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Machine Learning Methods
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Step-by-Step Process
1. Environmental Dataset 
2. Pre-processing:

- Data Cleaning
- Data Transformation

3. Pollutants/Environmental Characteristics → Feature 
Vector

4. Apply Desired Machine/Deep Learning Model
5. Train Prediction Model
6. Input: Environmental Test Data
7.  Test Data → Feature Vector
8. Prediction Model (uses trained model + test feature 

vector)
9. Output: Outcome Predicted

Process of predicting Environmental output using machine/deep learning models. It involves data pre-
processing, transformation into feature vectors, model training, and prediction using test data:
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The Supervised Learning Problem
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Starting point:

Outcome measurement Y (also called dependent variable,  response, target).

Vector of p predictor measurements X (also called inputs, regressors, 
covariates, features, independent variables).

In the regression problem, Y is quantitative (e.g price,  blood pressure).

In the classification problem, Y takes values in a finite set (survived/died, 
digit 0-9, cancer class of tissue sample).

We have data (x1; y1); : : : ; (xN; yN). These are observations 
(examples,examples, instances) of these measurements.
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The Supervised Learning Problem
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Objectives

On the basis of the training data we would like to:

Accurately predict unseen test cases.

Understand which inputs affect the outcome, and how.

Assess the quality of our predictions and inferences.
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Unsupervised learning
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No outcome variable, just a set of predictors (features) 
measured on a set of samples.

objective: find groups of samples that behave similarly, 
find features that behave similarly, find linear 
combinations of features with the most variation.

different from supervised learning, but can be useful as 
well.
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Supervised Method: regression

The regression function f(x)

We can refer to the input vector as

X = (X1, X2, ….., Xk)

These are our features

Now we write our model as

Y = f(X) + e

where e captures measurement errors and other discrepancies.

Depending on the complexity of f, we may be able to

understand how each component Xj of X affects Y .
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The regression function f(x)
Is also defined for vector X; e.g.

f(x) = f(x1; x2; x3) = E(Y jX1 = x1;X2 = x2;X3 = 

x3)
Is the ideal or optimal predictor of Y            with regard to

mean-squared prediction error: 
f(x) = E(Y jX= x) is the

function that minimizes 

𝐸(𝑌 − 𝑓(𝑋) 2 = 𝐸[𝑓 𝑋 + 𝑒 − ෣𝑓 (𝑋)]2

= [𝑓 𝑋 − መ𝑓 𝑋 ]2+𝑉𝑎𝑟 (𝑒)

Supervised Method: regression
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Supervised Method: linear regression

When the regression function f(x) is a line, we call this simple 
relationships between Y and X: linear regression.
Y =  𝛽0 + 𝛽1𝑋

We estimate  𝛽0 𝑎𝑛𝑑 𝛽1 by miminasing the sum of residuals or, more 
precisely, thee Residual Sum of Squares,and we obtain:
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Accuracy of the model
Goodness of fit
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We assess the accuracy of our estimates of the coefficients beta 0 and beta 1,
employing standard errors, and p-values: 
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Accuracy of the model
Goodness of fit
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We assess the accuracy of our estimates of the coefficients beta 0 and beta 1,
employing the 

Mse= Mean Square Error = 1
𝑛
σ(𝑦𝑖− ෣𝑓 𝑥𝑖 )2
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Accuracy of the model
Goodness of fit
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We assess the accuracy of our estimates with the R2 statistic.
It takes the form of a proportion — the proportion of variance explained
— and so it always takes on a value between 0 and 1, and is independent
of the scale of Y .
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Supervised Method: Linear regression

Limits of linear regression:

1. Non-linearity of the response-predictor relationships.

2. Correlation of error terms.

3. Non-constant variance of error terms.

4. Outliers.

5. High-leverage points.

6. Collinearity.
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Supervised Method: Linear regression

Limits of linear regression:

1. Non-linearity of the response-predictor relationships.

2. Correlation of error terms.

3. Non-constant variance of error terms.

(Heteroskedasticity)

4. Outliers.

5. High-leverage points.

6. Collinearity.
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Supervised Method: Linear regression

Limits of linear regression:

1. Non-linearity of the response-predictor relationships.

2. Correlation of error terms.

3. Non-constant variance of error terms.

4. Outliers.

5. High-leverage points.

6. Collinearity.
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Supervised Method: Linear regression extensions

We can also have:

qualitative predictors (factors)

with only 2 levels (dummy variables)

with More than Two Levels
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Supervised Method: Linear regression extensions

We can also:

remove the additive assumption: include interactions in the model: Y = β0 + 
β1X1 + β2X2 + β3X1X2 + e

hierarchical principle states that if we include an interaction in a model, we should also 
include the main effects, even if the p-values associated with their coefficients are not 
significant.

Consider Non-Linear Relationships: Y = β0 + β1X1 + β2X2 + β3(X2)2 + e
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Supervised Method: Multiple linear regression

We can extend our results to a 
multiple regression:
Y =  𝛽_0+ 𝛽_1 𝑋1 + 𝛽_2  𝑋2 +… + e 
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Supervised Method: Multiple Linear regression

Best Subset Selection
Forward stepwise selection 
is a computationally 

efficient alternative to 

best

forward stepwise
subset selection.
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Supervised Method: Multiple Linear regression
Subset Selection
Backwards stepwise selection
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Supervised Method: Multiple Linear regression
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Supervised Method: Classification

The response variable in these models is instead qualitative.

The most widely-used classifiers: 

logistic regression, 

linear discriminant analysis,

K-nearest neighbors. 

Why not linear regression?
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Logistic regression
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Tree – based analysis
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The output of recursive
binary splitting on a two-dimensional 
example. 

A tree corresponding
to the partition in the top right panel.
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Support vector machine (SVM)
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Support Vector Machine (SVM) is a supervised machine learning algorithm used 
for:

Classification (most common),

and sometimes regression tasks.

It works by finding the optimal boundary (hyperplane) that best separates data 
points of different classes.

Example: Two classes of points in 2D space:

🔵 Class A (e.g., "low obesity")

🔴 Class B (e.g., "high obesity")

SVM tries to draw a line (or more generally, a hyperplane) that separates these 
two classes with the largest possible margin.
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Support vector machine (SVM)
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Key Terms:

Hyperplane: The decision boundary that separates classes:

In 2D: a line.

In 3D: a plane.

In higher dimensions: a "hyperplane.“

Margin: The distance between the hyperplane and the closest data points from 
each class. SVM maximizes this margin.

Support Vectors: The data points that lie closest to the hyperplane. They are the 
"support" for the decision boundary — the SVM would change if you removed 
them.
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Support vector machine (SVM)
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SVM tries to find the best hyperplane that:

Completely separates the classes (if possible),

Maximizes the margin between them.

SVM solves a constrained optimization problem (quadratic programming) to do this.

Once trained, it uses the hyperplane to classify new data points.

If Data are Not Linearly Separable: the classes are mixed in complex ways: SVM uses a 
kernel function to project the data into a higher-dimensional space, where it is separable:

Linear kernel: no transformation; used when data is linearly separable.

Polynomial kernel: for curved boundaries.

Radial Basis Function (RBF) / Gaussian kernel: most common; captures complex, 
nonlinear relationships.

Sigmoid, similar to neural networks.
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Support vector machine (SVM)
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Output:

After training, an SVM model can:

Predict the class of a new observation,

Estimate probabilities (if enabled),

Provide decision values (confidence of 
classification),

Highlight support vectors (important 
observations).
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More in detail:
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Based on what we 
have discussed, which 
methodology you 
imagine to employ on 
your data?



THANKS!
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