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Machine Learning – Setting Up the scenes  

Arnaud de Servigny & Hachem Madmoun 



Imperial means Intelligent Business Imperial College Business School 2 

Outline: 

•  The various typologies of Machine Learning approaches 
 
 

•  Best practices in terms of Data Handling 
 

•  Getting the best fit -A short review of optimisation concepts 
 

 
•  Evaluation Metrics for Classification 

 
 
•  Programming Session 
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The various typologies of Machine Learning approaches 
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Supervised Learning – Unsupervised Learning 

•  Supervised Learning is the process of learning a function which maps features to an output based on 
several input-output pairs 

�
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•  Unsupervised Learning is the process of identifying meaninful patterns in unlabeled data   

MNIST 
Labeled  
dataset 

MNIST 
Unlabeled  

dataset 

7 

X = R28⇥28

<latexit sha1_base64="q5xEXBOgaJhmPlxB/6Na5/cfQXY=">AAACEHicbVDLSsNAFJ3UV62vqEs3g0V0VZJSsC6EghuXVewDmlgm00k7dDIJMxOhhHyCG3/FjQtF3Lp05984SbPQ1gMDZ865l3vv8SJGpbKsb6O0srq2vlHerGxt7+zumfsHXRnGApMODlko+h6ShFFOOooqRvqRICjwGOl506vM7z0QIWnI79QsIm6Axpz6FCOlpaF56gRITTBiST+FlzD/eV5ym94n9SZ0FA2IhPVmOjSrVs3KAZeJXZAqKNAeml/OKMRxQLjCDEk5sK1IuQkSimJG0ooTSxIhPEVjMtCUIz3ITfKDUniilRH0Q6EfVzBXf3ckKJByFni6MltYLnqZ+J83iJXfdBPKo1gRjueD/JhBFcIsHTiigmDFZpogLKjeFeIJEggrnWFFh2AvnrxMuvWa3ag1bhrV1kURRxkcgWNwBmxwDlrgGrRBB2DwCJ7BK3gznowX4934mJeWjKLnEPyB8fkDdQecLg==</latexit>

Y = {0, . . . , 9}

<latexit sha1_base64="N+V2eHh1Osvk+SEyQoN93IA53Lc=">AAACCHicbVC7SgNBFJ2Nrxhfq5YWDgbBIoRdCWgKIWBjGcE8JLuE2ckkGTL7YOauEJYtbfwVGwtFbP0EO//G2WQLTTwwcDjnHube40WCK7Csb6Owsrq2vlHcLG1t7+zumfsHbRXGkrIWDUUoux5RTPCAtYCDYN1IMuJ7gnW8yXXmdx6YVDwM7mAaMdcno4APOSWgpb557PgExpSI5D7FV9hJsFXBziAEVcF17KR9s2xVrRnwMrFzUkY5mn3zS6dp7LMAqCBK9WwrAjchEjgVLC05sWIRoRMyYj1NA+Iz5SazQ1J8qpUBHoZSvwDwTP2dSIiv1NT39GS2tlr0MvE/rxfD8NJNeBDFwAI6/2gYCwwhzlrBAy4ZBTHVhFDJ9a6YjokkFHR3JV2CvXjyMmmfV+1atXZbKzfqeR1FdIRO0Bmy0QVqoBvURC1E0SN6Rq/ozXgyXox342M+WjDyzCH6A+PzB9qcl+o=</latexit>

2 dimensional representation of the MNIST dataset using a variational autoencoder 
(example of Unsupervised algorithm). Each color represents a number 
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Typology of machine-learning problems / Defining the problem 
 

Generally there are two main types of machine learning problems: supervised and unsupervised.  

Supervised machine learning problems  

•  There are problems where we want to make predictions using data (features) based on pre-defined 
targets (labels).  

•  In supervised machine learning, you feed the features and their corresponding labels into an algorithm 
in a process called training. During training, the algorithm gradually determines the relationship between 
features and their corresponding labels. This relationship is called the model.  

•  A useful locution to understand what is actually going on in practice is “Pattern Recognition” 

•  There are in fact two main types of supervised learning problems: classification which involves 
predicting a class label and regression which involves predicting a numerical value. 

ü  Classification: Supervised learning problem that involves predicting a class label. 

ü  Regression: Supervised learning problem that involves predicting a numerical label. 

The wording” supervised learning” originates from the perspective of the target being provided by 
an “instructor” who teaches the machine learning algorithm what to do. 

Supervised Learning – Unsupervised Learning 
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Unsupervised machine learning problems  

•  There are problems where the data does not have a defined set of categories, but instead we are 
looking for the machine-learning algorithms to help us organize it. 

•  In unsupervised machine  learning, the goal is to identify meaningful patterns, i.e. describe or extract 
relationships in the data. To accomplish this, the machine must learn from an unlabelled data set. In 
other words, the model has no hints how to categorize each piece of data and must infer its own rules 
for doing so. It is all about making sense of the data. 

In practice, we are talking about a variety of possible outcomes:  

•  Clustering: a problem which involves finding groups in the data. 

•  Density Estimation: a problem which involves summarizing the distribution of the  data. 

•  Visualization: a problem which involves creating plots of data. 

•  Projection: a problem which involves creating lower-dimensional representations of the data. 

 

This being said, it is more accurate to describe ML problems as falling along a spectrum of supervision 
between supervised and unsupervised learning. Let us not be too dependant on the above segmentation! 

 

Supervised Learning – Unsupervised Learning 
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An example of a mixed approach: Reinforcement Learning 

Reinforcement learning describes a class of problems where an agent operates in a game-like 
environment and must learn from a trial and error iterative process, using some reward feedback. 

 

 

 

 

 

 

Reinforcement learning differs from the 
supervised learning approach in the sense 
that in supervised learning the training 
dataset provides the rule for the decision, 
i.e. a model is trained with the correct 
answer before being applied to unknown 
data. In reinforcement learning instead, 
there is no modelled answer but the 
reinforcement agent has to decide what to 
do to perform the given task. In the 
absence of a training dataset, it has to 
learn sequentially from experience. 
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Financial problems typically solved using Machine Learning 

 

 
1.  Classification: e.g. good / bad credit. 

2.  Risk prediction: likelihood to default type of scoring 

3.  Learning Associations: which type of client tends to feel comfortable with a kind of financial product 
(customer analytics). 

4.  Digital assistant: answering questions from clients 

5.  Extracting signals from a large spectrum of data repositories: removing noise (feature engineering) 

6.  Fraud detection: identifying anomalous behaviours 

7.  Investment prediction: inferring the dynamics of asset prices 

8.  Portfolio Management: making sensible asset allocation decisions 

9.  Document Analysis: extracting meaningful words / sentences; getting information on sentiment. 

10.  Model assessment and stress testing (Reinforcement Learning) 
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Best practices in terms of Data Handling 
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Best practices in terms of Data Handling – Preprocessing – 

•  Before diving into the algorithms of supervised and unsupervised learning, it is important to 
understand the best practices of building a good machine learning algorithm. 

 
•  The road map for building machine learning systems can be summarized as follows: 

•  Preprocessing : Machine Learning algorithms can only be applied to numbers, but data can be 
of different forms : text, audio signal, images, etc. Moreover, it is usually important to transform 
the data (using unsupervised learning for instance) before feeding it to a supervised algorithm. 
We will illustrate it with several examples in future lectures.  

Audio Image Texts Social  network 
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Best practices in terms of Data Handling – Splitting the dataset 
(The holdout method) –  

•  One of the key steps in building a machine learning model is to estimate its performance on data that 
the model hasn’t seen before.  

•  To that end, a classic approach is to split the original dataset into a training set (used for training the 
model) and a test set (used to evaluate the generalization performance of the model).  

Original Datast 
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Input Data Targets 

Training the model 

Estimating its performance 
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Best practices in terms of Data Handling – Splitting the dataset 
into Train / Validation / Test sets –  

•  This time, instead of training the model on the train set and testing it on the test set, the original 
dataset is partitioned into three sets : training, validation and test sets.  

•  The reason for adding a validation set is that deploying a model always involves tuning its 
configuration. For instance, we will see that creating a neural network requires choosing the number of 
layers, the number of neurons for each layer, etc. These choices are called hyperparameters.  

•  As a result, using the performance on the validation set to change the configuration results in 
information leaks: Indeed, information about the validation data leaks into the model.  

•  As we care about the performance on completely new data, we use the test set as a never-before-
seen dataset to evaluate the model. 

Validation set Training set 

Learning 

Test set 

Choice of a configuration :  
a set of hyperparameters 

Evaluate Learning a Model with 
the « best » set of  
hyperparameters 

Final Model Performance 
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Best practices in terms of Data Handling – Splitting the dataset 
(The K-fold cross validation for small non-sequential datasets) 
–  •  The previous splitting strategy suffers from one major flaw: if little data is available, then the validation 

and test set contain very few data points. 

•  As a result, for the same trained model, shuffling the data before splitting it ends up yielding different 
performance measures. K fold cross validation is a way of addressing this issue. 

Training set 

...
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Training  folds 

•  The training set is divided into  K 
folds 

 
•  During K iterations, we use one 

fold for testing and we train the 
model on the K-1 other folds. 

 
•  We end up with a distribution of 

performance measures.  
 
•  By averaging the estimated 

performances on each test fold, 
we end up with the average 
performance of the model.  

K fold cross validation: 
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The Machine Learning Workflow – Learning and Predicting –  

•  Learning and Model Evaluation:  

•  During this step, we first need to decide upon the metric to measure performance.  

•  The choice of the most suitable evaluation metric will depend on the nature of the 
problem (classification or regression) and also on the nature of the dataset (balanced or 
imbalanced).   

•  The next section will detail the different evaluation metrics for different contexts.  

•  But how do we know which model to learn ? As David Wolpert’s famous no free lunch 
theorem suggests, there is no model that works best for every problem, it is therefore 
essential to compare a handful of different models with different sets of hyperparameters. 

  
 
•  Predicting new data:  

•  After we have selected the « best » model that has been fitted on the training set, we can 
use the test set to estimate how well it performs on the unseen data.  

•  If we are satisfied with the generalization error, we can use the model to predict new 
data.  
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Getting the best fit 
A short review of optimisation concepts 

 
  

Maximum Likelihood Estimation 
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Position of the problem: 

Tossing a Biased Coin 
  
Given a biased coin that comes up heads with some probability 
greater than 1/2. How can we determine the bias parameter (i.e the 
probability of getting heads) using n flips ? 

The Coronavirus Curve  
 
Given the number of infection cases for n different days in 
a particular geography. How can we assess whether the 
distribution of the number of cases per day is flat enough 
to cope with the healthcare system capacity ? 



Imperial means Intelligent Business Imperial College Business School 17 

Understanding the problem assuming the Statistical Model is 
known 

•  In the case of tossing a coin, we assume that this process is well characterised using a probabilistic 
model.  

 
 
•  Examples:  

•  Bernoulli model:                   where                : 

 The Bernoulli distribution models the outcome of a single binary output trial (success or 
 failure), it typically models whether flipping a coin one time will result in heads or tails. 

 
•  Binomial distribution 

  The Binomial distribution models the outcome of n trials. More specifically, it models the 
 number of times the output is a success from performing n independent identically distributed 
 Bernoulli trials. 
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Estimating the fitting parameters using a Maximum Likelihood 
approach 

•  We use a collection of observations to learn (or estimate) the parameters of a statistical model.  

•  These observations                   are called samples in statistics or training set in Machine Learning. 

•  Usually, we make the assumption that the variables are i.i.d., which means independent identically 
distributed. 

•  Let                                        be the model and      the observation. We wish to estimate               from 
the training set. 

•  We should note here that again this measure of likelihood is not unique as it deals with the specific 
case where a good fit carries the same weight as a bad fit. 

•  In order to get there, we define a likelihood function     , which gives an idea of the ability of the 
retained model to account for the observations: 

X1, . . . , Xn
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Maximum Likelihood Estimation 

•  The maximum likelihood estimator (MLE) is defined as the          which maximizes the likelihood: 

•  When the training set consists in n i.i.d. samples, we optimize the following log-likelihood: 

•  The MLE: 
•  does not always exist. 
•  in not necessarily unique 
•  It assumes a certain form of utility function 

•  We will see the example of the Bernoulli statistical model, where the MLE can be determined in a closed 
form. 

✓⇤
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p(xi; ✓) = argmax
✓2⇥
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log(p(xi; ✓))
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Maximum Likelihood Estimation for the Bernoulli Model 

Tossing a Biased Coin 
  
Given a biased coin that comes up heads with some probability 
greater than one-half. How can we determine the bias parameter 
(i.e the probability of getting heads) using n flips ? 

•  Our training dataset consists in n observations                        i.i.d.               . 

•  We consider getting heads as being the success. Which means                 if the i-th coin toss 
results in heads. 

•  The log-likelihood is expressed as follows: 

X1, . . . , Xn
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Maximum Likelihood Estimation for the Bernoulli Model 

•  The log-likelihood can be written as follows:  

  

 
•  The log-likelihood is strongly concave, which implies the existence and uniqueness of the MLE. 

=
nX

i=1

log(✓xi(1� ✓)1�xi)
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xi

!
log(1� ✓)
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Maximum Likelihood Estimation for the Bernoulli Model 

•  Since the log-likelihood is differentiable and strongly concave, its maximizer is its unique stationary point: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
•  The optimal parameter is then:  

dL

d✓
(✓) = 0 ()

 
nX

i=1

xi

!
log(✓) +

 
n�

nX

i=1

xi

!
log(1� ✓)
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Maximum Likelihood Estimation for a Categorical Model: 

Interactive Session 
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Evaluation Metrics for classification  
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Classification Metrics: 

•  During this lecture, we will focus on binary classification, which consists in classifying the input data into 
two possible categories.  

•   For instance, predicting whether the market is going up or down is a binary classification task. So is 
predicting if a student is going to pass or fail an exam.  In order to make a decision, we have to introduce a 
“cut-off point” to discriminate between the two predicted classes. 

•  By convention, one of the two classes is called the positive class (output = 1) and the other one is called the 
negative class (output = 0).  

•  In the next section, we will introduce some classification metrics used to assess the performance of a 
classifier:  

•  The Accuracy Score.  
•  The Confusion Matrix 
•  The Receiver Operator Characteristic (ROC) graph and the Area Under the Curve (AUC).  
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Classification Metrics for Binary Classification : 

Predicted Targets 

A
ct

ua
lly

 True Positive (TP) False Negative (FN) 

True Negative (TN) False Positive (FP) 

•  The easiest way to evaluate a classifier is to determine the Accuracy  Score, which is the fraction of 
the train test correctly classified.  

•  If the dataset contains           of positive labels and         of negative labels, a naive classifier which 
predicts always the positive label will have a very high accuracy score, which is problematic !  

•  So, the accuracy score should not be used for imbalanced datasets. Thus, we introduce the following 
confusion matrix:   

Accuracy Score =
Number of correct predictions

Total number of predictions
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Classification Metrics for Binary Classification : 

•  Given a class prediction from 
the classifier, how likely is it to 
be correct ? 

 

 

•  Given a class, will the 
classifier detect it ?  

=
TP

TP + FP
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Precision 
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FP as the 
worst errors 

Recall considers FN as 
the worst errors 

Recall =
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Actual Positives

<latexit sha1_base64="8OCC7cOPOfLHmA0IbD6Wt4i6GzA=">AAACK3icbVDLSsNAFJ34rPVVdelmsAiuSiIF3QhVNy6rtLXQhDKZ3ujg5MHMTbGE/I8bf8WFLnzg1v9w2mah1gMzHM65l8s5fiKFRtt+t+bmFxaXlksr5dW19Y3NytZ2R8ep4tDmsYxV12capIigjQIldBMFLPQlXPt352P/eghKizhq4SgBL2Q3kQgEZ2ikfuXMRbjHbPL7QXYFnEmZ5/SEuoFifGpkrWaeF/SUY8okbcZaoBiCzvN+pWrX7AnoLHEKUiUFmv3KszuIeRpChFwyrXuOnaCXMYWCS8jLbqohYfyO3UDP0IiFoL1skjWn+0YZ0CBW5kVIJ+rPjYyFWo9C30yGDG/1X28s/uf1UgyOvUxESYoQ8emhIJUUYzoujg6EAo5yZAjjyoTnlN8y0xGaesumBOdv5FnSOaw59Vr9sl5t1Is6SmSX7JED4pAj0iAXpEnahJMH8kReyZv1aL1YH9bndHTOKnZ2yC9YX98WL6oA</latexit>

=
TP

TP + FN

<latexit sha1_base64="VWx7oOABCj6auT6iOd9vUcTd/9A=">AAACEnicbZDLSsNAFIYnXmu9RV26GSyCIpREAroRCoK4kgq9QVPKZDpph04uzJyIJeQZ3Pgqblwo4taVO9/GaRtQW38Y+PjPOZw5vxcLrsCyvoyFxaXlldXCWnF9Y3Nr29zZbagokZTVaSQi2fKIYoKHrA4cBGvFkpHAE6zpDS/H9eYdk4pHYQ1GMesEpB9yn1MC2uqaxxfY9SWhqQvsHtJaNct+EJ/gKV/dZFnXLFllayI8D3YOJZSr2jU/3V5Ek4CFQAVRqm1bMXRSIoFTwbKimygWEzokfdbWGJKAqU46OSnDh9rpYT+S+oWAJ+7viZQESo0CT3cGBAZqtjY2/6u1E/DPOykP4wRYSKeL/ERgiPA4H9zjklEQIw2ESq7/iumA6IRAp1jUIdizJ89D47RsO2Xn1ilVnDyOAtpHB+gI2egMVdA1qqI6ougBPaEX9Go8Gs/Gm/E+bV0w8pk99EfGxzew+p4V</latexit>

Precision 

Recall 

Predicted Targets 

A
ct

ua
lly

 True Positive (TP) False Negative (FN) 
(Type 2 error) 

True Negative (TN) False Positive (FP) 
(Type 1 error) 

 1  0 

 1 

 0 
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Classification Metrics for Binary Classification – Part 2 – : 

•  The F1 Score is just the harmonic mean of recall and precision.   

 

•  As shown in the figure below, the F1 score punishes the extreme values: Model 2 is better than Model 1. 

•  The F1 score should be used for Imbalanced datasets instead of the accuracy score.   

precision recall precision recall 

h

<latexit sha1_base64="LAaTSU+T/D9/sycX25v1fIYHNiQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoCcpePHYgv2ANpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsbm1vVPcLe3tHxwelY9P2jpOFcMWi0WsugHVKLjEluFGYDdRSKNAYCeY3M39zhMqzWP5YKYJ+hEdSR5yRo2VmuNBueJW3QXIOvFyUoEcjUH5qz+MWRqhNExQrXuemxg/o8pwJnBW6qcaE8omdIQ9SyWNUPvZ4tAZubDKkISxsiUNWai/JzIaaT2NAtsZUTPWq95c/M/rpSa88TMuk9SgZMtFYSqIicn8azLkCpkRU0soU9zeStiYKsqMzaZkQ/BWX14n7auqV6vWmrVK/TaPowhncA6X4ME11OEeGtACBgjP8ApvzqPz4rw7H8vWgpPPnMIfOJ8/zwuM7w==</latexit>

h

<latexit sha1_base64="LAaTSU+T/D9/sycX25v1fIYHNiQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoCcpePHYgv2ANpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsbm1vVPcLe3tHxwelY9P2jpOFcMWi0WsugHVKLjEluFGYDdRSKNAYCeY3M39zhMqzWP5YKYJ+hEdSR5yRo2VmuNBueJW3QXIOvFyUoEcjUH5qz+MWRqhNExQrXuemxg/o8pwJnBW6qcaE8omdIQ9SyWNUPvZ4tAZubDKkISxsiUNWai/JzIaaT2NAtsZUTPWq95c/M/rpSa88TMuk9SgZMtFYSqIicn8azLkCpkRU0soU9zeStiYKsqMzaZkQ/BWX14n7auqV6vWmrVK/TaPowhncA6X4ME11OEeGtACBgjP8ApvzqPz4rw7H8vWgpPPnMIfOJ8/zwuM7w==</latexit>

is half the harmonic mean of recall and precision (i.e, the F1 score) h

<latexit sha1_base64="LAaTSU+T/D9/sycX25v1fIYHNiQ=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoCcpePHYgv2ANpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsbm1vVPcLe3tHxwelY9P2jpOFcMWi0WsugHVKLjEluFGYDdRSKNAYCeY3M39zhMqzWP5YKYJ+hEdSR5yRo2VmuNBueJW3QXIOvFyUoEcjUH5qz+MWRqhNExQrXuemxg/o8pwJnBW6qcaE8omdIQ9SyWNUPvZ4tAZubDKkISxsiUNWai/JzIaaT2NAtsZUTPWq95c/M/rpSa88TMuk9SgZMtFYSqIicn8azLkCpkRU0soU9zeStiYKsqMzaZkQ/BWX14n7auqV6vWmrVK/TaPowhncA6X4ME11OEeGtACBgjP8ApvzqPz4rw7H8vWgpPPnMIfOJ8/zwuM7w==</latexit>

F1 = 2
Precision⇥ Recall

Precision + Recall

<latexit sha1_base64="rYg/oF2PPU197VfjV1CHANcNDmE="></latexit>

0 

1 
Model 2 Model 1 
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An example of an Imbalanced dataset – Part 1 – 

•  The objective is to create a predictor for the final exam of a class full of exceptional pupils.  The notation 
system consists in 4 different labels : A (the best) – B (less good) – C (bad) – D (the worst).  

 
•  As we are dealing with gifted students, the distribution of the actual results is the following:  

 
•  We want to compare two models: 

•  The first model is a very optimistic model. It predicts a lot of A labels.  
•  The second model has a more spread out distribution over the different labels. 

•  The first model obviously beats the second one in term of accuracy (since it predicts a lot of A labels and 
the dataset contains           of A labels).  

•  But we know that the accuracy score is not a good evaluation metric for this kind of problems.  

•  Thus, we will compare the two models based on their confusion matrix and F1 score.  

A B C D 
200 students 10 students 10 students 10 students 

83%

<latexit sha1_base64="mBcYUafb3QxFMbj649MlQ/kj3l8=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LJaCp5JowXorePFYwX5AG8pmu2mXbjZhdyKU0N/gxYMiXv1B3vw3btsctPpg4PHeDDPzgkQKg6775RQ2Nre2d4q7pb39g8Oj8vFJx8SpZrzNYhnrXkANl0LxNgqUvJdoTqNA8m4wvV343UeujYjVA84S7kd0rEQoGEUrtRtXZFAdlituzV2C/CVeTiqQozUsfw5GMUsjrpBJakzfcxP0M6pRMMnnpUFqeELZlI5531JFI278bHnsnFStMiJhrG0pJEv150RGI2NmUWA7I4oTs+4txP+8fophw8+ESlLkiq0WhakkGJPF52QkNGcoZ5ZQpoW9lbAJ1ZShzadkQ/DWX/5LOpc1r16r39crzZs8jiKcwTlcgAfX0IQ7aEEbGAh4ghd4dZTz7Lw576vWgpPPnMIvOB/fW+mNtg==</latexit>
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An example of an Imbalanced dataset – Part 2 – 

First Model 
(Optimistic one) 

Second Model 
(Pessimistic one) 

A B C D 
A 100 80 10 10 
B 0 9 0 1 
C 0 1 8 1 
D 0 1 0 9 

A B C D 
A 198 2 0 0 
B 7 1 0 2 
C 0 8 1 1 
D 2 3 4 1 

Confusion Matrix for each Model  

Accuracy Score =
Correct Predictions

Total Predictions
= 0.54

<latexit sha1_base64="GSok2YclSzaUY+OvDb7mNsbVEUc="></latexit>

Accuracy Score =
Correct Predictions

Total Predictions
= 0.87

<latexit sha1_base64="XgAeNtrnzsxHiXsM7oyHQEriWhg="></latexit>

Predictions Predictions 

A
ct

ua
l V

al
ue

s 

A
ct

ua
l V

al
ue

s 
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An example of an Imbalanced dataset – Part 3 – 

A B C D 
A 100 80 10 10 
B 0 9 0 1 
C 0 1 8 1 
D 0 1 0 9 

A B C D 
A 198 2 0 0 
B 7 1 0 2 
C 0 8 1 1 
D 2 3 4 1 

Precision for each Model  

Predictions Predictions 

A
ct

ua
l V

al
ue

s 

A
ct

ua
l V

al
ue

s 
TP : 198 
FP : 9 

TP : 1  
FP : 13 

TP : 1 
FP : 4 

TP : 1 
FP : 3 

TP : 100 
FP : 0 

TP : 9 
FP : 82 

TP : 8 
FP : 10 

TP : 9 
FP : 12 

Precision =
TP

TP + FP

<latexit sha1_base64="V7KU9lZbvMzE0/UqAxm2B59ANDA=">AAACLXicbZDLSgMxFIYz9VbrrerSTbAIglBmZEA3QkERlyP0Bp1SMmmmDc1cSM6IZZgXcuOriOCiIm59DTNtQW09kPDx/+eQnN+LBVdgmhOjsLK6tr5R3Cxtbe/s7pX3D5oqSiRlDRqJSLY9opjgIWsAB8HasWQk8ARreaPr3G89MKl4FNZhHLNuQAYh9zkloKVe+cYF9gjp9Pb81JGM8rw5y/AVdn1J6MxL606W/SA+wzO+1TLulStm1ZwWXgZrDhU0L6dXfnX7EU0CFgIVRKmOZcbQTYkETgXLSm6iWEzoiAxYR2NIAqa66XTbDJ9opY/9SOoTAp6qvydSEig1DjzdGRAYqkUvF//zOgn4l92Uh3ECLKSzh/xEYIhwHh3uc50OiLEGQiXXf8V0SHREoAMu6RCsxZWXoXleteyqfW9XavY8jiI6QsfoFFnoAtXQHXJQA1H0hF7QBL0bz8ab8WF8zloLxnzmEP0p4+sbihmqCw==</latexit>

Average Precision =
Precision A + Precision B + Precision C + Precision D

4

<latexit sha1_base64="d7gCdTQ5FyyVpepCQ+Hiy/wihh4="></latexit>

Average Precision(Second Model) = 0.49

<latexit sha1_base64="hN3dAb4cgFHZqLWtDhwZ8E/xwlQ=">AAACH3icbVBNSwMxEM36bf2qevQSLEK9lF0pfhwExYsXoaJthbaUbHZWg9lkSWbFsvSfePGvePGgiHjz35jWHtQ6kPB4bx4z88JUCou+/+lNTE5Nz8zOzRcWFpeWV4qraw2rM8OhzrXU5ipkFqRQUEeBEq5SAywJJTTD25OB3rwDY4VWl9hLoZOwayViwRk6qlvcbSPcYz78wzg/dr3sGmjNABcDU/kCuFYRPdMRyO1+nx5Sv1I96BZLfsUfFh0HwQiUyKhq3eJHO9I8S0Ahl8zaVuCn2MmZQcEl9AvtzELK+K0b3nJQsQRsJx/e16dbjolorI17CumQ/enIWWJtLwldZ8Lwxv7VBuR/WivDeL+TC5VmCIp/D4ozSVHTQVg0Ei4HlD0HGDfC7Ur5DTOMo4u04EII/p48Dho7laBaqZ5XS0e7ozjmyAbZJGUSkD1yRE5JjdQJJw/kibyQV+/Re/bevPfv1glv5Fknv8r7/AIny6JJ</latexit>

Average Precision(First Model) = 0.36

<latexit sha1_base64="ZkLWK660EzzW7JLO2jRq1Og0cwk=">AAACHnicbVDLSgNBEJz1GeMr6tHLYBDiJexqfFyEiCBehAjGBJIlzE564+Dsg5leMSz5Ei/+ihcPigie9G+cjTloYsMMRVUX3V1eLIVG2/6ypqZnZufmcwv5xaXlldXC2vq1jhLFoc4jGammxzRIEUIdBUpoxgpY4EloeLenmd64A6VFFF5hPwY3YL1Q+IIzNFSnsN9GuMd0+Ht+emJ6WQ9oTQEXmal0JpRGehF1Qe4MBvSY2uW9g06haJftYdFJ4IxAkYyq1il8tLsRTwIIkUumdcuxY3RTplBwCYN8O9EQM35rZrcMDFkA2k2H5w3otmG61I+UeSHSIfvbkbJA637gmc6A4Y0e1zLyP62VoH/kpiKME4SQ/wzyE0kxollWtCtMDCj7BjCuhNmV8humGEeTaN6E4IyfPAmud8tOpVy5rBSrB6M4cmSTbJESccghqZJzUiN1wskDeSIv5NV6tJ6tN+v9p3XKGnk2yJ+yPr8BaQOh5w==</latexit>
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An example of an Imbalanced dataset – Part 4 – 

A B C D 
A 100 80 10 10 
B 0 9 0 1 
C 0 1 8 1 
D 0 1 0 9 

A B C D 
A 198 2 0 0 
B 7 1 0 2 
C 0 8 1 1 
D 2 3 4 1 

Recall for each Model  

Predictions 

Predictions 

A
ct

ua
l V

al
ue

s 
A

ct
ua

l V
al

ue
s 

Recall =
TP

TP + FN

<latexit sha1_base64="EC78ciFM+G/ShRmM+GGqlewBmTo=">AAACKHicbZDLSgMxFIYzXmu9jbp0EyyCIJQZKehGLAjiSqr0Bm0pmfSMBjMXkjNiGeZx3PgqbkQU6dYnMZ0WvB5I+Pj/c0jO78VSaHSckTUzOze/sFhYKi6vrK6t2xubTR0likODRzJSbY9pkCKEBgqU0I4VsMCT0PJuT8d+6w6UFlFYx2EMvYBdh8IXnKGR+vZJF+Ee0/z2/PQKOJMyy+gx7fqK8YmR1mtZ9oX7dIJnF1nWt0tO2cmL/gV3CiUyrVrffukOIp4EECKXTOuO68TYS5lCwSVkxW6iIWb8ll1Dx2DIAtC9NF80o7tGGVA/UuaESHP1+0TKAq2HgWc6A4Y3+rc3Fv/zOgn6R71UhHGCEPLJQ34iKUZ0nBodCAUc5dAA40qYv1J+w0xAaLItmhDc3yv/heZB2a2UK5eVUrUyjaNAtskO2SMuOSRVck5qpEE4eSBP5JW8WY/Ws/VujSatM9Z0Zov8KOvjE9igqD4=</latexit>

TP = 198 / FN = 2  

TP = 1     / FN = 9 

TP = 1     / FN = 9 

TP = 1     / FN = 9 

TP = 100 / FN = 100  

TP = 9     / FN = 1 

TP = 8     / FN = 2 

TP = 9     / FN = 1 

Average Recall

<latexit sha1_base64="/Y9eHs7t/YBPgJ37dqBgjSgmZvg=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXYlqGXExjKKeUASwuzkbjJk9sHMXTEsW9r4KzYWitj6CXb+jZNNCk28MMPhnHO59x43kkKjbX9buaXlldW1/HphY3Nre6e4u9fQYaw41HkoQ9VymQYpAqijQAmtSAHzXQlNd3Q10Zv3oLQIgzscR9D12SAQnuAMDdUrHnYQHjDJftdLLo2XDYDeAmdSpintFUt22c6KLgJnBkpkVrVe8avTD3nsQ4BcMq3bjh1hN2EKBZeQFjqxhojxkZnSNjBgPuhukh2S0mPD9KkXKvMCpBn7uyNhvtZj3zVOn+FQz2sT8j+tHaN30U1EEMUIAZ8O8mJJMaSTVGhfKOAoxwYwroTZlfIhU4yjya5gQnDmT14EjdOyUylXbiql6tksjjw5IEfkhDjknFTJNamROuHkkTyTV/JmPVkv1rv1MbXmrFnPPvlT1ucPXEKaJA==</latexit>

(First Model)

<latexit sha1_base64="bk9jrKkQWBMsdwMJMiyHWPzsNME=">AAACB3icbVDLSgNBEJyNrxhfUY+CDAYhXsKuBPUYEMSLEME8IAlhdtKbDJl9MNMrhiU3L/6KFw+KePUXvPk3TpI9aGJBN0VVNzNdbiSFRtv+tjJLyyura9n13Mbm1vZOfnevrsNYcajxUIaq6TINUgRQQ4ESmpEC5rsSGu7wcuI37kFpEQZ3OIqg47N+IDzBGRqpmz9sIzxgMu2ulxSvhNJIb8IeyJPxmHbzBbtkT0EXiZOSAklR7ea/2r2Qxz4EyCXTuuXYEXYSplBwCeNcO9YQMT5kfWgZGjAfdCeZ3jGmx0bpUS9UpgKkU/X3RsJ8rUe+ayZ9hgM9703E/7xWjN5FJxFBFCMEfPaQF0uKIZ2EQntCAUc5MoRxJcxfKR8wxTia6HImBGf+5EVSPy055VL5tlyonKVxZMkBOSJF4pBzUiHXpEpqhJNH8kxeyZv1ZL1Y79bHbDRjpTv75A+szx/+Y5lW</latexit>

Average Recall

<latexit sha1_base64="/Y9eHs7t/YBPgJ37dqBgjSgmZvg=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXYlqGXExjKKeUASwuzkbjJk9sHMXTEsW9r4KzYWitj6CXb+jZNNCk28MMPhnHO59x43kkKjbX9buaXlldW1/HphY3Nre6e4u9fQYaw41HkoQ9VymQYpAqijQAmtSAHzXQlNd3Q10Zv3oLQIgzscR9D12SAQnuAMDdUrHnYQHjDJftdLLo2XDYDeAmdSpintFUt22c6KLgJnBkpkVrVe8avTD3nsQ4BcMq3bjh1hN2EKBZeQFjqxhojxkZnSNjBgPuhukh2S0mPD9KkXKvMCpBn7uyNhvtZj3zVOn+FQz2sT8j+tHaN30U1EEMUIAZ8O8mJJMaSTVGhfKOAoxwYwroTZlfIhU4yjya5gQnDmT14EjdOyUylXbiql6tksjjw5IEfkhDjknFTJNamROuHkkTyTV/JmPVkv1rv1MbXmrFnPPvlT1ucPXEKaJA==</latexit>

(Second Model)

<latexit sha1_base64="kbukW0ooXimMHUBnXdkqdXS0+oc=">AAACCHicbVC7SgNBFJ31bXxFLS0cDII2YVeCWgo2NkJE84AkhNnZuzo4O7PM3BXDktLGX7GxUMTWT7Dzb5w8Co0euJfDOfcyc0+YSmHR97+8qemZ2bn5hcXC0vLK6lpxfaNudWY41LiW2jRDZkEKBTUUKKGZGmBJKKER3p4O/MYdGCu0usJeCp2EXSsRC87QSd3idhvhHvNhD+N87xK4VhE91xHI/X6fdoslv+wPQf+SYExKZIxqt/jZjjTPElDIJbO2FfgpdnJmUHAJ/UI7s5AyfsuuoeWoYgnYTj48pE93nRLRWBtXCulQ/bmRs8TaXhK6yYThjZ30BuJ/XivD+LiTC5VmCIqPHoozSVHTQSo0EgY4yp4jjBvh/kr5DTOMo8uu4EIIJk/+S+oH5aBSrlxUSieH4zgWyBbZIXskIEfkhJyRKqkRTh7IE3khr96j9+y9ee+j0SlvvLNJfsH7+AaubZm0</latexit>

=

<latexit sha1_base64="upVV0Wy+xPpf0wjSm9LwQN69rXg=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqBeh4MVjFfsBbSib7aZdutmE3YlQQv+BFw+KePUfefPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwSha6eGG9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5tfOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2dtkIDRnKCeWUKaFvZWwEdWUoQ2nZEPwll9eJa2Lqler1u5rlfplHkcRTuAUzsGDK6jDHTSgCQxCeIZXeHPGzovz7nwsWgtOPnMMf+B8/gDhGIzm</latexit>

=

<latexit sha1_base64="upVV0Wy+xPpf0wjSm9LwQN69rXg=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqBeh4MVjFfsBbSib7aZdutmE3YlQQv+BFw+KePUfefPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwSha6eGG9MsVt+rOQVaJl5MK5Gj0y1+9QczSiCtkkhrT9dwE/YxqFEzyaamXGp5QNqZD3rVU0YgbP5tfOiVnVhmQMNa2FJK5+nsio5ExkyiwnRHFkVn2ZuJ/XjfF8NrPhEpS5IotFoWpJBiT2dtkIDRnKCeWUKaFvZWwEdWUoQ2nZEPwll9eJa2Lqler1u5rlfplHkcRTuAUzsGDK6jDHTSgCQxCeIZXeHPGzovz7nwsWgtOPnMMf+B8/gDhGIzm</latexit>

0.77

<latexit sha1_base64="f7EiBx7RIAZtBVf/diRCXTDQGtE=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iktB4LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXObzVG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiW6DjMkkNVSS1aIo5cjEKH8cjZmixPC5JZgoZm9FZIoVJsbGU7Eh+Osvb5LujevX3fpDvdZqFHGU4QIu4Rp8aEIL7qENHSAwhWd4hTdHOC/Ou/Oxai05xcw5/IHz+QPUF41p</latexit>

0.32

<latexit sha1_base64="pMZAKDPCmW8rmBMKMh+LD+S7azc=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0hqUY8FLx4r2A9oQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNp737ZQ2Nre2d8q7lb39g8Oj6vFJR8epIrRNYh6rXog15UzStmGG016iKBYhp91wepf73SeqNIvlo5klNBB4LFnECDa55LlX9WG15rneAmid+AWpQYHWsPo1GMUkFVQawrHWfd9LTJBhZRjhdF4ZpJommEzxmPYtlVhQHWSLW+fowiojFMXKljRoof6eyLDQeiZC2ymwmehVLxf/8/qpiW6DjMkkNVSS5aIo5cjEKH8cjZiixPCZJZgoZm9FZIIVJsbGU7Eh+Ksvr5NO3fUbbuOhUWteF3GU4QzO4RJ8uIEm3EML2kBgAs/wCm+OcF6cd+dj2VpyiplT+APn8wfGb41g</latexit>
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An example of an Imbalanced dataset – Part 5 – 

First Model Second Model 

Comparing the two Models  

F1 = 2
Precision⇥ Recall

Precision + Recall

<latexit sha1_base64="rYg/oF2PPU197VfjV1CHANcNDmE="></latexit>

0.5

<latexit sha1_base64="7npNR2clzgQqIPJ6CLoLxJ2aIwM=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadmV+DgGvHiMaB6QLGF20psMmZ1dZmaFEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dYSq4Np737RTW1jc2t4rbpZ3dvf2D8uFRUyeZYthgiUhUO6QaBZfYMNwIbKcKaRwKbIWj25nfekKleSIfzTjFIKYDySPOqLHSg+de9soVz/XmIKvEz0kFctR75a9uP2FZjNIwQbXu+F5qgglVhjOB01I305hSNqID7FgqaYw6mMxPnZIzq/RJlChb0pC5+ntiQmOtx3FoO2NqhnrZm4n/eZ3MRDfBhMs0MyjZYlGUCWISMvub9LlCZsTYEsoUt7cSNqSKMmPTKdkQ/OWXV0nzwvWrbvW+Wqld5XEU4QRO4Rx8uIYa3EEdGsBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wdYNo0m</latexit>

precision recall 

0.5

<latexit sha1_base64="7npNR2clzgQqIPJ6CLoLxJ2aIwM=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadmV+DgGvHiMaB6QLGF20psMmZ1dZmaFEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dYSq4Np737RTW1jc2t4rbpZ3dvf2D8uFRUyeZYthgiUhUO6QaBZfYMNwIbKcKaRwKbIWj25nfekKleSIfzTjFIKYDySPOqLHSg+de9soVz/XmIKvEz0kFctR75a9uP2FZjNIwQbXu+F5qgglVhjOB01I305hSNqID7FgqaYw6mMxPnZIzq/RJlChb0pC5+ntiQmOtx3FoO2NqhnrZm4n/eZ3MRDfBhMs0MyjZYlGUCWISMvub9LlCZsTYEsoUt7cSNqSKMmPTKdkQ/OWXV0nzwvWrbvW+Wqld5XEU4QRO4Rx8uIYa3EEdGsBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wdYNo0m</latexit>

precision 

h

<latexit sha1_base64="ZU/8wHfTciBZK2vkFmP4FM7+JXw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipOR6UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasJbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6tWqtWavUr/M4inAG53AJHtxAHe6hAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kDzKOM5w==</latexit>

h

<latexit sha1_base64="ZU/8wHfTciBZK2vkFmP4FM7+JXw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipOR6UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasJbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6tWqtWavUr/M4inAG53AJHtxAHe6hAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kDzKOM5w==</latexit>

h =
F1

2

<latexit sha1_base64="/QsVuyTzQN2XnUE3tUk14ei/eEc=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lKUS9CQRCPFewHtKFstpt26WYTdjeFEvJPvHhQxKv/xJv/xm2ag7Y+GHi8N8PMPD/mTGnH+bZKG5tb2zvl3cre/sHhkX180lFRIgltk4hHsudjRTkTtK2Z5rQXS4pDn9OuP71b+N0ZlYpF4knPY+qFeCxYwAjWRhra9gTdokEgMUnv3SytZ0O76tScHGiduAWpQoHW0P4ajCKShFRowrFSfdeJtZdiqRnhNKsMEkVjTKZ4TPuGChxS5aX55Rm6MMoIBZE0JTTK1d8TKQ6Vmoe+6QyxnqhVbyH+5/UTHdx4KRNxoqkgy0VBwpGO0CIGNGKSEs3nhmAimbkVkQk2MWgTVsWE4K6+vE469ZrbqDUeG9XmVRFHGc7gHC7BhWtowgO0oA0EZvAMr/BmpdaL9W59LFtLVjFzCn9gff4APkWSvA==</latexit>

recall 

F1 Score

<latexit sha1_base64="tcIqU4us6yJedijWbDybEhvjosc=">AAACAXicbVDLSgNBEJyNrxhfUS+Cl8EgeAq7EtCTBATxGNE8IAlhdtKbDJl9MNMrhmW9+CtePCji1b/w5t842eSgiQXdFFXdzHS5kRQabfvbyi0tr6yu5dcLG5tb2zvF3b2GDmPFoc5DGaqWyzRIEUAdBUpoRQqY70pouqPLid+8B6VFGNzhOIKuzwaB8ARnaKRe8aCD8IBJ1l0vuXLoLQ8VpGmvWLLLdga6SJwZKZEZar3iV6cf8tiHALlkWrcdO8JuwhQKLiEtdGINEeMjNoC2oQHzQXeT7IKUHhulT71QmQqQZurvjYT5Wo9910z6DId63puI/3ntGL3zbiKCKEYI+PQhL5YUQzqJg/aFAo5ybAjjSpi/Uj5kinE0oRVMCM78yYukcVp2KuXKTaVUvZjFkSeH5IicEIeckSq5JjVSJ5w8kmfySt6sJ+vFerc+pqM5a7azT/7A+vwB5zGXKw==</latexit>

0.60

<latexit sha1_base64="Wi3TyoMvXLlSZacrUr3NLqWBN40=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0ikVE9S8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfuGlz0NYHA4/3ZpiZFyacaeN5305pY3Nre6e8W9nbPzg8qh6fdHScKkLbJOax6oVYU84kbRtmOO0limIRctoNp3e5332iSrNYPppZQgOBx5JFjGCTS57b8IbVmud6C6B14hekBgVaw+rXYBSTVFBpCMda930vMUGGlWGE03llkGqaYDLFY9q3VGJBdZAtbp2jC6uMUBQrW9Kghfp7IsNC65kIbafAZqJXvVz8z+unJroJMiaT1FBJlouilCMTo/xxNGKKEsNnlmCimL0VkQlWmBgbT8WG4K++vE46V65fd+sP9VrztoijDGdwDpfgwzU04R5a0AYCE3iGV3hzhPPivDsfy9aSU8ycwh84nz/KXo1p</latexit>

0.33

<latexit sha1_base64="BHH6lNRSACusyCb1sahKCLVDCgI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0hsQU9S8OKxgv2ANpTNdtMu3d2E3Y1QQv+CFw+KePUPefPfuGlz0NYHA4/3ZpiZFyacaeN5305pY3Nre6e8W9nbPzg8qh6fdHScKkLbJOax6oVYU84kbRtmOO0limIRctoNp3e5332iSrNYPppZQgOBx5JFjGCTS55brw+rNc/1FkDrxC9IDQq0htWvwSgmqaDSEI617vteYoIMK8MIp/PKINU0wWSKx7RvqcSC6iBb3DpHF1YZoShWtqRBC/X3RIaF1jMR2k6BzUSvern4n9dPTXQTZEwmqaGSLBdFKUcmRvnjaMQUJYbPLMFEMXsrIhOsMDE2nooNwV99eZ10rly/4TYeGrXmbRFHGc7gHC7Bh2towj20oA0EJvAMr/DmCOfFeXc+lq0lp5g5hT9wPn8AyluNaQ==</latexit>

Accuracy Score

<latexit sha1_base64="9hZLJrENDHLZ+KB9t+3G/5krrAY=">AAACB3icbVDJSgNBEO1xjXGLehSkMQiewowM6DHixWNEs0AyhJ5OTdKkZ6G7RgzD3Lz4K148KOLVX/Dm39hZDpr4oIrHe1V01/MTKTTa9re1tLyyurZe2Chubm3v7Jb29hs6ThWHOo9lrFo+0yBFBHUUKKGVKGChL6HpD6/GfvMelBZxdIejBLyQ9SMRCM7QSN3SUQfhAbNJ94PskvNUMT6itzxWkOfdUtmu2BPQReLMSJnMUOuWvjq9mKchRMgl07rt2Al6GVMouIS82Ek1JIwPWR/ahkYsBO1lkztyemKUHg1iZSpCOlF/b2Qs1HoU+mYyZDjQ895Y/M9rpxhceJmIkhQh4tOHglRSjOk4FNoTCjjKkSGMK2H+SvmAmSDQRFc0ITjzJy+SxlnFcSvujVuuurM4CuSQHJNT4pBzUiXXpEbqhJNH8kxeyZv1ZL1Y79bHdHTJmu0ckD+wPn8AIE6aEQ==</latexit>

0.54

<latexit sha1_base64="NOVzdkt4zPW8wJHp6Vx5ekTNei0=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0gkoseCF48VTFtoQ9lsN+3SzSbsboQS+hu8eFDEqz/Im//GTZqDtj4YeLw3w8y8MOVMacf5tmobm1vbO/Xdxt7+weFR8/ikq5JMEuqThCeyH2JFORPU10xz2k8lxXHIaS+c3RV+74lKxRLxqOcpDWI8ESxiBGsj+Y597TVGzZZjOyXQOnEr0oIKnVHzazhOSBZToQnHSg1cJ9VBjqVmhNNFY5gpmmIywxM6MFTgmKogL49doAujjFGUSFNCo1L9PZHjWKl5HJrOGOupWvUK8T9vkOnoNsiZSDNNBVkuijKOdIKKz9GYSUo0nxuCiWTmVkSmWGKiTT5FCO7qy+uke2W7nu09eK22V8VRhzM4h0tw4QbacA8d8IEAg2d4hTdLWC/Wu/WxbK1Z1cwp/IH1+QMAz412</latexit>

0.87

<latexit sha1_base64="AVJSxWyG2FHswldD0KJAuaPj8Ds=">AAAB63icbVBNS8NAEJ34WetX1aOXxSJ4CokE2mPBi8cK9gPaUDbbTbt0dxN2N0IJ/QtePCji1T/kzX/jps1BWx8MPN6bYWZelHKmjed9O1vbO7t7+5WD6uHR8clp7ey8q5NMEdohCU9UP8KaciZpxzDDaT9VFIuI0140uyv83hNVmiXy0cxTGgo8kSxmBJtC8txmY1Sre663BNokfknqUKI9qn0NxwnJBJWGcKz1wPdSE+ZYGUY4XVSHmaYpJjM8oQNLJRZUh/ny1gW6tsoYxYmyJQ1aqr8nciy0novIdgpspnrdK8T/vEFm4maYM5lmhkqyWhRnHJkEFY+jMVOUGD63BBPF7K2ITLHCxNh4qjYEf/3lTdK9df3ADR6Ceiso46jAJVzBDfjQgBbcQxs6QGAKz/AKb45wXpx352PVuuWUMxfwB87nD9UCjWg=</latexit>

Reminder 

By calculating the F1 score, we realize that the second Model (the pessimistic one) has a better performance 
than the first one (the Optimistic one) on this imbalanced dataset.  
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The Receiver Operator Characteristic (ROC) graph 

•  During the prediction phase (after the training process), most of the classifiers output a more precise 
information than just the class label for each new data point        . They also output the probability     that 
this data point belongs to the positive class and, a fortiori, the probability of belonging to the negative 
class (which is            ) 

•  How do we go from continuous predictions to discrete ones ?  
 

•  We will explain this on the example of Logistic Regression.  

x⇤

<latexit sha1_base64="n7LY/BxIPS+U1h8X/CKeqAyoyZE=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoMgHsKuBNRbwIvHiOYBSQyzk95kyOzsMjMrhiWf4MWDIl79Im/+jZNkD5pY0FBUddPd5ceCa+O6305uZXVtfSO/Wdja3tndK+4fNHSUKIZ1FolItXyqUXCJdcONwFaskIa+wKY/up76zUdUmkfy3oxj7IZ0IHnAGTVWunt6OOsVS27ZnYEsEy8jJchQ6xW/Ov2IJSFKwwTVuu25semmVBnOBE4KnURjTNmIDrBtqaQh6m46O3VCTqzSJ0GkbElDZurviZSGWo9D33aG1Az1ojcV//PaiQkuuymXcWJQsvmiIBHERGT6N+lzhcyIsSWUKW5vJWxIFWXGplOwIXiLLy+TxnnZq5Qrt5VS9SqLIw9HcAyn4MEFVOEGalAHBgN4hld4c4Tz4rw7H/PWnJPNHMIfOJ8//xGNlg==</latexit>

p

<latexit sha1_base64="dlp2zofRgbDI3vyNKZ3bPDRXc+g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN4KXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTto5TxbDFYhGrbkA1Ci6xZbgR2E0U0igQ2Akmd3O/84RK81g+mGmCfkRHkoecUWOlZjIoV9yquwBZJ15OKpCjMSh/9YcxSyOUhgmqdc9zE+NnVBnOBM5K/VRjQtmEjrBnqaQRaj9bHDojF1YZkjBWtqQhC/X3REYjradRYDsjasZ61ZuL/3m91IQ3fsZlkhqUbLkoTAUxMZl/TYZcITNiagllittbCRtTRZmx2ZRsCN7qy+ukfVX1atVas1ap3+ZxFOEMzuESPLiGOtxDA1rAAOEZXuHNeXRenHfnY9lacPKZU/gD5/MH2aqM8g==</latexit>

p

<latexit sha1_base64="dlp2zofRgbDI3vyNKZ3bPDRXc+g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN4KXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTto5TxbDFYhGrbkA1Ci6xZbgR2E0U0igQ2Akmd3O/84RK81g+mGmCfkRHkoecUWOlZjIoV9yquwBZJ15OKpCjMSh/9YcxSyOUhgmqdc9zE+NnVBnOBM5K/VRjQtmEjrBnqaQRaj9bHDojF1YZkjBWtqQhC/X3REYjradRYDsjasZ61ZuL/3m91IQ3fsZlkhqUbLkoTAUxMZl/TYZcITNiagllittbCRtTRZmx2ZRsCN7qy+ukfVX1atVas1ap3+ZxFOEMzuESPLiGOtxDA1rAAOEZXuHNeXRenHfnY9lacPKZU/gD5/MH2aqM8g==</latexit>

1� p

<latexit sha1_base64="pf7vjuJq3Bu96Bcfv1n2qVylyHw=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4sSRSUG8FLx4rmLbQhrLZbtqlm03YnQgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dtbWNza3tks75d29/YPDytFxyySZZtxniUx0J6SGS6G4jwIl76Sa0ziUvB2O72Z++4lrIxL1iJOUBzEdKhEJRtFKvkcuSdqvVN2aOwdZJV5BqlCg2a989QYJy2KukElqTNdzUwxyqlEwyaflXmZ4StmYDnnXUkVjboJ8fuyUnFtlQKJE21JI5urviZzGxkzi0HbGFEdm2ZuJ/3ndDKObIBcqzZArtlgUZZJgQmafk4HQnKGcWEKZFvZWwkZUU4Y2n7INwVt+eZW0rmpevVZ/qFcbt0UcJTiFM7gAD66hAffQBB8YCHiGV3hzlPPivDsfi9Y1p5g5gT9wPn8AXnqNuA==</latexit>

Test set features 
`Trained 
classifier 

Predictions True 
Targets 

0

BBB@

0.99
0.23
...

0.47

1

CCCA

<latexit sha1_base64="RrvU/xwIQFe4SxNmeUdkBFbS6BM=">AAACJXicbVDLSgMxFM3UVx1fVZdugkVwVWZqoRZcFNy4rGAf0Cklk7ltQzOZIckUy9CfceOvuHFhEcGVv2L6QLT1QLiHc+4l9x4/5kxpx/m0MhubW9s72V17b//g8Ch3fNJQUSIp1GnEI9nyiQLOBNQ10xxasQQS+hya/vB25jdHIBWLxIMex9AJSV+wHqNEG6mbu/F86DORxiHRkj1ObKdQqXieKcUrbKo3CiKtMJ5LpbLtgQh+mru5vFNw5sDrxF2SPFqi1s1NvSCiSQhCU06UartOrDspkZpRDhPbSxTEhA5JH9qGChKC6qTzKyf4wigB7kXSPKHxXP09kZJQqXHom06z30CtejPxP6+d6N51J2UiTjQIuviol3CsIzyLDAdMAtV8bAihkpldMR0QSag2wdomBHf15HXSKBbcUqF0X8pXK8s4sugMnaNL5KIyqqI7VEN1RNETekFvaGo9W6/Wu/WxaM1Yy5lT9AfW1zckkaKR</latexit>

0

BBB@

80 20 30
03 04 12
...

...
...

18 09 20

1

CCCA

<latexit sha1_base64="hDummSRXesg8IsJQ4nGr1XxLX3g="></latexit>

0

BBB@

1
0
...
1

1

CCCA

<latexit sha1_base64="GAkXEfIDwCSTrfmoftsK+c2kkio=">AAACHXicbVDLSsNAFJ34rPFVdelmsAiuSiIFdVdw47KCfUATymRy0w6dTMLMpFhCf8SNv+LGhSIu3Ih/46QtqK0XZjiccy733hOknCntOF/Wyura+sZmacve3tnd2y8fHLZUkkkKTZrwRHYCooAzAU3NNIdOKoHEAYd2MLwu9PYIpGKJuNPjFPyY9AWLGCXaUL1yzQugz0SexkRLdj+xXc+zHWw+bxQmWuECurYHIvzx9MoVp+pMCy8Ddw4qaF6NXvnDCxOaxSA05USpruuk2s+J1IxymNhepiAldEj60DVQkBiUn0+vm+BTw4Q4SqR5QuMp+7sjJ7FS4zgwTrPgQC1qBfmf1s10dOnnTKSZBkFng6KMY53gIiocMglU87EBhEpmdsV0QCSh2gRahOAunrwMWudVt1at3dYq9at5HCV0jE7QGXLRBaqjG9RATUTRA3pCL+jVerSerTfrfWZdseY9R+hPWZ/f3tSggQ==</latexit>
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The Receiver Operator Characteristic (ROC) graph 
 

•  Logistic regression predicts the conditional distribution of the label                          given the feature 
    vector                    as follows: 
 
 
 
 
where      refers to the sigmoid function 
 

Y ⇤ 2 {0, 1}

<latexit sha1_base64="B0yCt+q31fc0uqom7k9rbNZP5Ok=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBZBREoiBXVXcOOygn1IE8tkOmmHTiZhZiKEUH/FjQtF3Poh7vwbp4+Fth64cDjnXu69J0g4U9pxvq3Cyura+kZxs7S1vbO7Z+8ftFScSkKbJOax7ARYUc4EbWqmOe0kkuIo4LQdjK4nfvuRSsVicaezhPoRHggWMoK1kXp2+f7hFHlMIC9HzhlykTdGPbviVJ0p0DJx56QCczR69pfXj0kaUaEJx0p1XSfRfo6lZoTTcclLFU0wGeEB7RoqcESVn0+PH6Njo/RRGEtTQqOp+nsix5FSWRSYzgjroVr0JuJ/XjfV4aWfM5GkmgoyWxSmHOkYTZJAfSYp0TwzBBPJzK2IDLHERJu8SiYEd/HlZdI6r7q1au22VqlfzeMowiEcwQm4cAF1uIEGNIFABs/wCm/Wk/VivVsfs9aCNZ8pwx9Ynz8f35J4</latexit>

x⇤ 2 RD

<latexit sha1_base64="XWfJ8mxs6BSAJbgq3x3sYoWhgIw=">AAAB/XicbVDLSgMxFL3js9bX+Ni5CRZBXJQZKai7gi5cVrEP6LQlk2ba0ExmSDJiHYq/4saFIm79D3f+jWk7C209EDiccy/35PgxZ0o7zre1sLi0vLKaW8uvb2xubds7uzUVJZLQKol4JBs+VpQzQauaaU4bsaQ49Dmt+4PLsV+/p1KxSNzpYUxbIe4JFjCCtZE69v5D+wR5TCAvxLrv++ntqH3VsQtO0ZkAzRM3IwXIUOnYX143IklIhSYcK9V0nVi3Uiw1I5yO8l6iaIzJAPdo01CBQ6pa6ST9CB0ZpYuCSJonNJqovzdSHCo1DH0zOc6oZr2x+J/XTHRw3kqZiBNNBZkeChKOdITGVaAuk5RoPjQEE8lMVkT6WGKiTWF5U4I7++V5UjstuqVi6aZUKF9kdeTgAA7hGFw4gzJcQwWqQOARnuEV3qwn68V6tz6mowtWtrMHf2B9/gCCf5Sa</latexit>

P (Y ⇤ = 1 | X⇤ = x⇤) = �(w⇤T

x⇤)

<latexit sha1_base64="b7cfNGdY91GHp/Qz1YbHAEj1cc4=">AAACGXicbVDLSgMxFM34rPU16tJNsAi1izIjBXUhFNy4rNCXdNqSSdM2NMkMSUYtQ3/Djb/ixoUiLnXl35hOZ6GtB0JOzrmXm3v8kFGlHefbWlpeWV1bz2xkN7e2d3btvf26CiKJSQ0HLJBNHynCqCA1TTUjzVASxH1GGv7oauo37ohUNBBVPQ5Jm6OBoH2KkTZS13Yq+dtOAV5CF3qc9mAzeTx0Cifmgp6iA47y95240KlOErlr55yikwAuEjclOZCi0rU/vV6AI06Exgwp1XKdULdjJDXFjEyyXqRIiPAIDUjLUIE4Ue042WwCj43Sg/1AmiM0TNTfHTHiSo25byo50kM1703F/7xWpPvn7ZiKMNJE4NmgfsSgDuA0JtijkmDNxoYgLKn5K8RDJBHWJsysCcGdX3mR1E+LbqlYuinlyhdpHBlwCI5AHrjgDJTBNaiAGsDgETyDV/BmPVkv1rv1MStdstKeA/AH1tcPJ9mcEA==</latexit>

�

<latexit sha1_base64="+MSvLV39Fk62JTG66UdPfK0clOM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKexKIHoLePEYwTwgWcLsZDYZM49lZlYIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSjgz1ve/vcLG5tb2TnG3tLd/cHhUPj5pG5VqQltEcaW7ETaUM0lblllOu4mmWEScdqLJ7dzvPFFtmJIPdprQUOCRZDEj2Dqp3TdsJPCgXPGr/gJonQQ5qUCO5qD81R8qkgoqLeHYmF7gJzbMsLaMcDor9VNDE0wmeER7jkosqAmzxbUzdOGUIYqVdiUtWqi/JzIsjJmKyHUKbMdm1ZuL/3m91MbXYcZkkloqyXJRnHJkFZq/joZMU2L51BFMNHO3IjLGGhPrAiq5EILVl9dJ+6oa1Kq1+1qlcZPHUYQzOIdLCKAODbiDJrSAwCM8wyu8ecp78d69j2VrwctnTuEPvM8fm/CPIQ==</latexit>

� : z 7! 1

1 + e�z

<latexit sha1_base64="sAvvNG71UAsHHnw3qAt5BFipGVc=">AAACD3icbVDLSgMxFM3UV62vUZdugkURxDIjBR+rghuXFewDOmPJpJk2NMkMSUZoh/kDN/6KGxeKuHXrzr8xrbPQ1gOBwzn3cnNOEDOqtON8WYWFxaXlleJqaW19Y3PL3t5pqiiRmDRwxCLZDpAijArS0FQz0o4lQTxgpBUMryZ+655IRSNxq0cx8TnqCxpSjLSRuvahp2ifo0s4hh5HsdIR9EKJcOpmqQuPIblLT8ZZ1rXLTsWZAs4TNydlkKPetT+9XoQTToTGDCnVcZ1Y+ymSmmJGspKXKBIjPER90jFUIE6Un07zZPDAKD0YRtI8oeFU/b2RIq7UiAdmkiM9ULPeRPzP6yQ6PPdTKuJEE4F/DoUJgyb1pBzYo5JgzUaGICyp+SvEA2Tq0KbCkinBnY08T5qnFbdaqd5Uy7WLvI4i2AP74Ai44AzUwDWogwbA4AE8gRfwaj1az9ab9f4zWrDynV3wB9bHN4PXm60=</latexit>

Determined by 
training the model on 

the training set 
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The Receiver Operator Characteristic (ROC) graph 
•  Let’s consider 9 pairs                                in our test set. (The blue point are associated to the positive 

class and the red ones are associated to the negative class). 

•  As the model has been trained, we can generate the predictions 

•  To turn the predictions to class labels, we need to define a threshold above which we consider the points 
as belonging to the positive class.  

(xi, yi)i2{1,...,9}

<latexit sha1_base64="6zj2XTWBELr8f4t8NsD9uBV8Jls=">AAACD3icbVDLSsNAFJ34rPUVdelmsCgVSkmkoN0V3LisYB/QhDCZTtqhk0mYmYgh5A/c+CtuXCji1q07/8Zpm4W2Hhg4nHMPd+7xY0alsqxvY2V1bX1js7RV3t7Z3ds3Dw67MkoEJh0csUj0fSQJo5x0FFWM9GNBUOgz0vMn11O/d0+EpBG/U2lM3BCNOA0oRkpLnnmWVR88WoOpR89zL6PQoRw6GbRr0BlGStZgEzp57pkVq27NAJeJXZAKKND2zC8dx0lIuMIMSTmwrVi5GRKKYkbyspNIEiM8QSMy0JSjkEg3m92Tw1OtDGEQCf24gjP1dyJDoZRp6OvJEKmxXPSm4n/eIFHBlZtRHieKcDxfFCQMqghOy4FDKghWLNUEYUH1XyEeI4Gw0hWWdQn24snLpHtRtxv1xm2j0moWdZTAMTgBVWCDS9ACN6ANOgCDR/AMXsGb8WS8GO/Gx3x0xSgyR+APjM8fmXqadg==</latexit>

zi = w⇤T

xi

<latexit sha1_base64="peoBto8jswH38V4KaWfAmL76gOs=">AAAB/HicbVDJSgNBEK2JW4zbaI5eGoMgHsKMBNSDEPDiMUI2yDL0dHqSJj0L3T3qOMRf8eJBEa9+iDf/xk4yB018UPB4r4qqem7EmVSW9W3kVlbX1jfym4Wt7Z3dPXP/oCnDWBDaICEPRdvFknIW0IZiitN2JCj2XU5b7vh66rfuqJAsDOoqiWjPx8OAeYxgpSXHLKJHBzF0he776Wm/PkEPDnPMklW2ZkDLxM5ICTLUHPOrOwhJ7NNAEY6l7NhWpHopFooRTieFbixphMkYD2lH0wD7VPbS2fETdKyVAfJCoStQaKb+nkixL2Xiu7rTx2okF72p+J/XiZV30UtZEMWKBmS+yIs5UiGaJoEGTFCieKIJJoLpWxEZYYGJ0nkVdAj24svLpHlWtivlym2lVL3M4sjDIRzBCdhwDlW4gRo0gEACz/AKb8aT8WK8Gx/z1pyRzRThD4zPH5hak28=</latexit>

8i 2 {1, . . . , 9} pi = �(w⇤T

xi)

<latexit sha1_base64="1iss7NIy9pmpSOEFUt2jzlTgaGk="></latexit>

Example of 
threshold 

Positive Class 

Negative Class 
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The Receiver Operator Characteristic (ROC) graph 

4 0 
2 3 

Predicted 

A
ct

ua
l 

Threshold 1 

Threshold 2 

0 
0 

1 

1 

3 1 
2 3 

Predicted 

A
ct

ua
l 

0 
0 

1 

1 

3 1 
1 4 

Predicted 

A
ct

ua
l 

0 
0 

1 

1 

3 1 
0 5 

Predicted 

A
ct

ua
l 

0 
0 

1 

1 2 2 
0 5 

Predicted 

A
ct

ua
l 

0 
0 

1 

1 

Threshold 5 



Imperial means Intelligent Business Imperial College Business School 38 

The Receiver Operator Characteristic (ROC) graph 

Predicted Targets 

A
ct

ua
lly

 TP FN 

TN FP 

 1  0 

 1 

 0 

False Positive Rate =
FP

FP + TN

<latexit sha1_base64="TGyM2r6AkfEznQQut+wuTt7J+j0=">AAACLXicbZBLSwMxFIUzvq2vqks3wSIIQpmRgm4EQRFXUsU+oC0lk95pQzMPkjvFMswfcuNfEcGFIm79G6btgNp6IPBxzr2Ee9xICo22/WbNzS8sLi2vrObW1jc2t/LbO1UdxopDhYcyVHWXaZAigAoKlFCPFDDflVBz+xejvDYApUUY3OMwgpbPuoHwBGdorHb+sonwgMkVkxpoOdQCxQDoHUNI6RlteorxJBspp+kP0iM64fubNG3nC3bRHovOgpNBgWQqt/MvzU7IYx8C5JJp3XDsCFsJUyi4hDTXjDVEjPdZFxoGA+aDbiXja1N6YJwO9UJlXoB07P7eSJiv9dB3zaTPsKens5H5X9aI0TttJSKIYoSATz7yYkkxpKPqaEco4CiHBhhXpilOeY+ZhtAUnDMlONMnz0L1uOiUiqXbUuG8lNWxQvbIPjkkDjkh5+SalEmFcPJInskbebeerFfrw/qcjM5Z2c4u+SPr6xtJ5qlY</latexit>

True Positive Rate =
TP

TP + FN

<latexit sha1_base64="rPl8fEUhx/3m5l6gzR3z8LCs1KE=">AAACLHicbZBLSwMxFIUzPmt9VV26CRZBEMqMFHQjCAVxJVX6graUTHrHhmYeJHfEMswPcuNfEcSFRdz6O0zbAR/1QODjnHsJ97iRFBpte2wtLC4tr6zm1vLrG5tb24Wd3YYOY8WhzkMZqpbLNEgRQB0FSmhFCpjvSmi6w8okb96D0iIMajiKoOuzu0B4gjM0Vq9Q6SA8YFJTMdBqqAWKe6C3DCGl57TjKcaTbKKapt9Ij+mML6/TtFco2iV7KjoPTgZFkqnaK7x0+iGPfQiQS6Z127Ej7CZMoeAS0nwn1hAxPmR30DYYMB90N5kem9JD4/SpFyrzAqRT9+dGwnytR75rJn2GA/03m5j/Ze0YvbNuIoIoRgj47CMvlhRDOmmO9oUCjnJkgHFlmuKUD5hpCE2/eVOC8/fkeWiclJxyqXxTLl6UszpyZJ8ckCPikFNyQa5IldQJJ4/kmbyRsfVkvVrv1sdsdMHKdvbIL1mfX7VwqRE=</latexit>

•  In order to plot the ROC 
graph, we first need to 
define the True Positive 
Rate and the True 
negative Rate: 

•  We can then plot the 
True Positive Rate 
(TPR) vs the False 
Positive Rate (FPR), 
over all the thresholds.  

•  The different thresholds 
are denoted  ⌧1, . . . , ⌧5

<latexit sha1_base64="cmd/EtixHaSBx02xIoiYdHEojng=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEF1JmpKLuCm5cVrAPaIchk2ba0ExmSO4IZSj4K25cKOLW73Dn35hpZ6GtB0JOzr2He3OCRHANjvNtlVZW19Y3ypuVre2d3T17/6Ct41RR1qKxiFU3IJoJLlkLOAjWTRQjUSBYJxjf5vXOI1Oax/IBJgnzIjKUPOSUgJF8+6gPJPXdc9wfxKDNlT8vfbvq1JwZ8DJxC1JFBZq+/WX8NI2YBCqI1j3XScDLiAJOBZtW+qlmCaFjMmQ9QyWJmPay2fpTfGqUAQ5jZY4EPFN/OzISaT2JAtMZERjpxVou/lfrpRBeexmXSQpM0vmgMBUYYpxngQdcMQpiYgihiptdMR0RRSiYxComBHfxy8ukfVFz67X6fb3auCniKKNjdILOkIuuUAPdoSZqIYoy9Ixe0Zv1ZL1Y79bHvLVkFZ5D9AfW5w+dw5SZ</latexit>

Direction of 
better 

performances 

TPR FPR 

0.6 0 

0.6 0.25 

0.8 0.25 

1 0.25 

1 0.5 

⌧1

<latexit sha1_base64="Wd6O8f9o964uDAflqO0aKn8/Tbo=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0JqLeAF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6Pvf3tr6xubWdmGnuLu3f3BYOjpuWp0ZxhtMS23aEbVcCsUbKFDydmo4TSLJW9Hodua3nrixQqsHHKc8TOhAiVgwik5qdpFmvaBXKvsVfw6ySoKclCFHvVf66vY1yxKukElqbSfwUwwn1KBgkk+L3czylLIRHfCOo4om3IaT+bVTcu6UPom1caWQzNXfExOaWDtOIteZUBzaZW8m/ud1Moyvw4lQaYZcscWiOJMENZm9TvrCcIZy7AhlRrhbCRtSQxm6gIouhGD55VXSvKwE1Ur1vlqu3eRxFOAUzuACAriCGtxBHRrA4BGe4RXePO29eO/ex6J1zctnTuAPvM8fSI6O6g==</latexit>

⌧2

<latexit sha1_base64="HpxhHk42tAjHrn86/eVMewQtK3g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKQb0VvHisYD+gDWWz3bRrN5uwOxFK6H/w4kERr/4fb/4bt20O2vpg4PHeDDPzgkQKg6777RQ2Nre2d4q7pb39g8Oj8vFJ28SpZrzFYhnrbkANl0LxFgqUvJtoTqNA8k4wuZ37nSeujYjVA04T7kd0pEQoGEUrtftI00FtUK64VXcBsk68nFQgR3NQ/uoPY5ZGXCGT1Jie5yboZ1SjYJLPSv3U8ISyCR3xnqWKRtz42eLaGbmwypCEsbalkCzU3xMZjYyZRoHtjCiOzao3F//zeimG134mVJIiV2y5KEwlwZjMXydDoTlDObWEMi3srYSNqaYMbUAlG4K3+vI6adeqXr1av69XGjd5HEU4g3O4BA+uoAF30IQWMHiEZ3iFNyd2Xpx352PZWnDymVP4A+fzB0oSjus=</latexit>

⌧3

<latexit sha1_base64="CBVGVBxvVxMcgrQtvZO7+9BKzHk=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oN4KXjxWsB/QhrLZbtq1m2zYnQgl9D948aCIV/+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZVSqGW8yJZXuBNRwKWLeRIGSdxLNaRRI3g7GtzO//cS1ESp+wEnC/YgOYxEKRtFKrR7StH/ZL1fcqjsHWSVeTiqQo9Evf/UGiqURj5FJakzXcxP0M6pRMMmnpV5qeELZmA5519KYRtz42fzaKTmzyoCEStuKkczV3xMZjYyZRIHtjCiOzLI3E//zuimG134m4iRFHrPFojCVBBWZvU4GQnOGcmIJZVrYWwkbUU0Z2oBKNgRv+eVV0rqoerVq7b5Wqd/kcRThBE7hHDy4gjrcQQOawOARnuEV3hzlvDjvzseiteDkM8fwB87nD0uWjuw=</latexit>

⌧4

<latexit sha1_base64="dXo92lhJZKeMCWl4rCommyG1Y7M=">AAAB7XicbVBNS8NAEJ34WetX1aOXxSJ4KokE1FvBi8cK9gPaUDbbTbt2swm7E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfztr6xubWdmmnvLu3f3BYOTpumSTTjDdZIhPdCanhUijeRIGSd1LNaRxK3g7HtzO//cS1EYl6wEnKg5gOlYgEo2ilVg9p1vf7lapbc+cgq8QrSBUKNPqVr94gYVnMFTJJjel6bopBTjUKJvm03MsMTykb0yHvWqpozE2Qz6+dknOrDEiUaFsKyVz9PZHT2JhJHNrOmOLILHsz8T+vm2F0HeRCpRlyxRaLokwSTMjsdTIQmjOUE0so08LeStiIasrQBlS2IXjLL6+S1mXN82v+vV+t3xRxlOAUzuACPLiCOtxBA5rA4BGe4RXenMR5cd6dj0XrmlPMnMAfOJ8/TRqO7Q==</latexit>

⌧5

<latexit sha1_base64="X3zEWpt/SIkAolVyGJw0y+PaB+w=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkot4KXjxWsB/QhrLZbtq1m03YnQgl9D948aCIV/+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789hPXRsTqAScJ9yM6VCIUjKKVWj2kaf+yX664VXcOskq8nFQgR6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrqWKRtz42fzaKTmzyoCEsbalkMzV3xMZjYyZRIHtjCiOzLI3E//zuimG134mVJIiV2yxKEwlwZjMXicDoTlDObGEMi3srYSNqKYMbUAlG4K3/PIqaV1UvVq1dl+r1G/yOIpwAqdwDh5cQR3uoAFNYPAIz/AKb07svDjvzseiteDkM8fwB87nD06eju4=</latexit>

1 

FPR

<latexit sha1_base64="7rginaTcrdNYPQeDbVncyUcPhg4=">AAAB8XicbVDLSgNBEJyNrxhfUY9eBoPgKexKQL0FBPEYxTwwWcLspJMMmZ1dZnrFsOQvvHhQxKt/482/cZLsQRMLGoqqbrq7glgKg6777eRWVtfWN/Kbha3tnd294v5Bw0SJ5lDnkYx0K2AGpFBQR4ESWrEGFgYSmsHoauo3H0EbEal7HMfgh2ygRF9whlZ66CA8YXpdu5t0iyW37M5Al4mXkRLJUOsWvzq9iCchKOSSGdP23Bj9lGkUXMKk0EkMxIyP2ADalioWgvHT2cUTemKVHu1H2pZCOlN/T6QsNGYcBrYzZDg0i95U/M9rJ9i/8FOh4gRB8fmifiIpRnT6Pu0JDRzl2BLGtbC3Uj5kmnG0IRVsCN7iy8ukcVb2KuXKbaVUvcziyJMjckxOiUfOSZXckBqpE04UeSav5M0xzovz7nzMW3NONnNI/sD5/AGghpDd</latexit>

TPR

<latexit sha1_base64="vv/Tf+A22aJ/aWFKQdOO6JqTfjk=">AAAB8XicbVDLSgNBEJyNrxhfUY9eBoPgKexKQL0FvHiMkhcmS5iddJIhs7PLTK8YlvyFFw+KePVvvPk3TpI9aGJBQ1HVTXdXEEth0HW/ndza+sbmVn67sLO7t39QPDxqmijRHBo8kpFuB8yAFAoaKFBCO9bAwkBCKxjfzPzWI2gjIlXHSQx+yIZKDARnaKWHLsITpvXa/bRXLLlldw66SryMlEiGWq/41e1HPAlBIZfMmI7nxuinTKPgEqaFbmIgZnzMhtCxVLEQjJ/OL57SM6v06SDSthTSufp7ImWhMZMwsJ0hw5FZ9mbif14nwcGVnwoVJwiKLxYNEkkxorP3aV9o4CgnljCuhb2V8hHTjKMNqWBD8JZfXiXNi7JXKVfuKqXqdRZHnpyQU3JOPHJJquSW1EiDcKLIM3klb45xXpx352PRmnOymWPyB87nD7XokOs=</latexit>

1 

Always predicting 
the positive class 

Always predicting 
the negative class 

⌧1

<latexit sha1_base64="Wd6O8f9o964uDAflqO0aKn8/Tbo=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0JqLeAF48RzAOSJcxOZpMxszPLTK8QQv7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqWw6Pvf3tr6xubWdmGnuLu3f3BYOjpuWp0ZxhtMS23aEbVcCsUbKFDydmo4TSLJW9Hodua3nrixQqsHHKc8TOhAiVgwik5qdpFmvaBXKvsVfw6ySoKclCFHvVf66vY1yxKukElqbSfwUwwn1KBgkk+L3czylLIRHfCOo4om3IaT+bVTcu6UPom1caWQzNXfExOaWDtOIteZUBzaZW8m/ud1Moyvw4lQaYZcscWiOJMENZm9TvrCcIZy7AhlRrhbCRtSQxm6gIouhGD55VXSvKwE1Ur1vlqu3eRxFOAUzuACAriCGtxBHRrA4BGe4RXePO29eO/ex6J1zctnTuAPvM8fSI6O6g==</latexit>

⌧2

<latexit sha1_base64="HpxhHk42tAjHrn86/eVMewQtK3g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKQb0VvHisYD+gDWWz3bRrN5uwOxFK6H/w4kERr/4fb/4bt20O2vpg4PHeDDPzgkQKg6777RQ2Nre2d4q7pb39g8Oj8vFJ28SpZrzFYhnrbkANl0LxFgqUvJtoTqNA8k4wuZ37nSeujYjVA04T7kd0pEQoGEUrtftI00FtUK64VXcBsk68nFQgR3NQ/uoPY5ZGXCGT1Jie5yboZ1SjYJLPSv3U8ISyCR3xnqWKRtz42eLaGbmwypCEsbalkCzU3xMZjYyZRoHtjCiOzao3F//zeimG134mVJIiV2y5KEwlwZjMXydDoTlDObWEMi3srYSNqaYMbUAlG4K3+vI6adeqXr1av69XGjd5HEU4g3O4BA+uoAF30IQWMHiEZ3iFNyd2Xpx352PZWnDymVP4A+fzB0oSjus=</latexit>

⌧3

<latexit sha1_base64="CBVGVBxvVxMcgrQtvZO7+9BKzHk=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oN4KXjxWsB/QhrLZbtq1m2zYnQgl9D948aCIV/+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZVSqGW8yJZXuBNRwKWLeRIGSdxLNaRRI3g7GtzO//cS1ESp+wEnC/YgOYxEKRtFKrR7StH/ZL1fcqjsHWSVeTiqQo9Evf/UGiqURj5FJakzXcxP0M6pRMMmnpV5qeELZmA5519KYRtz42fzaKTmzyoCEStuKkczV3xMZjYyZRIHtjCiOzLI3E//zuimG134m4iRFHrPFojCVBBWZvU4GQnOGcmIJZVrYWwkbUU0Z2oBKNgRv+eVV0rqoerVq7b5Wqd/kcRThBE7hHDy4gjrcQQOawOARnuEV3hzlvDjvzseiteDkM8fwB87nD0uWjuw=</latexit>

⌧4

<latexit sha1_base64="dXo92lhJZKeMCWl4rCommyG1Y7M=">AAAB7XicbVBNS8NAEJ34WetX1aOXxSJ4KokE1FvBi8cK9gPaUDbbTbt2swm7E6GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvTKUw6Lrfztr6xubWdmmnvLu3f3BYOTpumSTTjDdZIhPdCanhUijeRIGSd1LNaRxK3g7HtzO//cS1EYl6wEnKg5gOlYgEo2ilVg9p1vf7lapbc+cgq8QrSBUKNPqVr94gYVnMFTJJjel6bopBTjUKJvm03MsMTykb0yHvWqpozE2Qz6+dknOrDEiUaFsKyVz9PZHT2JhJHNrOmOLILHsz8T+vm2F0HeRCpRlyxRaLokwSTMjsdTIQmjOUE0so08LeStiIasrQBlS2IXjLL6+S1mXN82v+vV+t3xRxlOAUzuACPLiCOtxBA5rA4BGe4RXenMR5cd6dj0XrmlPMnMAfOJ8/TRqO7Q==</latexit>

⌧5

<latexit sha1_base64="X3zEWpt/SIkAolVyGJw0y+PaB+w=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkot4KXjxWsB/QhrLZbtq1m03YnQgl9D948aCIV/+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789hPXRsTqAScJ9yM6VCIUjKKVWj2kaf+yX664VXcOskq8nFQgR6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrqWKRtz42fzaKTmzyoCEsbalkMzV3xMZjYyZRIHtjCiOzLI3E//zuimG134mVJIiV2yxKEwlwZjMXicDoTlDObGEMi3srYSNqKYMbUAlG4K3/PIqaV1UvVq1dl+r1G/yOIpwAqdwDh5cQR3uoAFNYPAIz/AKb07svDjvzseiteDkM8fwB87nD06eju4=</latexit>
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The Area Under the Curve (AUC) 

1 

FPR

<latexit sha1_base64="7rginaTcrdNYPQeDbVncyUcPhg4=">AAAB8XicbVDLSgNBEJyNrxhfUY9eBoPgKexKQL0FBPEYxTwwWcLspJMMmZ1dZnrFsOQvvHhQxKt/482/cZLsQRMLGoqqbrq7glgKg6777eRWVtfWN/Kbha3tnd294v5Bw0SJ5lDnkYx0K2AGpFBQR4ESWrEGFgYSmsHoauo3H0EbEal7HMfgh2ygRF9whlZ66CA8YXpdu5t0iyW37M5Al4mXkRLJUOsWvzq9iCchKOSSGdP23Bj9lGkUXMKk0EkMxIyP2ADalioWgvHT2cUTemKVHu1H2pZCOlN/T6QsNGYcBrYzZDg0i95U/M9rJ9i/8FOh4gRB8fmifiIpRnT6Pu0JDRzl2BLGtbC3Uj5kmnG0IRVsCN7iy8ukcVb2KuXKbaVUvcziyJMjckxOiUfOSZXckBqpE04UeSav5M0xzovz7nzMW3NONnNI/sD5/AGghpDd</latexit>

TPR

<latexit sha1_base64="vv/Tf+A22aJ/aWFKQdOO6JqTfjk=">AAAB8XicbVDLSgNBEJyNrxhfUY9eBoPgKexKQL0FvHiMkhcmS5iddJIhs7PLTK8YlvyFFw+KePVvvPk3TpI9aGJBQ1HVTXdXEEth0HW/ndza+sbmVn67sLO7t39QPDxqmijRHBo8kpFuB8yAFAoaKFBCO9bAwkBCKxjfzPzWI2gjIlXHSQx+yIZKDARnaKWHLsITpvXa/bRXLLlldw66SryMlEiGWq/41e1HPAlBIZfMmI7nxuinTKPgEqaFbmIgZnzMhtCxVLEQjJ/OL57SM6v06SDSthTSufp7ImWhMZMwsJ0hw5FZ9mbif14nwcGVnwoVJwiKLxYNEkkxorP3aV9o4CgnljCuhb2V8hHTjKMNqWBD8JZfXiXNi7JXKVfuKqXqdRZHnpyQU3JOPHJJquSW1EiDcKLIM3klb45xXpx352PRmnOymWPyB87nD7XokOs=</latexit>

1 

•  The area under the ROC curve (called AUC) evaluates the 
model at all possible cut-off points.  

•  The AUC, by summarizing the ROC curve in one measure, 
gives better insights about how well the classifier is able to 
separate the positive and negative classes.  

•  If the blue ROC curve represents an other model (Random 
Forest for instance), we can see from the figure below that the 
red ROC curve (representing Logistic Regression) is better.  

•  The higher the AUC, the better the model. 
 

1 

FPR
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The Gini coefficient (Gini)  
Let us consider the case of a default model, where we aim at identifying defaulting firms from 
features. 
•  So far we have considered the AUC. A subset of it is useful to compute the Gini coefficient. 
•  Gini = (Area F)/(Area E). Gini = 2*ROC - 1 
•  The upper bound is 100%.  
•  Models with better ranking produce higher Gini coefficients 
•  NOTE: these Gini coefficients, like ROC are dataset specific and cannot be compared across 

datasets    
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Going beyond simple Logit models 

•  Logistic regression predicts the conditional distribution of the label                          given the feature 
    vector                    as follows: 
 
 
 
Note that instead of looking for simple weights w*, it is possible to think of an unknown function we wish to 
uncover, but given the size of our dataset, we limit ourselves to the second order of its Taylor expansion. 
While still considering a logistic transformation, we have to estimate the parameters of a quadratic function, 
hence the denomination of “Quadratic Logit” 
 
 
 
 
We could alternatively approximate this unknown function using Gaussian  kernels with spread centres 
In this case, we talk about a “Kernel Logit”. 
 
 
 

Y ⇤ 2 {0, 1}
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P (Y ⇤ = 1 | X⇤ = x⇤) = �(w⇤T

x⇤)
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Comparing their Gini coefficients on an identical dataset 
The Quadratic Logit model looks better, but… 
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Empirically choosing between models: the lending bank case 
We have here 4 competing classification models. A bank has built its own model (SME model) and 
wishes to compare it with various logit models.   They all look to identify defaulting firms considering 
the same sample and the same features. We would like to chose at the same time an optimal model 
and a relevant cut-off to identify defaulting firms.  
In this case a firm labelled 1 is a firm in default 
  
Type 2 error (false negative) = the firm is in default (1) but is predicted as a non defaulter (0) 
 
Caveat: missing a “true defaulter” is much more important from a P&L perspective than assuming a 
firm will default, where as it will not. The choice of the cut-off point will depend on the risk aversion of 
the lending bank! It is likely that the logit model will be preferred, although it is not the best. 
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Bearing in mind the implicit assumptions made to find  
the ‘best model ’ 

When we look to estimate and fit a model using a traditional  Maximum Likelihood approach, looking 
to optimize: 
 
 
  
We in fact make two assumptions: 
1.  The utility function of the user of the model is logarithmic. It is not a bad assumption, but far from 

a perfect one 
2.  Success and errors carry the same weight, which is not always the case, as seen on the 

previous slide. 
 
The consequence is that different fitted models optimised through an MLE process may not 
lead to an optimal decision process for people having specific preferences. 
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A model may be preferable to another due to the size of the 
dataset available 
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Generalizing to Multiclass Classification 
•  The generalization of to the multiclass setting (i.e classifying into one of K categories with K greater than 

2) can easily be achieved by the One Over All (OOA) approach, 

•  The OOA approach consists in turning the multiclass classification problem into K binary classification 
ones as follows:  

•  For each class k among the K possible classes, we can create K new datasets by keeping the same 
input data X and turning the target data Y into a binary one : positive for the class k and negative for 
all the other classes.  

•  You can then train K binary classifiers                       ,   , where each        is associated to the class  
•  At prediction time, for each new sample, the prediction is given by selecting randomly one of the 

classes       for which the classifier          predicted a positive output.   
•  Let’s take an example with             : 

Original Training targets 

(Ck)k2{1,...K}
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C2

<latexit sha1_base64="w9Qkv2wdTa8qkOkQ7y4wBE46Oc8=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyUgrordOOygn1AO5ZMmmlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJR0eJIrRNIh6pXoA15UzStmGG016sKBYBp91g2sz87iNVmkXy3sxi6gs8lixkBBsrPQwENhOCedqcD2ulYbniVt0F0DrxclKBHK1h+WswikgiqDSEY637nhsbP8XKMMLpvDRINI0xmeIx7VsqsaDaTxep5+jCKiMURso+adBC/b2RYqH1TAR2MkupV71M/M/rJya89lMm48RQSZaHwoQjE6GsAjRiihLDZ5ZgopjNisgEK0yMLSorwVv98jrp1KpevVq/q1caN3kdRTiDc7gED66gAbfQgjYQUPAMr/DmPDkvzrvzsRwtOPnOKfyB8/kD2xWSEA==</latexit>

C3

<latexit sha1_base64="Dp23kV0gWpUql8obk5RVbd+i+nM=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsxoQd0VunFZwT6gHUsmzbShSWZIMkoZ+h9uXCji1n9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCoraNEEdoiEY9UN8CaciZpyzDDaTdWFIuA004waWR+55EqzSJ5b6Yx9QUeSRYygo2VHvoCmzHBPG3MBpelQbniVt050CrxclKBHM1B+as/jEgiqDSEY617nhsbP8XKMMLprNRPNI0xmeAR7VkqsaDaT+epZ+jMKkMURso+adBc/b2RYqH1VAR2Mkupl71M/M/rJSa89lMm48RQSRaHwoQjE6GsAjRkihLDp5ZgopjNisgYK0yMLSorwVv+8ippX1S9WrV2V6vUb/I6inACp3AOHlxBHW6hCS0goOAZXuHNeXJenHfnYzFacPKdY/gD5/MH3JqSEQ==</latexit>

Labels for  

Labels for  

Labels for  

C1

<latexit sha1_base64="JmIKZdO7xIb8f2mbzbFx+f43azw=">AAAB9XicbVBNSwMxFHxbv2r9qnr0EiyCp7IrBfVW6MVjBdsK7Vrepmkbms0uSVYpS/+HFw+KePW/ePPfmG33oK0DgWHmPd5kglhwbVz32ymsrW9sbhW3Szu7e/sH5cOjto4SRVmLRiJS9wFqJrhkLcONYPexYhgGgnWCSSPzO49MaR7JOzONmR/iSPIhp2is9NAL0YwpirQx63ulfrniVt05yCrxclKBHM1++as3iGgSMmmoQK27nhsbP0VlOBVsVuolmsVIJzhiXUslhkz76Tz1jJxZZUCGkbJPGjJXf2+kGGo9DQM7maXUy14m/ud1EzO88lMu48QwSReHhokgJiJZBWTAFaNGTC1BqrjNSugYFVJji8pK8Ja/vEraF1WvVq3d1ir167yOIpzAKZyDB5dQhxtoQgsoKHiGV3hznpwX5935WIwWnHznGP7A+fwB2ZCSDw==</latexit>

C2

<latexit sha1_base64="w9Qkv2wdTa8qkOkQ7y4wBE46Oc8=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyUgrordOOygn1AO5ZMmmlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJR0eJIrRNIh6pXoA15UzStmGG016sKBYBp91g2sz87iNVmkXy3sxi6gs8lixkBBsrPQwENhOCedqcD2ulYbniVt0F0DrxclKBHK1h+WswikgiqDSEY637nhsbP8XKMMLpvDRINI0xmeIx7VsqsaDaTxep5+jCKiMURso+adBC/b2RYqH1TAR2MkupV71M/M/rJya89lMm48RQSZaHwoQjE6GsAjRiihLDZ5ZgopjNisgEK0yMLSorwVv98jrp1KpevVq/q1caN3kdRTiDc7gED66gAbfQgjYQUPAMr/DmPDkvzrvzsRwtOPnOKfyB8/kD2xWSEA==</latexit>

C3

<latexit sha1_base64="Dp23kV0gWpUql8obk5RVbd+i+nM=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsxoQd0VunFZwT6gHUsmzbShSWZIMkoZ+h9uXCji1n9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCoraNEEdoiEY9UN8CaciZpyzDDaTdWFIuA004waWR+55EqzSJ5b6Yx9QUeSRYygo2VHvoCmzHBPG3MBpelQbniVt050CrxclKBHM1B+as/jEgiqDSEY617nhsbP8XKMMLprNRPNI0xmeAR7VkqsaDaT+epZ+jMKkMURso+adBc/b2RYqH1VAR2Mkupl71M/M/rJSa89lMm48RQSRaHwoQjE6GsAjRkihLDp5ZgopjNisgYK0yMLSorwVv+8ippX1S9WrV2V6vUb/I6inACp3AOHlxBHW6hCS0goOAZXuHNeXJenHfnYzFacPKdY/gD5/MH3JqSEQ==</latexit>

Training Prediction  

x⇤

<latexit sha1_base64="n7LY/BxIPS+U1h8X/CKeqAyoyZE=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoMgHsKuBNRbwIvHiOYBSQyzk95kyOzsMjMrhiWf4MWDIl79Im/+jZNkD5pY0FBUddPd5ceCa+O6305uZXVtfSO/Wdja3tndK+4fNHSUKIZ1FolItXyqUXCJdcONwFaskIa+wKY/up76zUdUmkfy3oxj7IZ0IHnAGTVWunt6OOsVS27ZnYEsEy8jJchQ6xW/Ov2IJSFKwwTVuu25semmVBnOBE4KnURjTNmIDrBtqaQh6m46O3VCTqzSJ0GkbElDZurviZSGWo9D33aG1Az1ojcV//PaiQkuuymXcWJQsvmiIBHERGT6N+lzhcyIsSWUKW5vJWxIFWXGplOwIXiLLy+TxnnZq5Qrt5VS9SqLIw9HcAyn4MEFVOEGalAHBgN4hld4c4Tz4rw7H/PWnJPNHMIfOJ8//xGNlg==</latexit>

New point 

C1

<latexit sha1_base64="JmIKZdO7xIb8f2mbzbFx+f43azw=">AAAB9XicbVBNSwMxFHxbv2r9qnr0EiyCp7IrBfVW6MVjBdsK7Vrepmkbms0uSVYpS/+HFw+KePW/ePPfmG33oK0DgWHmPd5kglhwbVz32ymsrW9sbhW3Szu7e/sH5cOjto4SRVmLRiJS9wFqJrhkLcONYPexYhgGgnWCSSPzO49MaR7JOzONmR/iSPIhp2is9NAL0YwpirQx63ulfrniVt05yCrxclKBHM1++as3iGgSMmmoQK27nhsbP0VlOBVsVuolmsVIJzhiXUslhkz76Tz1jJxZZUCGkbJPGjJXf2+kGGo9DQM7maXUy14m/ud1EzO88lMu48QwSReHhokgJiJZBWTAFaNGTC1BqrjNSugYFVJji8pK8Ja/vEraF1WvVq3d1ir167yOIpzAKZyDB5dQhxtoQgsoKHiGV3hznpwX5935WIwWnHznGP7A+fwB2ZCSDw==</latexit>

C2

<latexit sha1_base64="w9Qkv2wdTa8qkOkQ7y4wBE46Oc8=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyUgrordOOygn1AO5ZMmmlDk8yQZJQy9D/cuFDErf/izr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJR0eJIrRNIh6pXoA15UzStmGG016sKBYBp91g2sz87iNVmkXy3sxi6gs8lixkBBsrPQwENhOCedqcD2ulYbniVt0F0DrxclKBHK1h+WswikgiqDSEY637nhsbP8XKMMLpvDRINI0xmeIx7VsqsaDaTxep5+jCKiMURso+adBC/b2RYqH1TAR2MkupV71M/M/rJya89lMm48RQSZaHwoQjE6GsAjRiihLDZ5ZgopjNisgEK0yMLSorwVv98jrp1KpevVq/q1caN3kdRTiDc7gED66gAbfQgjYQUPAMr/DmPDkvzrvzsRwtOPnOKfyB8/kD2xWSEA==</latexit>

C3

<latexit sha1_base64="Dp23kV0gWpUql8obk5RVbd+i+nM=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsxoQd0VunFZwT6gHUsmzbShSWZIMkoZ+h9uXCji1n9x59+YaWehrQcCh3Pu5Z6cIOZMG9f9dgpr6xubW8Xt0s7u3v5B+fCoraNEEdoiEY9UN8CaciZpyzDDaTdWFIuA004waWR+55EqzSJ5b6Yx9QUeSRYygo2VHvoCmzHBPG3MBpelQbniVt050CrxclKBHM1B+as/jEgiqDSEY617nhsbP8XKMMLprNRPNI0xmeAR7VkqsaDaT+epZ+jMKkMURso+adBc/b2RYqH1VAR2Mkupl71M/M/rJSa89lMm48RQSRaHwoQjE6GsAjRkihLDp5ZgopjNisgYK0yMLSorwVv+8ippX1S9WrV2V6vUb/I6inACp3AOHlxBHW6hCS0goOAZXuHNeXJenHfnYzFacPKdY/gD5/MH3JqSEQ==</latexit>

1

<latexit sha1_base64="eK8cy102yRe3vyck5yzadDkCCEY=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN4KXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTto5TxbDFYhGrbkA1Ci6xZbgR2E0U0igQ2Akmd3O/84RK81g+mGmCfkRHkoecUWOlpjcoV9yquwBZJ15OKpCjMSh/9YcxSyOUhgmqdc9zE+NnVBnOBM5K/VRjQtmEjrBnqaQRaj9bHDojF1YZkjBWtqQhC/X3REYjradRYDsjasZ61ZuL/3m91IQ3fsZlkhqUbLkoTAUxMZl/TYZcITNiagllittbCRtTRZmx2ZRsCN7qy+ukfVX1atVas1ap3+ZxFOEMzuESPLiGOtxDA1rAAOEZXuHNeXRenHfnY9lacPKZU/gD5/MHei6Msw==</latexit>

1

<latexit sha1_base64="eK8cy102yRe3vyck5yzadDkCCEY=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN4KXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTto5TxbDFYhGrbkA1Ci6xZbgR2E0U0igQ2Akmd3O/84RK81g+mGmCfkRHkoecUWOlpjcoV9yquwBZJ15OKpCjMSh/9YcxSyOUhgmqdc9zE+NnVBnOBM5K/VRjQtmEjrBnqaQRaj9bHDojF1YZkjBWtqQhC/X3REYjradRYDsjasZ61ZuL/3m91IQ3fsZlkhqUbLkoTAUxMZl/TYZcITNiagllittbCRtTRZmx2ZRsCN7qy+ukfVX1atVas1ap3+ZxFOEMzuESPLiGOtxDA1rAAOEZXuHNeXRenHfnY9lacPKZU/gD5/MHei6Msw==</latexit>

0

<latexit sha1_base64="YTzq1cdqlgTJcasf9e4AAMYwEdM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN4KXjy2YD+gDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ylsbG5t7xR3S3v7B4dH5eOTto5TxbDFYhGrbkA1Ci6xZbgR2E0U0igQ2Akmd3O/84RK81g+mGmCfkRHkoecUWOlpjsoV9yquwBZJ15OKpCjMSh/9YcxSyOUhgmqdc9zE+NnVBnOBM5K/VRjQtmEjrBnqaQRaj9bHDojF1YZkjBWtqQhC/X3REYjradRYDsjasZ61ZuL/3m91IQ3fsZlkhqUbLkoTAUxMZl/TYZcITNiagllittbCRtTRZmx2ZRsCN7qy+ukfVX1atVas1ap3+ZxFOEMzuESPLiGOtxDA1rAAOEZXuHNeXRenHfnY9lacPKZU/gD5/MHeKqMsg==</latexit>

Predictions 
Random  
Selection 

Class 3 Final Prediction 

K = 3

<latexit sha1_base64="2gWqj3g33W52qNLcWOdWUov7Hs4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0k0oBeh4EXwUsG0hTaUzXbTLt3sht2NUEJ/gxcPinj1B3nz37htc9DWBwOP92aYmRelnGnjut9OaW19Y3OrvF3Z2d3bP6geHrW0zBShAZFcqk6ENeVM0MAww2knVRQnEaftaHw789tPVGkmxaOZpDRM8FCwmBFsrBTcoxt02a/W3Lo7B1olXkFqUKDZr371BpJkCRWGcKx113NTE+ZYGUY4nVZ6maYpJmM8pF1LBU6oDvP5sVN0ZpUBiqWyJQyaq78ncpxoPUki25lgM9LL3kz8z+tmJr4OcybSzFBBFovijCMj0exzNGCKEsMnlmCimL0VkRFWmBibT8WG4C2/vEpaF3XPr/sPfq3hF3GU4QRO4Rw8uIIG3EETAiDA4Ble4c0Rzovz7nwsWktOMXMMf+B8/gBAtY2g</latexit>
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In the end, in the case of a supervised learning approach, fitting a model always boils down to optimising 
an objective function. 

There are many ways to define an objective function and it will always depend on the error measure used. 

Below, we list some of them in a non exclusive manner. It is important to realise that there is not a unique 
relevant measure. 

•  Quality of fit / loss measures: there are in fact many different loss functions such as mean square 
error (MSE), mean absolute error (MAE), R^2, Kullback-Leibler divergence (KL) , Signal to Noise Ratio 
(SNR) 

⇒  They assume an implicit utility function ( for instance the difference between the MSE and the MAE is 
related to the relative importance of small v.s. large losses) 

⇒  Note that some measures are  related to a group of observations irrespective of their underlying 
distribution (MSE, MAE, R^2, SNR) while other measures are related to distributions (KL) 

•  Classification measures: ROC/AUC, Accuracy, Precision/Recall, Hit Ratio  

⇒  These measures depend on the dataset used and are not comparable across datasets 

⇒  Some of these measures enable the modeller to use differentiated rewards / penalties for successes 
& failures with differentiated cost functions. This again equivalent to assuming a utility function 

Take away 



Imperial means Intelligent Business Imperial College Business School 48 

 Go to the following link and take Quiz 1 :   
 
 
       https://mlfbg.github.io/MachineLearningInFinance/ 
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Programming Session 


