
Łukasz P. Kozłowski

Warsaw,  2025

Data analysis and visualization
(DAV)

Lecture 11
Statistics & machine learning

Part 3

l.kozlowski@mimuw.edu.pl



Supervised Machine Learning Algorithms

This lecture covers monst commonly used algorithms (obviously the list is 
not complete and subjective). We will cover and briefly describe:

 Decision tree

 Random forest

 Nearest Neighbors

 Support Vector Machines

 Neural networks (deep learning)

Note: we will focus rather on practical issues than mathematical formulas







Converting Regression into Classification

A regression problem can be converted into a classification problem 
by simply discretizing the response variable into buckets.

https://www.statology.org/regression-vs-classification/



Binary and Multiclass Classification



Binary and Multiclass Classification





Decision tree

It is a decision support tool that uses a tree-like model of decisions 
and their possible consequences, including chance event outcomes, 
resource costs, and utility

A decision tree consists of three types of nodes:

     Decision nodes – typically represented by squares

     Chance nodes – typically represented by circles

     End nodes – typically represented by triangles



Decision tree



Decision tree

Pros:
 Simple to understand and to interpret ("white box", not "black box") 
 Trees can be visualised
 Requires little data preparation
 The cost of using the tree (i.e., predicting data) is logarithmic in the number of 

data points used to train the tree
 Can handle both numerical and categorical data
 Can be used for multi-output problems

Cons:
 The result can be over-complex tree that do not generalise the data well 

(overfitting)
 Can be unstable (small variations in the data might result in a completely 

different tree).
 The problem of learning an optimal decision tree is known to be NP-complete 

under several aspects of optimality and even for simple concepts
 Not applicable for some problems(XOR, parity or multiplexer)
 Not applicable for unbalanced data (biased trees if some classes dominate)



Decision tree



Decision tree

PYTHON: sklearn.tree.DecisionTreeClassifier

For broad documentation with examples see:

https://scikit-learn.org/stable/modules/tree.html 

https://scikit-learn.org/stable/modules/tree.html


Decision tree

Iris decision tree





Decision tree learning

The crucial step in DT is the learning. There are many algorithms:

 ID3 (Iterative Dichotomiser 3)
 C4.5 (extension of ID3)
 CART (Classification and regression trees)
 CHAID (Chi-square automatic interaction detection) 
 MARS (multivariate adaptive regression splines)

For details see:

https://en.wikipedia.org/wiki/Decision_tree_learning 

https://scikit-learn.org/stable/modules/tree.html#tree-algorithms-id3-c4-5-c5-0-and
-cart
 

Iris decision tree

https://en.wikipedia.org/wiki/Decision_tree_learning
https://scikit-learn.org/stable/modules/tree.html#tree-algorithms-id3-c4-5-c5-0-and-cart
https://scikit-learn.org/stable/modules/tree.html#tree-algorithms-id3-c4-5-c5-0-and-cart
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Random forest

Random forest is an ensemble learning method constructing a multitude of 
decision trees at training time and outputting the class that is the mode of the 
classes (classification) or mean prediction (regression) of the individual trees

Random decision forests correct for decision trees' habit of overfitting to their 
training set

PYTHON: sklearn.ensemble.RandomForestClassifier



https://upload.wikimedia.org/wikipedia/commons/7/76/Random_forest_diagram_complete.png



Nearest Neighbors

Also called k-nearest neighbors algorithm (k-NN) - a non-parametric method used for 
classification and regression

The input consists of the k closest training examples in the feature space

 

The output:

In k-NN classification is a class membership (an object is classified by a plurality vote of its 
neighbors, with the object being assigned to the class most common among its k nearest 
neighbors; k is a positive integer, typically small)

In k-NN regression is the property value for the object (the average of the values of k 
nearest neighbors)



Nearest Neighbors

Example of k-NN classification. The test sample (green dot) should be classified either to 
blue squares or to red triangles. If k = 3 (solid line circle) it is assigned to the red triangles 
because there are 2 triangles and only 1 square inside the inner circle. If k = 5 (dashed line 
circle) it is assigned to the blue squares (3 squares vs. 2 triangles inside the outer circle).

https://upload.wikimedia.org/wikipedia/commons/e/e7/KnnClassification.svg



Nearest Neighbors

PYTHON: sklearn.neighbors

For broad documentation with examples see:

https://scikit-learn.org/stable/modules/neighbors.html 

 Dataset 1NN 5NN

https://scikit-learn.org/stable/modules/neighbors.html


Support Vector Machines

Pros:

- effective in high dimensional spaces

- still effective in cases where number of dimensions is greater than the number of samples.

- uses a subset of training points in the decision function (called support vectors), so it is 
also memory efficient.

- versatile: different Kernel functions can be specified for the decision function

Cons:

- if the number of features is much greater than the number of samples, avoid over-fitting in 
choosing Kernel functions and regularization term is crucial

- SVMs do not directly provide probability estimates, these are calculated using an 
expensive five-fold cross-validation



Support Vector Machines

It uses so called kernels



Support Vector Machines

Or more formaly: maximum-margin hyperplane and margins for an SVM trained with 
samples from two classes. Samples on the margin are called the support vectors.

Kernel functions:  linear, polynomial, rbf, sigmoid



Support Vector Machines

Iris example



Support Vector Machines

PYTHON: sklearn.svm

For broad documentation with examples see:

 https://scikit-learn.org/stable/modules/svm.html 

Kernel functions:  linear, polynomial, rbf, sigmoid

If you need to remember one thing about SVMs:

always use rbf (radical basis function) kernel with 
GridSearchCV optimization of gamma and C

https://scikit-learn.org/stable/modules/svm.html






Support Vector Machines

PYTHON: sklearn.svm

If you need to remember one thing about SVMs:

always use rbf (radical basis function) kernel with 
GridSearchCV optimization of gamma and C

It has been shown that rbf with grid optimization can substitute all other kernels



Comparing algorithms

https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html



Deep learning





Neural networks (deep learning)



Neural networks (deep learning)

Multi-layer Perceptron (MLP)



Neural networks (deep learning)

Multi-layer Perceptron (MLP)



Neural networks (deep learning)

Input layer
(features)

Activation

weights

AND



Deep Learning - basics

y = softmax(Wx+b) https://www.tensorflow.org/tutorials/



Deep Learning - basics

10.1016/j.ymeth.2019.04.008



Neural networks (deep learning)

solver{‘lbfgs’, ‘sgd’, ‘adam’}

    The solver for weight optimization.
        ‘lbfgs’ is an optimizer in the family of quasi-Newton methods.
        ‘sgd’ refers to stochastic gradient descent.
        ‘adam’ refers to a stochastic gradient-based optimizer



Neural networks (deep learning)

solver{‘lbfgs’, ‘sgd’, ‘adam’}

    The solver for weight optimization.
        ‘lbfgs’ is an optimizer in the family of quasi-Newton methods.
        ‘sgd’ refers to stochastic gradient descent.
        ‘adam’ refers to a stochastic gradient-based optimizer

For big datasets Adam
For small ones lbfgs



Neural networks (deep learning)

activation{‘identity’, ‘logistic’, ‘tanh’, ‘relu’}, default=’relu’

    Activation function for the hidden layer.
        ‘identity’, no-op activation, useful to implement linear bottleneck, returns f(x) = x
        ‘logistic’, the logistic sigmoid function, returns f(x) = 1 / (1 + exp(-x)).
        ‘tanh’, the hyperbolic tan function, returns f(x) = tanh(x).
        ‘relu’, the rectified linear unit function, returns f(x) = max(0, x)



Neural networks (deep learning)
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        ‘tanh’, the hyperbolic tan function, returns f(x) = tanh(x).
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Equently worth to check 
other than ReLu



Deep Learning Nonlinear activation functions

Activation functions in neural networks are mathematical 
equations that determine the output of a neuron, effectively 
deciding whether it should be activated or not. They introduce 
non-linearity into the network, enabling it to learn complex 
patterns in data. Without activation functions, a neural network 
would behave like a simple linear model, regardless of its depth



Deep Learning Nonlinear activation functions

f(x)

-0.2

-3.2

1.6

2.7

-7.1

0.07

X =  -0.2×2.7 + 3.2×7.1 + 1.6×0.007  = 22.19



Deep Learning

Nonlinear activation functions

activation function of a node defines the output of that node given an input or set of inputs



Deep Learning

Nonlinear activation functions

activation function of a node defines the output of that node given an input or set of inputs



Neural networks (deep learning)

activation{‘identity’, ‘logistic’, ‘tanh’, ‘relu’}, default=’relu’

    Activation function for the hidden layer.
        ‘identity’, no-op activation, useful to implement linear bottleneck, returns f(x) = x
        ‘logistic’, the logistic sigmoid function, returns f(x) = 1 / (1 + exp(-x)).
        ‘tanh’, the hyperbolic tan function, returns f(x) = tanh(x).
        ‘relu’, the rectified linear unit function, returns f(x) = max(0, x)

Equently worth to check 
other than ReLu



Deep Learning – loss function: cross-entropy

the weighted sum of the inputs

Some features: non-negative and non-symetric

where n is the total number of items of training data, 
the sum is over all training inputs x, and y is the corresponding desired output.



Neural networks (deep learning)

Front-end Back-end



Neural networks (deep learning)

For more complicated architectures



Neural networks (deep learning)

Popular back-ends 
(low or medium level programming libraries for neural networks) 



Neural networks (deep learning)

Popular front-ends 
(high level programming libraries for neural networks) 



Neural networks (deep learning)

Recommended setting



Neural networks (deep learning)

Recommended setting



Neural networks (deep learning)



Dense model - Multilayer Perceptron (MLP) in Keras



    model = Sequential()

       
    model.add(Dense(DENSE_1ST_SIZE, input_shape=(ROW_LENGTH,), init='uniform',
                      activation='softplus', W_constraint=maxnorm(3)))
    model.add(Dropout(DROPOUT1))

    
    model.add(Dense(DENSE_2ST_SIZE, init='uniform', activation='softsign'))
    model.add(Dropout(DROPOUT2))   
    
     
    model.add(Dense(1, init='uniform', activation='sigmoid'))

    print(model.summary())
        
    optimizer = optimizers.adam(lr=1e-03, epsilon=1e-06)
    
    model.compile(loss='binary_crossentropy',
                optimizer=OPTIMIZER,
                metrics=['accuracy'])

Dense model - Multilayer Perceptron (MLP) in Keras



    model = Sequential()

       
    model.add(Dense(DENSE_1ST_SIZE, input_shape=(ROW_LENGTH,), init='uniform',
                      activation='softplus', W_constraint=maxnorm(3)))
    model.add(Dropout(DROPOUT1))

    
    model.add(Dense(DENSE_2ST_SIZE, init='uniform', activation='softsign'))
    model.add(Dropout(DROPOUT2))   
    
     
    model.add(Dense(1, init='uniform', activation='sigmoid'))

    print(model.summary())
        
    optimizer = optimizers.adam(lr=1e-03, epsilon=1e-06)
    
    model.compile(loss='binary_crossentropy',
                optimizer=OPTIMIZER,
                metrics=['accuracy'])

Dense model - Multilayer Perceptron (MLP) in Keras

Parameters to tune



Deep Learning

    model = Sequential()

       
    model.add(Dense(DENSE_1ST_SIZE)
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Dense model - Multilayer Perceptron (MLP)



Deep Learning

    model = Sequential()

       
    model.add(Dense(DENSE_1ST_SIZE)
    model.add(Dropout(DROPOUT1))
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    print(model.summary())
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Hyperparameters tuning



Deep Learning

    

Hyperparameters tuning

Keras Tuner
Hyperas
Ray-Tune
Optuna
Hyperopt
mlmachine
Polyaxon
BayesianOptimization
Talos
SHERPA
Scikit-Optimize
GpyOpt
…



Deep Learning

Pros: extremely fast to train and easy to interpret

Cons:
- do not generalize well (no matter how many layers you use)
- prone to overfitting

Avoiding overfitting:

a) dropout (random killing of some neurons)

b) batching

c) early stopping 
 

Dense model - Multilayer Perceptron (MLP)
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Pros: extremely fast to train and easy to interpret

Cons:
- do not generalize well (no matter how many layers you use)
- prone to overfitting

Avoiding overfitting:

a) dropout (random killing of some neurons)

b) batching

c) early stopping 
 

Dense model - Multilayer Perceptron (MLP)

DROPOUT



Deep Learning

Dense model - Multilayer Perceptron (MLP)

DROPOUT



Deep Learning

Dense model - Multilayer Perceptron (MLP)



Deep Learning

More sophisticated model

Total params: 1,458,433

VGG-19 model
19 layers
138M parameters
19,6 billion FLOPs

http://arxiv.org/abs/1512.03385



Deep Learning

More sophisticated model



Deep Learning

More sophisticated model

block



Deep Learning Convolution1d + MaxPooling + LSTM + dense

Kernel
(mask)



Deep Learning Convolution1d + MaxPooling + LSTM + dense

Kernel KernelKernel
(mask)



Deep Learning Convolution1d + MaxPooling + LSTM + dense

Kernel Kernel Kernel

[ 0  0  0 ]
[ 0  0  0 ]
[ 0  0  0 ]

      
[ 0  0  0 ]
[ 0  1  0 ]   (center pixel-ish)
[ 0  0  0 ]

[ 0  1  0 ]
[ 0  1  0 ]   (Vertical line-ish)
[ 0  1  0 ]

[ 0  0  0 ]
[ 1  1  1 ]   (Horizontal line-ish)
[ 0  0  0 ]

… (2^9 = 512 possibilities)
    



Deep Learning Convolution1d + MaxPooling + LSTM + dense



Deep Learning

an element-wise matrix multiplication followed by summing it up

Convolution1d + MaxPooling + LSTM + dense



Deep Learning

an element-wise matrix multiplication followed by summing it up

Convolution1d + MaxPooling + LSTM + dense



Deep Learning Convolution1d + MaxPooling + LSTM + dense



Deep Learning Convolution1d + MaxPooling + LSTM + dense

https://medium.datadriveninvestor.com/convolutional-neural-networks-3b241a5da51e

Convolution of a 3 channel image with a 3x3x3 kernel



Deep Learning

More sophisticated model

Convolution1d + MaxPooling + LSTM + dense



Deep Learning

LSTM – long-short term memory  

Convolution1d + MaxPooling + LSTM + dense

recurrent neural network

https://en.wikipedia.org/wiki/Long_short-term_memory
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

https://en.wikipedia.org/wiki/Long_short-term_memory


Deep Learning

Optimizers

- SGD (stochastic gradient descent)

- Momentum

- Nesterov

- Adagrad

- Adadelta

- Rmsprop

- ADAM

- ADAMAX

...
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Optimizers

- SGD (stochastic gradient descent)

- Momentum

- Nesterov

- Adagrad

- Adadelta

- Rmsprop

- ADAM

- ADAMAX

...

Adagrad is an algorithm for gradient-based optimization that adapts
 the learning rate to the parameters, performing larger updates for 
infrequent and smaller updates for frequent parameter (TensorFlow 
default)

ADAM adaptive learning rates for each parameter with storing
 an exponentially decaying average of past squared gradients 
 (like Adadelta and RMSprop). Additionally keeps an exponentially
 decaying average of past gradients, similar to momentum (perform 
the best)



Deep Learning

Optimizers

- SGD (stochastic gradient descent)

- Momentum

- Nesterov

- Adagrad

- Adadelta

- Rmsprop

- ADAM

- ADAMAX

...

Must read: http://sebastianruder.com/optimizing-gradient-descent/

Adagrad is an algorithm for gradient-based optimization that adapts
 the learning rate to the parameters, performing larger updates for 
infrequent and smaller updates for frequent parameter (TensorFlow 
default)

ADAM adaptive learning rates for each parameter with storing
 an exponentially decaying average of past squared gradients 
 (like Adadelta and RMSprop). Additionally keeps an exponentially
 decaying average of past gradients, similar to momentum (perform 
the best)
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Deep Learning

Most known architectures

block



Deep Learning

Most known architectures
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Most known architectures
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Most known architectures



Deep Learning



Deep Learning



Deep Learning



Deep Learning



Deep Learning



Deep Learning

http://dx.doi.org/10.1093/nar/gkab295



Deep Learning

Natural language Processing with deep learning



Deep Learning

Natural language Processing with deep learning

Natural language processing (NLP) deals with building computational algorithms to automatically

analyze and represent human language.
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Deep Learning

Natural language Processing with deep learning

Natural language processing (NLP) deals with building computational algorithms to automatically

analyze and represent human language.



Deep Learning

BERT (Bidirectional Encoder Representations from Transformers)
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BERT (Bidirectional Encoder Representations from Transformers)



Deep Learning

BERT (Bidirectional Encoder Representations from Transformers)



Deep Learning

BERT (Bidirectional Encoder Representations from Transformers)



Deep Learning

BERT (Bidirectional Encoder Representations from Transformers)



Practical part



Neural networks (deep learning)

Splitting dataset



Neural networks (deep learning)

Splitting dataset



Neural networks (deep learning)

Splitting dataset



Neural networks (deep learning)

Splitting dataset



Keras

One-hot-encoding



Keras



Keras

model.summary()



Keras



Keras



Keras



Keras



Metrics



Metrics



Metrics



Metrics

 Copyright: www.exammasters.ca 



Metrics



Receiver operating characteristic



Receiver operating characteristic



Receiver operating characteristic



Receiver operating characteristic



Receiver operating characteristic



Thank you for your time
and

See you at the next lecture

Any other 

questions & comments

l.kozlowski@mimuw.edu.pl

www: bioinformatic.netmark.pl 
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