named trainedModel, containing fields such as: load('myModel.mat')

» trainedModel.ClassificationModel — the actual
classification model (e.g., SVM, Decision Tree)

» trainedModel.predictFcn — a prediction function you
can use directly on new data

» trainedModel.RequiredVariables — list of variables
needed for prediction
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What is clustering?

{ MACHINE LEARNING

» Clustering is a fundamental technique in unsupervised learning /\

that allows us to discover hidden structures and patterns in

unlabeled. data. I . , SUPERVISED UNSUPERVISED
» It has a wide range of applications and is an essential tool for LEARNING LEARNING

data analysis and machine learning.
+ Essentially, its goal is to partition a set of data into clusters, or
collections of data points which are similar to the other data within

their cluster, and dissimilar to the data in other clusters.
- {CLASSIFICATION} REGRESSION ’ [ CLUSTERING ]
ﬁﬁy S ® °
1 Clustering
1‘ ! ‘ 5 Find groups and patterns
LN —/ 4 :
caC — E—— 3
X ) :
S" Algorithm g
N '
Raw Data ) “ A
-2
3

x1
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Clustering algorithms

* K-means Clustering: This algorithm partitions the
data into a pre-defined number of clusters (k) by
iteratively assigning data points to the nearest cluster
center (centroid).

* Hierarchical Clustering: This method builds a
hierarchy of clusters by either merging smaller clusters
into larger ones (agglomerative) or dividing larger
clusters into smaller ones (divisive)

+ Density-Based Clustering: These algorithms identify
clusters based on the density of data points in a
region. They can find clusters of arbitrary shapes and
are robust to outliers.

+ DBSCAN: A popular density-based clustering
algorithm that can discover clusters of different shapes
and sizes, and is robust to noise.
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One method of clustering: k-means

The most commonly used clustering algorithm, k-means is a method in which there are k clusters. As the name of the
algorithm implies, each of the k clusters is defined by its mean, or centroid.

The algorithm proceeds as follows:

1. Select k points as the initial centroids of the clusters. These can be selected randomly or by hand.

2. Assign each data point to its closest centroid. Closeness can be defined using a variety of distance measurements.

3. Re-compute the centroids by calculating the mean of all the points in each cluster. In other words, update the locations of
the centroids based on their assigned data points from step 2.

4. Repeat steps 2 and 3 until the algorithm converges (until repeating steps 2 and 3 no longer changes the results of the
algorithm).

Before K-Means After K-Means
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Clustering Example: Data for three vy GO0 ADLig
different species of penguins: e o -
Adélie, Chinstrap, and Gentoo.

Run (‘penguins_kmeans.m’)

X=
39.1000 18.7000
39.5000 17.4000

gg-?ggg 18-2338 % Load the CSV file into a table
: : DataTable = readtable('penguins.csv');
39.3000 20.6000 head(DataTable)

38.9000 17.8000
39.2000 19.6000
34.1000 18.1000
42.0000 20.2000
37.8000 17.1000
37.8000 17.3000
41.1000 17.6000
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LabeledData = rmmissing(DataTable);
PenguinData = LabeledData(1:end,3:4);
PenguinData2 = table2cell(PenguinData);
X = cell2mat(PenguinData2);



EXERCISE: Simple Clustering Example: k-means

Example: we want to assign 40 data points to 2 clusters (k = 2).

X =[randn(20,2)+ones(20,2); randn(20,2)-ones(20,2)]; o
figure(1)
plot(X(:,1),X(:,2),'k."); 2t
X=
-0.3617 1.1832 °r

1.4550 -0.0298
0.1513 1.9492 r
0.6651 1.3071
1.5528 1.1352 2f

-0.9875 1.0237 Al
-4.0292 -3.2584
14570 1.2294 e
0.2424 -0.6624 s € & = 4 ® 4 &
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opts = statset('Display’, final");
Use Matlab toolbox: kmeans.m [cidx, ctrs] = kmeans(X, 2, 'Distance','city’, ...
'Replicates',5, 'Options',opts);

figure(2)
. plot(X(cidx==1,1),X(cidx==1,2),'r., ...
kmeans K-means clustering: X(cidx==2,1),X(cidx==2,2),’b.., ctrs(:,1),ctrs(:,2), kx;

IDX = kmeans(X, K) partitions the
points in the N-by-P data matrix X
into K clusters. di

Note: when X is a vector, kmeans
treats it as an N-by-1 data matrix, of
regardless of its orientation.

kmeans returns an N-by-1 vector
IDX containing the cluster indices 2}
of each point.

By default, kmeans uses squared
Euclidean distances.
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figure(1)
plot(X(:,1),X(:,2),'k.";

opts = statset('Display','final');

[cidx, ctrs] = kmeans(X, 3, 'Distance’,'city’, ...
'Replicates',5, 'Options',opts);

figure(2)

plot(X(cidx==1,1),X(cidx==1,2),'r.’, ...
X(cidx==2,1),X(cidx==2,2),'b., ...
X(cidx==3,1),X(cidx==3,2),'g.", ctrs(:,1),ctrs(:,2),'kx");
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When to Use K-Means Clustering

+ K-means presents huge advantages, since it scales to large data sets, is relatively simple to implement,
guarantees convergence, can warm-start the positions of centroids, it easily adapts to new examples,
and generalizes to clusters of different shapes and sizes, such as elliptical clusters.

+ But as any other Machine Learning method, it also presents downsides. The most obvious one is that
you need to define the number of clusters manually, and, although we showed some ways to find the
optimal “k”, this is a decision that will deeply affect the results.

» Also, K-means is highly dependent on initial values. For low values of “k”, you can mitigate this
dependence by running K-means several times with different initial values and picking the best result.
Finally, K-means is very sensitive to outliers, since centroids can be dragged in the presence of noisy
data.

+ K-means is highly flexible and can be used to cluster data in lots of different domains. It also can be

modified to adapt it to specific challenges, making it extremely powerful. Whether you’re dealing with
structured data, embeddings, or any other data type, you should definitely consider using K-means.
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Hands-On Exercise 2: Predicting human activity types using Matlab Machine Learning APP

This example shows how to prepare an activity prediction model that classifies human activity based on smartphone sensor
signals for code generation and smartphone deployment.

- o

MICROBIT| X

v convart Y 1 1 foaturos —— ‘/\D\ Jabel 1
et | - '
z‘z R

Accalerometer X-Y-Z Buffer and Calibration Preprocessing ClassificationTree Precict Predicted Activity

Copyright 2020 The MathWorks, Inc

Y APP

Acc X:
' -0.659516

AccY:

Z X
. -0.145516
Standing

. Acc Z:

-0.687210

Predicted Activity:

2.000000
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EXERCISE: Predicting human activity types using
Matlab Machine Learning APP

Load Sample Data Set
Load the humanactivity data set.

load humanactivity

The humanactivity data set contains 24,075 observations of five
different physical human activities:

Sitting, Standing, Walking, Running, and Dancing.

Each observation has 60 features extracted from acceleration
data measured by smartphone accelerometer sensors.
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Data Preprocessing: You can often perform

basic preprocessing steps within the apps. Run (‘humanactivity data.m’)
The data set contains the following variables: Prepare Data
. .. rng('default’) % For reproducibility
actid — Response vector containing the Partition = cvpartition(actid,'Holdout',0.10);
activity IDs in integers: 1, 2, 3,4, and 5 trainingInds = training(Partition); % Indices for the
; it ; : training set
representing Sitting, Standing, Walking, XTrain = feat(traininginds. )

Running, and Dancing, respectively YTrain = actid(trainingInds);
testinds = test(Partition); % Indices for the test set
XTest = feat(testinds,:);

actnames — Activity names corresponding to YTest = actid(testinds)

the integer activity IDs

feat — Feature matrix of 60 features for 24,075 '11ain = aray2table((XTrain YTrain]);
observations
tTrain.Properties.VariableNames = [featlabels' 'Activities'];

featlabels — Labels of the 60 features
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3. Model Selection: Choose the appropriate machine learning 4. Training: Train the model using your data. The

algorithm for your task (classification, regression, clustering). The apps provide options for splitting the data into
Classification and Regression Learner apps provide a selection of training and testing sets (or using cross-
common algorithms. validation).
(4 New Session from Workspace - [m] X
MATLAB R2012b
Data set Validation
Data Set Variable Validation Scheme
GetMore hatal Package | /v FAVORITES .
. [tTrain 2166ex61 table v |
s & 7 : o [ cross-valigati v
SEE D @ G oumcaton a0 POTunicg  Sgnsl Ansysi b - )
Current Folder L ® Response
Noe £ [vaboe . Protects against overfitting. For data not set
@ ), forCustomer SRS . N (® From data set variable aside for testing, the app partitions the data
* htmi ) — il i
= - @ (7)) ~ (O From workspace ;2:3 folds and estimates the accuracy on each
%) energrForecastanal...|  Oistriution MsPAD Optimczation [Ac:lvi:les double = J )
#) energrGut.fo Fitng Netezaok
) energr@am
£) essmatesageDaym | CONTROL SYSTEM DESIGN AND ANALYSIS T = Cross-validation folds C@
) Fetevary. s
3 Janusrys Predictors
 TrOesteFigrem T e Read about validation
%"”""":’;dm_l Ctern Ctde LX) Name Type Range |
B - TotalAccXMean double 0453020 0834224  ~| | Test
#) Presentersarptm R
iy * TotalAccYMean double 124491 166989 W e e e
P FrrDs Sowarmyan vrson oo TotalAccZMean double -0.989318 _. 0.36021
o
BOdyACCXRMS double 0.00136851 .. 0.99214 Percent s
IMAGE PROCESSING AND COMPUTER VISION ™=
BodyACCYRMS double 0.00244462 . 223241
@ @ BodyAccZRMS double 0.000647098  1.42422_ v | | | Use atestset to evaluate model performance
Image Viewer  Vidto Viewsr after tuning and training models. To import a
™! separate test set instead of partitioning the
( Add All ) [ Removean | current data set, use the Test Data button after
starting an app session.
Detaits A 4 | || How to prepare data Read about test data
(U7 Trial Davs Remaining: 233 /|
A Eszlll:ﬂse variable is numeric. Distinct values will be interpreted as class [ Start Session ] [ Cancel
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4. Training: Train the model using your data. The apps
provide options for splitting the data into training and testing
sets (or using cross-validation).

CLASSIFICATION LEARNER

= PCA ) [ summary =

P o % T T B

New [ save v | Feature B costs All Quick-To- Al | & oupicate o | Uee | Train Scatter  Confusion | 7| Layout | TEST | EXPORT
Session ¥ Selection @ Optimizer Train Table ||Parallel| Al v Matrix ... - . .

FILE OPTIONS MODELS TRAIN PLOT AND INTERPRET ry
Models O | Model 1 o
Sortby Model Number @)1 Summary " Scatter Plot x
[ ]1 Tree Drait
Last change: Fine Tree 60/60 features| 2 Original data set: tTrain .
(e) Data
Predictors

X [ TotalAccxMean v
Y [ TotalaccYMean v

’ Classes
e |

TotalAccYMean

s ) 05 1
TotalAccXMean

How to investigate features

Model 1 Model 2

Summary x

Model 2: Ensemble
Status: Draft

~ Model Hyperparameters

Ensemble method AdaBoost v

Learner type Decision tree ¥

!

Maximum number of splits

Number of learners

Learning rate

w N
h o o

Number of predictors to sample

Read more about Ensemble model options

» Feature Selection: 60/60 individual features selected
» PCA: Disabled

» Misclassification Costs: Default

» Optimizer: Not applicable
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5. Evaluation: Assess the performance of your trained model using various metrics (accuracy, precision, recall,
RMSE, etc.). The apps will often generate visualizations to help you understand the model's performance.

Model 1 (Fine Tree)

True Positive Rate (TPR): It measures the
01% proportion of actual positive instances (true
positives) that are correctly identified by the
model. In other words, it tells you how well
the model can identify positive cases.

1 99.9% 0.1% 0.0% 0.0%

2 0.1% 99.8% 0.1% 0.0% 0.0% 0.2%

A higher TPR means that the model is good
at identifying positive cases, while a lower
TPR suggests it might be missing many
positives.

0.1% 0.1% 99.69 0.2% 0.1% 0.4%

True Class
w

For example: In a medical test for a disease,
TPR would represent the proportion of
people who actually have the disease and
are correctly identified as positive by the test.

3.8%

8.4%

1 2 3 4 5 FNR

Predicted Class
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6. Model Export: Once you're satisfied with a model, export it for use in
other MATLAB applications.

Classification

w Standing

f(
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4. Training: Train the model using your data. The apps provide options for splitting the data into training and testing
sets (or using cross-validation).

ANN trammg: . * Backpropagation is a machine learning technique essential to the
Backpropagation optimization of artificial neural networks.

+ It facilitates the use of gradient descent algorithms to update

Q_’" Forward Pass network weights, which is how the deep learning models driving
Q N modern artificial intelligence (Al) “learn”.
' \ _";,ﬁ‘ —~ e Hidden layer(s)
O -: :; : > O Output layer
O :
O+ AT Q, ",
'~" gs / — ,-. .
O—;;f Vs, - : O Difference’n
*; ' esired values
oA
U~ E
O' ' fra,,
j : Backprop output layer
O@v Backward Pass et
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Thank you, Al




