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Abstract

In insurance market, predicting the retention is one key step to define strategies to obtain
more clients as well as understand possible features that can prevent cancellation from
current clients. Therefore, it exists a demand to have the best efficient modelling system
that would lead to determinate better the needs of the market.
This project is one of those attempts, it selects three different models to be compared and
chooses which of them behaves the best. The selected three models are: One belongs to
the Generalised Linear Model (GLM), the Logistic Regression and two Machine Learn-
ing Algorithms, the Extreme Gradient Boosting (xGBoost) and the Light Gradient Boost
(Light GBM). To evaluate those models, classifications such as Area Under the Curve
(AUC), Receiver Operating Characteristic Curve (ROC Curve) and Accuracy were used
as well as the McNemar’s Test. This report also investigates ways to gain better knowl-
edge about the Motor Insurance Portfolio, performing an Exploratory Data Analysis. It
also covers methods of Feature Engineering to deal with data issues, such as missing data
and with categorical variables. To obtain further improvements of the data, it was sug-
gested two types of methods of training and testing split.
This analysis shows that the most efficient training and testing methods is randomly select
80% of each month of the whole data set as a training set and the remaining as a testing
set. It also concludes that the best retention model is the Light Gradient Boost, with very
small difference from the Extreme Gradient Boosting. Those Machine Learning Algo-
rithms performed significantly better than the traditional Logistic Regression. The model
evaluations performed were mostly successful in discovering the differences between the
models.

Keywords: Motor Insurance, Retention, Logistic Retention, Machine Learning, Extreme
Gradient Boosting, Light Gradient Boost, Training and Testing, AUC, ROC Curves, Mc-
Nemar’s Test.

ii



Resumo

No mercado de seguradoras, prever a retenção é uma etapa importante para definir es-
tratégias de forma a obter mais clientes, tal como, entender possíveis características que
possam prever o cancelamento dos clientes atuais. Sendo assim, existe a necessidade de
obter modelos mais eficientes e rigorosos para a necessidades do mercado.
Este projeto é uma dessas tentativa pois seleciona três modelos diferentes para serem
comparados e escolhe o que têm melhor resultados. Os três modelos selecionados são:
Um pertence ao Modelos Lineares e Generalizados (GLM), a Regressão Logística, e
dois modelos de Machine Learning Algorithms, o Extreme Gradient Boosting (xGBoost)
e o Light Gradient Boost (Light GBM). Para avaliar os modelos, classificações como
Area Under the Curve (AUC), Receiver Operating Characteristic Curve (ROC Curve)
e Exatidão são usados tal como o Teste de McNemar. Este relatório também investiga
maneiras de aprofundar o conhecimento da carteira de seguro de automóvel, realizando
uma Análise Exploratória dos Dados. Métodos de Feature Enginering foram usados para
lidar com problemas de valores omissos e variáveis categóricas. Com objetivo de melhor
os dados, foi sugerido dois tipos de métodos para a divisão de treino e teste.
Nesta análise foi descoberto que o método mais eficiente de divisão de treino e teste é
selecionar aleatoriamente 80% de cada mês para toda a base de dados como conjunto
de treino e o restante como conjunto de teste. Também se encontrou o melhor modelo
de demanda que é o Light Gradient Boost, com diferenças mínimas do Extreme Gradi-
ent Boosting. Os modelos de Machine Learning Algorithms obtiveram resultados mais
significativos que a tradicional Regressão Logística. A comparação dos modelos foi bem-
sucedida em desvendar as diferenças entre os modelos.

Keywords: Seguro Automóvel, Retenção, Regressão Logística, Machine Learning, Ex-
treme Gradient Boosting, Light Gradient Boost, Treino e Teste, Correlação de Person,
Cramér’s V, AUC, ROC Curves, Teste de McNemar.
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Diana Montrond 1 INTRODUCTION

Chapter 1

1 Introduction

The focus of this report is to address the project made during the internship at Liberty
Seguros for the Portugal Demand Modelling team affiliated with Liberty Mutual Western
European Market. The internship had a duration of 5 months, from March 2021 to July
2021.
The primary assignment of this experience was to develop this project as a Master’s Final
Work, the secondary assignments involved understanding the Motor Business and Motor
Data in Portugal, develop skills in software such as Earnix and Python for modelling and
deploy Demand models namely for Retention, Churn and Negotiation models. It also in-
cluded validating Risk Models, both Frequency and Severity Models, and finalising with
an impact analysis of the Risk Models and Demand Models on the companies objectives.
This project mainly consisted in exploring several tasks in order to perform a better esti-
mation of the client’s retention for the motor insurance portfolio. The tasks are: Research-
ing better ways to distribute the data set in a diverse way to obtain as most information as
possible; Find the best features to predict the retention; Explore different machine learn-
ing algorithms; Compare our results to the standard and usual regressions approaches in
the modelling world.

1.1 Motivation

The main focus of this project consisted in demystifying the “black-box” characteristic
that Machine Learning models tend to have for the insurance models as well as exhibit the
performing results when compared to more usual models, like the Logistic Regression.

1



Diana Montrond 1 INTRODUCTION

1.2 Objectives

The objectives of this project are listed bellow in a sequential order of how they are being
addressed in this report:

• To carry out an Exploratory Data Analysis of a motor retention portfolio data set
with the aim of understanding possible features used for retention models in insur-
ance business. Additionally conduct feature engineering to comply with missing
values and with categorical variables for Machine Learning Algorithms.

• To investigate different methods for splitting the data into training and testing mainly
used to validate the performance of the models.

• To implement different frameworks while exploring algorithmic options to predict
the retention when using a Motor Insurance portfolio. The main frameworks are
the Extreme Gradient Boosting Algorithm (xGBoost) and Light Gradient Boost
Algorithm (Light GBM) along with contrasting them with a Logistic Regression.

• To compare the models implemented by using classifications such as ROC Curves,
AUC and Accuracy, and by using more traditional statistical tests such as the Mc-
Nemar’s Test with the purpose of evaluating the best possible model for predicting
the retention.

1.3 Structure

This report is organised in 5 chapters, Chapter 1 is the Introduction, Chapter 2 refers to the
software used through the analysis as well as detailed data description. Chapter 3 involves
an explanation of the methods used during the Exploratory Data Analysis together with
the exhibition and interpretation of the results. This Chapter also mentions the variable
treatment of the covariates used in the modelling stage and presents the different method-
ologies of partition applied in the data set.
Next Chapter 4 includes the presentation of the three models, Logistic Regression, Ex-
treme Gradient Boosting and Light Gradient Boost, as well as the methodologies of model
evaluation, classification and tests. To finalise this chapter, the results and their interpre-
tation were presented. Chapter 5 is a conclusion of the findings of this report along with
the possible next steps.

2



Diana Montrond 2 SOFTWARE AND DATA

Chapter 2

2 Software and Data

The software SAS 1 was used to obtain the data set which had already been trough some
cleaning and treatment by the IT team of the Liberty Seguros, to ensure the highest quality
to the following analysis. The analysis and modelling for the retention was performed in
the software Python 2.
The data set includes the Liberty’s client portfolio of twelve months of renewals. In this
database twenty variables were selected. Our data base contains 14 quantitative and 6

qualitative variables.
The quantitative variables are: Feature 2, Feature 3, Feature 7, Feature 8, Feature 9, Fea-
ture 11, Feature 12, Feature 13, Feature 14, Feature 15, Feature 16, Feature 17, Feature 18
and Feature 20. These values hold the information of Premium, Agent and Client related
details, such as Loss Ratio and Renewals and Population characteristics.
In terms of qualitative variables, they are: Feature 1, Feature 4, Feature 5, Feature 6,
Feature 10 and Feature 19. These variables contain the following information: Historical
and Payment Behaviour, Client details and Bonus-Malus organisation. There is a single
variable that is a date variable named year month renew, which relates the month of
renew of the policyholder.
It is important to mention that due to confidentiality reasons these variables have a small
description of their true meaning and have suffered some changes in the values, the contin-
uous variables were multiplied by a factor and for the categorical variables the respective
levels were transformed in anonymous levels, therefore it could provide some privacy and
security for the company’s when disclosure some of the results mentioned in the succeed-
ing chapters.

1https://support.sas.com/en/software/enterprise-guide-support.html
2https://www.python.org/
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Chapter 3

3 Exploratory Data Analysis

Before modelling there is an important step that should be done, namely to investigate
and to understand our data set so we can choose the best options when modelling. We
also need to pay attention to possible drawbacks of some variables. Given this, the focus
of this section will be analysing and interpreting the behaviour of the covariates used in a
retention portfolio for a motor insurance business along with presenting the methods used
to solve various problems that happen at this stage.

3.1 Individual Analysis

The exploratory data analysis will mainly consist in displaying visualisations for one of
each type of covariate against the target variable.
Considering the categorical variables, the visualisations are not as complex as for the non-
categorical, a possible visualisation is the bar chart. To extract more insights of each level
distribution by the target variable, the variables were also plotted against the target giving
for each level the percentage of retention, showing possible differences among levels.
For numerical variables it was used the box-plot and histogram.

3.1.1 Results

Due to confidential purposes we will only show the analysis for some variables although
all variables went through the same process.
Figure 1 illustrates how the client’s portfolio retention behaves during the twelve months.
This graph shows the percentage of the the retention(in the red line and right scale) and
the exposure(in the bars and left scale) of each month. This can be seen bellow.

4
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FIGURE 1: Combine bar and line chart for the number of policies and percentage of re-
tention against the month of renew.

Figure 1 shows that during the twelve months the number of policies under renewals
are more or less constant, reaching two peeks in July and December, although for the
percentage of retention it can be seen that higher rates happen in May and June while the
lower rates happen in January and November. Even tough the graph scale may indicate a
very high difference between the months, once looked to the right scale, it shows that it is
between 86.70% and 94.33%. Given that, the proportion of retention are not very volatile.
This is reinforced by the minimum and maximum having less than 8% of difference. The
mean percentage of retention is 90%.
To illustrate a categorical variable, Feature 4 was chosen. It has six levels and even though
there are categorical variables with less levels it is a good choice for a deep analysis. Fig-
ure 2 shows the bar chart and the bar chart by target for this feature.
In graph (a) of Figure 2 it can be seen that the level G2 is the most common group of this
covariate with a really large difference when compared to the other’s levels, although the
remaining variables seem to be at similar values, besides G6 that has almost no observa-
tions. This indicates that most of the clients are inserted on the level G2. To investigate
the effect of these levels on the target, the graph (b) of Figure 2 show them in a descendant
ranking system, where the level that has the most retention appears first following after,
the levels with smaller retention. Considering that, even with the differences shown in the
previous graph, the retention does not have large differences between levels. To be more
exact, the retention in level G2, the highest, is 82% while the level G6 is nearly 70%.

5
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Given that we predicting proportions, those small differences may be precise to obtain
more accurate results. This will be checked in later stages of this report at the modelling
stage chapter.

(a) Bar Chart for Feature 4

(b) Retention Rate by Feature 4

FIGURE 2: Categorical Graphs for Feature 4.

To illustrate the analysis of a numerical variable, we chose Feature 11 whose behaviour
is more interesting to investigate given the nature of the variable being the number of re-
newals. The first graph for this covariate is an histogram.
Figure 3 shows a histogram where most of the observations are included in the intervals
[0; 5[, combining with the decreasing shape, it indicates that this variable tends to not have
very large observations. The rates of retention for each class were obtained separately and
indicates that the rates tend to be higher for when the number of renewals are greater than
6. Taking a look for the higher values, it seems to be well adjusted not having extreme
values, but this will be checked in the next graph.

6
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FIGURE 3: Histogram for Feature 11.

For finalising this section, we have the last figure shown below.

FIGURE 4: Box-Plot for Feature 11.

The box-plot in Figure 4 shows that the Median of this covariate is 5 and 3rdQuantile is
7 which indicates that 75% of the sample distribution is smaller than 7, suggesting, once
again, that this variable does not tend to have higher values. For the potential outliers that
are shown, given the nature of the variable they cannot be considered as outliers. Those
values give us important information of how clients are behaving when comes to retaining
for one more year.

7
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3.2 Correlation & Association Analysis

Managing the correlation between the variables is important to prevent bias or over-fitting
in the modelling stages, therefore one of the crucial parts of the exploratory data analysis
is to calculate the correlations among the variables and for an easier understanding of the
results.

3.2.1 Person’s Correlation

In terms of continuous variables, the most famous method which is applied to this analysis
was the Person’s Correlation, that is a measure of linear correlation between two variables
x and y, denoted as r(x,y). The correlation coefficient formula is defined in (3.1).

r(x,y) =
sx,y
sxsy

(3.1)

Where sx,y stands for the covariance between variables x and y while sx and sy for the
standard deviation of x and y, respectively.

3.2.2 Cramér’s V

To explore possible correlation between categorical variables, we use was the Cramér’s
V coefficient, ϕc, [Anderson et al. (2007)] that works as measure of association between
two categorical features.

Let’s consider two categorical variables, X and Y which have the following subsets
{x1, x2, · · · , xI} and {y1, y2, · · · , yJ}, respectively. For each variable there are n observa-
tions. Taking into account every possible combination of values (xi, yj), let nij denote the
number of times that combination is shown in the sample. Defining the row and columns
totals, we obtain the succeeding:

ni• =
J∑

j=1

nij and n•j =
I∑

i=1

nij (3.2)

Given that, the Chi-Square Statistic is defined as,

χ2 =
I∑

i=1

J∑
j=1

(
nij−ni•

n
)2

ni•n•j
n

(3.3)

8
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The Cramér’s V statistic, denoted as V or ϕc, is a simple transformation of the Chi-
Squared statistic mentioned in equation (3.3).

V =

√
χ2⧸n

min(I, J)− 1
(3.4)

The result of equation (3.4) should be a numeric value that varies between 0 and 1, where 0
represents no association between the two categorical variables and 1 represents a perfect
association between those variables.

3.2.3 Results

Figure 4 presents the Person’s correlation coefficients for the quantitative variables as an
heat graph. It gives different tones for each value of correlation in order to spot easily the
most significant coefficients.

FIGURE 5: Correlation Plot for all Continuous Variables.

It can be seen in Figure 5 that Feature 7 and Feature 15 are highly correlated, which means
that one of those two variables should be removed in the modelling stages. As explained
before, highly correlated covariates might bring over-fitting to our models, consequently
the decision was to remove Feature 15 since it was found in further analysis to be the less
important feature to predict the retention.

9
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The following table I shows the estimates of Cramér’s V coefficients between all cate-
gorical variables, as it shows the variables are not associated in any level that should be
excluded, therefore it was important to maintain those for further analysis in the project.

Features Feature 1 Feature 4 Feature 5 Feature 6 Feature 10 Feature 19
Feature 1 1 0.0897 0.049 0.0443 0.041 0.362
Feature 4 0.0897 1 0.1513 0.0412 0.1204 0.0528
Feature 5 0.049 0.1513 1 0.0497 0.1078 0.0193
Feature 6 0.0443 0.0412 0.0497 1 0.191 0.0459
Feature 10 0.041 0.1204 0.1078 0.191 1 0.0387
Feature 19 0.362 0.0528 0.0193 0.0459 0.0387 1

TABLE I: Cramér’s V Coefficients Matrix for the Categorical Variables.

3.3 Feature Engineering

One of the biggest problems when modelling is dealing with missing values on the given
data set. The reasons for the existence of the missing values could vary and it is crucial
to obtain the most valuable information possible contained in the covariates so we can
achieve the best results in the modelling stages. The information obtained for the missing
values in this data set were mainly originated by non-information in the policies. To
solve this, our approach was to replace the missing values for the continuous variables
by the median of the variable, in order to not be influenced by the extreme values that
such variables can contain. For the categorical variables our approach was to add a new
category for the missing’s named "Missing".
To model machine learning algorithms there is a need to pay special attention to the
categorical variables. Given that the usual dummy variable method does not give the best
results, it is important to search for more complex methods, for that matter, the approach
chosen was the target label encoding. The target encoding [Micci-Barreca (2001)] is a
numeration of categorical variables via target. In this method, the categorical variable
is replaced with just one new numerical variable, where we replace each level of the
categorical variable with its corresponding probability of the target. Instead of having a
covariate with levels such as Y1, Y2, Y3 and Y4, we replace those values with probability
associated with the corresponding occurrence probability of the target within each level.
As we can see in the following table II as an example.

10
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Feature 1 Target : Renew New Feature 1
Y1 1 0.6
Y1 1 0.6
Y3 1 0.75
Y2 0 0.5
Y4 1 0.75
Y1 0 0.6
Y2 1 0.5
Y1 0 0.6
Y4 1 0.75
Y4 0 0.75
Y1 1 0.6

TABLE II: Example Table of the Target Encoding Application.

The main drawbacks of this method is its dependency to the distribution of the target and
in the perspective of deployment, would be updating the historical information. Once this
is settled, the data is ready for the modelling stage.

3.4 Training & Testing

The major problems of modelling are dealing with over-fitting and the possibility that the
model memorises the behaviour of the data. Such can happen when there is a full usage
of our whole data set. This may lead to bad performances in unseen data. For that reason
there is an urgent need to follow the approach of the train-test split methods before creat-
ing the models. The training and testing for insurance models will ensure that models are
behaving correctly and will measure the adaptation of the model on unknown data.
One of the main reasons to do this project was with the intention to explore different tech-
niques, two of them are presented here and tested. The first methodology was presented
by the company and worked by selecting the first nine months, from January to Septem-
ber, for the train set and the remain three months, from October to December, for test set,
shown in Figure 6.

FIGURE 6: Partition Demonstration for the First Methodology.

11
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This approach has an easy implementation and would capture all the information of those
train months. Although it may be overlooking the seasonality that some of the months
in the different set may contain (see Figure 1). For that reason, a new approach was
implemented where a percentage of the data was selected in each month for the training
data set and the remaining percentage was for the testing data.

The partition chosen for this split was 80% to the training data set and 20% to the testing
data set. This can be seen in the next Figure 7.

FIGURE 7: Partition Demonstration for the Second Methodology.

12
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Chapter 4

4 Modelling

Since the main objective is to compare different frameworks for modelling the retention
for clients in the company’s portfolio, this section explains the theory behind of them.
As mentioned in previous chapters, the models considered were Logistic Regression, Ex-
treme Gradient Boost (xGBoost) and Light Gradient Boosting Machine (Light GBM).

4.1 Logistic Regression

The logistic regression is a common model for modelling these type of problems in insur-
ance Guillen et al. (2003) and it will be used as a benchmark account for further compar-
isons with the Machine Learning models.
The Logistic Regression [Murphy et al. (2000)] is a Generalised Linear Model [Nelder &
Wedderburn (1972)], this means it has the following form:

Y = h(Xβ) + ϵ (4.1)

where h is a monotonic function and Y is distributed to a selected exponential family of
distributions. X is called the design matrix and it holds the information of the covariates.

X =


1 x11 x12 · · · x1p

1 x21 x22 · · · x2p

...
...

... . . . ...
1 xn1 xn2 · · · xnp


where xij denotes the jth feature and ith observation in the data set, p is the number of
features and n the total number of observations in the data set.

13
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Let η represent the linear predictor that is given by:

η = Xβ = β0 + β1x1i + β2xi2 + · · ·+ βpxip (4.2)

where {β0, β1, · · · , βp} are the regression coefficients and the regression coefficient vec-
tor is β =

[
β0 β1 · · · βp

]T . The vector xi is defined as xi =
[
1 xi1 · · · xip

]T . The
link function is set as g(µ) = η where µ represents transformation of the linear predictor
that is given by h(Xβ).
Given the nature of our problem, Y has a binary response that has the following output:

Y =

0, if the Policyholder cancels the Policy

1, if the Policyholder renews the Policy

where Y ∼ Bernoulli(µ).

The goal of the model is to predict the occurrence of retention which can be settled as a
conditional probability of a renewal P (Y = 1|X) = µ.
To set a Logistic Regression the chosen link function is the logit link function, so we
obtain the equation (4.3) as a function of g(µ).

g(µ) = ln
( µ

1− µ

)
(4.3)

Consequently our regression model can be defined as:

ln
( µ

1− µ

)
= β0 + β1x1i + β2xi2 + · · ·+ βpxip = βTxi (4.4)

Through general computation, the regression model can be obtained in 4.5 and is shown
bellow,

µ(x,β) =
eβ

Tx

1 + eβTx
(4.5)

This results on a odds of occurrence output, this conducts to a natural interpretation of
the coefficients description on the effects of our predictor. If βj is positive then there’s a
increasing effect on the predictor for x increases, if βj is negative the there’s a decrease
effect on the predictor in case if x increases.

14
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4.2 Extreme Gradient Boosting Algorithm

The first model to be used is the Extreme Gradient Boosting [Chen & Guestrin (2016)].
The nature of this algorithm is predictive modelling that mainly focus on predicting Y,
our response variable, by using the predictors, also known as features, X. To build the
model we need the response variable, Y and a set of covariates X = {X1,X2, · · · ,Xm}
as well as a set of data given by D = {(Y1,X1), (Y2,X2), · · · , (Yn,Xm)} where n is the
total number of observations in the data set and the sample is assumed to be independent
and identically distributed.
The prediction model is produced by a form of ensemble of weak predictors like decision
trees. From this, a tree assembles a model with the given equation (4.6) that assumes K
additive functions to predict the output.

ŷi = ϕ(xi) =
K∑
k=1

fk(xi), fk ∈ F (4.6)

where F = {f(x) = wq(x)}(q : Rm → T,w ∈ RT ) is the space of regression trees,
q represents the structure of each tree that maps an example to the respective leaf index,
T is the number of leaves in the tree. Each fk represents an independent tree structure q

and leaf weights w. Each of this regression trees records a continuous score of each leaf,
denoted as wi. In order to obtain optimal prediction, we need to minimise the regularised

objective function shown bellow:

L(ϕ) =
∑
i

l
(
ŷi, yi

)
+
∑
k

Ω(fk) (4.7)

where Ω(f) = γT +
1

2
λ∥w∥2

l is a loss function which penalises the the difference between the prediction ŷi and the
target yi. The second term Ω penalises the complexity of the model. This additional
regularisation makes sure to smooth the final learnt weights to avoid over-fitting.

Following once again the [Chen & Guestrin (2016)], we can summarise the implemen-
tation of the Extreme Gradient Boosting which is based on the following two algorithms
and enumerates over all the possible splits on all the features. Algorithm 1 in Figure 8
represents the exact greedy algorithm, it enumerates all the possible splits for continuous
features.
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FIGURE 8: Exact Greedy Algorithm for Split Finding for Extreme Gradient Boosting.
Source:[Chen & Guestrin (2016)]

Algorithm 2 in Figure 9 represents the Approximate Algorithm, it proposes candidate
splitting points according to percentiles of feature distribution.

FIGURE 9: Approximate Algorithm for Split Finding for Extreme Gradient Boosting.
Source:[Chen & Guestrin (2016)]

The algorithm, in Figure 9, maps the continuous features into buckets split by these can-
didate points and aggregates the statistics to find the best solution among proposals based
on the aggregated statistics. Once found the best optimal tree, the output of this algorithm
contains the AUC (Area Under the Curve) which will be explained in the next sections.

16



Diana Montrond 4 MODELLING

4.3 Light Gradient Boost Algorithm

As a good contender for the Extreme Gradient Boosting, we have the Light Gradient
Boosting [Ke et al. (2017)] which follows the same process as the Extreme Gradient
Boosting Algorithm as a decision tree-based algorithm. However the Light Gradient
Boosting elaborates more precise algorithms to deal with continuous and categorical vari-
ables, which are the Gradient-based One-Side Sampling(GOSS) algorithm and Histogram
Algorithm.
The GOSS is a predictive modelling algorithm to predict our response variable, Y, by us-
ing a data set given by n independent and identically distributed sample, {x1, x2, · · · , xn},
where each xi is a vector of dimension s in space of X s. For each interaction of gradi-
ent boosting, the negative gradients of the loss function with respect to the output of the
model are denoted as {g1, g2, · · · , gn}.
The ranking method consists in ranking the train instances according to the absolute val-
ues of their gradients in descending order and keeping the top a × 100% instances with
the larger gradients and get an instance subset A. The remaining set Ac,(1−a)×100% in-
stances, with smaller gradients, are randomly sampled with a subset B with size b× |Ac|.
Ultimately, the instances are split according to the estimated variance gain Ṽj(d) over the
subset A ∪B, i.e.,

Ṽj(d) =
1

n

((∑
xi∈Al

gi +
1−a
b

∑
xi∈Bl

gi
)2

nj
l (d)

+

(∑
xi∈Ar

gi +
1−a
b

∑
xi∈Br

gi
)2

nj
r(d)

)
(4.8)

where Al = {xi ∈ A : xij ≤ d}, Ar = {xi ∈ A : xij > d}, Bl = {xi ∈ B : xij ≤ d},
Br = {xi ∈ B : xij > d}, and the coefficient 1−a

b
is used to normalise the sum of the

gradients over B back to the size of Ac.
To execute this Gradient-based One-Side Sampling Algorithm, the implementation is
shown in the following figure.
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FIGURE 10: Gradient-based One-Side Sampling for Light Gradient Boost.
Source: [Ke et al. (2017)]

Overall, the algorithm uses the gradient of each data instance as a proxy for sample weight
and then drops the samples with low gradient, holding the subset A with the highest gra-
dients, with the purpose of saving computing time during the search for the best split.
Algorithm 2 in Figure 10 represents the Histogram-based Algorithm, as the name indi-
cates it produces an histogram where the bins record the feature values.
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FIGURE 11: Histogram-based Algorithm for Light Gradient Boost.
Source: [Ke et al. (2017)]

The second Algorithm in Figure 11 allocates every feature value in the data set into a set
of bins. Once those are created, for the continuous variables, the algorithm goes through
all sample’s accumulated statistics and finds the best split point giving the maximum gain
when separate k bins into two parts. For categorical variables, there’s two methods, the
first method explores possible splits for the levels of the categorical variable and tries to
find out which split gains maximum output. The second method will accumulate statistics
for each categories, subsequently it will sort these categories based on the value of the fea-
ture. Afterwards, from large to small and vice versa, it will be implemented a maximum
bins that will be searching possible split points to obtain the one who gives the maximum
gain.
This algorithm is usually designed as the simpler algorithm because it only explores the
leaves that are significant, as a leaf-wise tree growing strategy, which makes the time pro-
cess be faster. While the Extreme Gradient Boosting uses the scheme of a level-wise tree
growing strategy.
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4.4 Model Selection

Concerning our problem, it is important to explore methods of comparison between the
models, so we can obtain valuable information of which model performs the best. For
this reason four different methods were chosen:
The Area Under the Curve (AUC), Receiver Operating Characteristic Curve (ROC Curve)
and Accuracy, known to be the simplest case and easier interpretation, and the McNemar’s
Test, a more robust and sophisticated test.

4.4.1 Area Under the Curve and Receiver Operating Characteristic curve

Receiver Operating Characteristic Curve, also known as ROC Curve [Fawcett (2006)], is
a metric for binary classification problems that represents the probability curve that plots
the True Positive Rates against the False Positive Rate at several threshold values, this
means it analyses the cost against the benefits.
The Area Under the Curve (AUC) [Fawcett (2006)] measures the capacity of the classifier
to distinguish between classes.
To obtain those metrics it is important to define the following. Let the following table III
be defined as confusion matrix.

Actual Value Positive Actual Value Negative
Predicted Value Positive True Positive (TP) False Positive (FP)
Predicted Value Negative False Negative (FN) True Negative (TN)

TABLE III: Confusion Matrix.

Once the confusion matrix is found, it is important to obtain the following rates to get the
ROC Curve and AUC.
The True Positive Rate, or Sensitivity, measures what proportion of positives that got
correctly classified, and can be calculated by the following formula

TPR =
True Positive

True Positive+ False Negative
(4.9)

The False Negative Rate is the proportion of positives that got incorrectly classified is
given by:

FNR =
False Negative

True Positive+ False Negative
(4.10)
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The True Negative Rate, also known as Specificity, measures the proportion of negatives
that got correctly identified by the classifier and the formula is shown below.

TNR =
True Negative

True Negative+ False Positive
(4.11)

The last measure is the False Positive Rate that tell us the proportion of negatives that got
incorrectly classified, is calculated in the next equation:

FPR =
False Positive

True Negative+ False Positive
= 1− Specificity (4.12)

Once these rates are found, both measures, ROC Curve and AUC can be calculated. The
ROC Curve will calculate for each threshold the respective values of the True Positive
Rates and the False Positive Rate so it can be plotted in a given chart.
The AUC can vary between 0 and 1, the higher the AUC gets to 1 to better is our model
predicting correctly. An AUC of 0.5 is usually an indication of no skill in the model or
randomness.
Although Accuracy [Sokolova et al. (2006)] is not used to obtain the ROC or even the
AUC, it is an important measure which holds the statistics of the corrected predictions in
the total sample as a percentage, at threshold of 0.5. Can be obtained using the values on
the confusion matrix, and is as it follows:

Accuracy =
True Positive+ True Negative

True Positive+ True Negative+ False Positive+ False Negative
(4.13)

4.4.2 McNemar’s Test

Firstly, we will start with a brief explanation of this test. The goal of the McNemar’s
test [Dietterich (1998)] is to analyse the statistical significance of differences in classifier
performances.
The hypothesis test for this is given by:

H0 : None of the two models performs better than the other.

vs.

H1 : The performances of the two models are not equal.
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This is based on a contingency table IV by 2 × 2. The cells includes the number of
samples of the number of observations that are correctly and incorrectly identified by
each model.

Model 2 Correct Model 2 Incorrect
Model 1 Correct Yes/Yes (a) Yes/No (b)

Model 1 Incorrect No/Yes (c) No/No (d)

TABLE IV: Contingency Matrix.

Once these values are obtained, we can calculate the statistical test which are stated sub-
sequently:

Xstat =
(Y es/No−No/Y es)2

(Y es/No+No/Y es)
=

(b− c)2

(b+ c)
∼ χ2

(1) (4.14)

In order infer about the test we must obtain the exact p-value shown in (4.15).

pvalue = 2
n∑
i=b

(
n

i

)
0.5i(1− 0.5)n−i (4.15)

where n is the dimension of the sample.

If the p − value is larger than a threshold α = 0.05 for instance, then we fail to reject
H0, so there’s no significant difference between the two classifiers in the test set. If the
p−value is smaller than the threshold, then we reject H0, so there’s significant differences
between the two classifiers in the test set.
The drawback of this approach is that it does not give the best model but just confirms the
clear differences, to conclude the finding of the best performance it should be combined
with the AUC & ROC methods.
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4.5 Results

Our first step is to analyse the output from our three models segmented by the two types
of training and testing spilt methodologies. Figure 12 is related to the Logistic Regression
and the applied training and testing methods.

(a) Logistic Regression Output for the First
Method Split

(b) Logistic Regression Output for the Second
Method Split

FIGURE 12: Logistic Regression Python Output.

From the output (a) in Figure 12, we can see that most of the features are significant
to explain our model, at a significance level of 5%. Only Feature 6, Feature 7 and
Feature 20 showed no significant importance. From the coefficients perception on whether
which of the variables have more influence, we can tell Feature 10 (βFeature 10 = −16.6613),
Feature 19 (βFeature 19 = 7.7973) and Feature 4 (βFeature 4 = 4.0714) seemed to be
affecting our response variable at higher rates. In the output (b) in Figure 12 there was
a slightly improvement of the significance of the variables, Feature 7 is now an impor-
tant variable meanwhile the remaining continued being not significant, this can indicate
that the first split may lost information when using the partition of the first 9 months
against the remaining 3 months. Looking once again to the most important variables they
seem not to change from the previous model, although its now included the Feature 1

(βFeature 1 = 4.2321).
Considering the Accuracy of each model, the first Logistic Regression scored 78.92%

while the second Logistic Regression scored 80.48%, this shows that the second split
method on the Logistic Regression performed marginally better when predicting the right
results.
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The next figure represents the output from the Extreme Gradient Boost.

(a) xGBoost Feature Importance Graph for the
First Split

(b) xGBoost Feature Importance Graph for the
Second Split

FIGURE 13: Extreme Gradient Boost Feature Importance Graphs.

Both outputs are called feature importance [Hastie et al. (2008)] plots, which represents
the technique of scoring the features of given predictive model and indicates the impor-
tance of each variable in the classifier. This is usually calculated within the chosen al-
gorithm. For the graph (a) in Figure 13 it shows that the most important variables are
Feature 2, Feature 18 and Feature 7. In the graph (b) in Figure 13 the main variables
are Feature 18, Feature 2 and Feature 13. When comparing those two models it seems
not to have such big difference between the main variables. This may indicate that the
algorithm is retaining effectively the same information in the different types of methodol-
ogy split.
In terms of the Accuracy applied to the test set of each classifier from the Extreme Gra-
dient Boosting, the first method scored 79.07%, and the second method scored 80.68%

which leads to choosing the second model of the Extreme Gradient Boosting because it
performed better in terms of accuracy.
To finalise, the following graphs are related to the Light Gradient Boost output, it is the
same format as the previous figure.
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(a) LightGBM Feature Importance Graph for
the First Split

(b) LightGBM Feature Importance Graph for
the Second Split

FIGURE 14: Light Gradient Boost Feature Importance Graphs.

In these graphs it shows the important variables from the bottom to the top, instead of
the top to the bottom as showed in the previous graphs, so for the plot in (a) of Figure
14 the most important variables are Feature 18, Feature 7 and Feature 13. The plot
(b) in Figure 14, we have the following as major variables the Feature 2, Feature 18

and Feature 13. Concerning the Accuracy for the Light Gradient Boost models, the first
model scored 79.07%, and the second model scored 80.68%, that indicates that once again
the second model performed better than the first model according to predicting the equal
results of the data set.
Given all this, we see that for the majority of models they have mostly the same important
variables only showing the bigger differences in the logistic regression which is probably
resulting by the difference in methodologies. Overall, in terms of the Accuracy, the
second training and testing split method of the machine learning algorithms had the better
performance, even that it was not large difference compared to the peers.
The next topic we are going to discuss is the ROC curves & AUC results for each of the
models approaches. In Figure 15 we have three graphs related to the measures described
above.
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(a) Logistic Regression ROC Curves and AUC
Scores.

(b) Extreme Gradient Boost ROC Curves and
AUC Scores.

(c) Light Gradient Boost ROC Curves and
AUC Scores.

FIGURE 15: ROC Curves and AUC Scores for each model.

As we can see in all graphs, they all behave similarly in terms of the ROC Curves, and
they all show better curves for the second method of splitting when compared to the first
one. Once we look to the AUC scores, we confirm what has been seen in the ROC curves:
All AUC scores are greater in the second training and testing splitting methodology. This
may confirm the hypothesis that the first methodology of splitting was restraining impor-
tant information for predicting the proportion of retention. Comparing the results of each
AUC individually we can see that the highest AUC score belongs to the Light Extreme
Gradient Boosting with the second split method (AUCLight GBM :2nd Split = 69.91%).
To finalise this section, the succeeding approach is the McNemar’s Test for all the classi-
fiers in order to obtain statistical inference about the real differences between them. The
next set of tests refer to the data set where the first method of split was applied, given the
complexity of this approach, we can only compare results were the same method of split
were applied. It is not possible to perform the McNemar’s test for models were in one it
is applied the first method of training and testing and in the other the second method of
training and testing.
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Firstly, it is important to formulate the hypothesis tests for each statistical test applied,
which are:

H0 : Neither the two models, Logistic Regression and Extreme Gradient Boosting,
perform better than each other. vs.

H1 : The performances of the two models are not equal.

The obtained pvalue for this test is approximately 0, we reject H0 so there’s enough evi-
dence for the differences between the models.
The second test has the following hypothesis,

H0 : Neither the two models, Logistic Regression and Light Gradient Boost,
perform better than each other. vs.

H1 : The performances of the two models are not equal.

Once again, the obtained pvalue for this test is approximately 0, we reject H0 therefore
there’s enough evidence for the differences between the models.
The final test and the more informative test for the purpose of this project, has the follow-
ing hypothesis,

H0 : Neither the two models, Extreme Gradient Boosting and Light Gradient Boost,
perform better than each other. vs.

H1 : The performances of the two models are not equal.

The obtained pvalue for this test is approximately 0.869, we do not reject H0 therefore
there’s not enough evidence for the differences between the models.
The succeeding set corresponds to the second method of split which, once more, was
applied the McNemar’s test.
The first test we have the following hypothesis,

H0 : Neither the two models, Logistic Regression and Extreme Gradient Boosting,
perform better than each other. vs.

H1 : The performances of the two models are not equal.

The pvalue is approximately 0, we reject H0 so there’s enough evidence for the differences
between the models.
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The second test can be denoted by the following hypothesis,

H0 : Neither the two models, Logistic Regression and Light Gradient Boost,
perform better than each other. vs.

H1 : The performances of the two models are not equal.

Once again, the obtained pvalue for this test is approximately 0, we reject H0 therefore
there’s enough evidence for the differences between the models.
The final test has the following hypothesis,

H0 : Neither the two models, Extreme Gradient Boosting and Light Gradient Boost,
perform better than each other. vs.

H1 : The performances of the two models are not equal.

The obtained pvalue for this test is approximately 0.637, we do not reject H0 therefore
there’s not enough evidence for the differences between the models.
Given all this information, we can tell that the Machine Learning classifiers had statis-
tically significant differences when compared to the Logistic Regression although when
comparing the Extreme Gradient Boosting and Light Gradient Boost there’s no statisti-
cally significant differences given their similarities as gradient boosting machines. De-
spite the fact that McNemar’s showed no differences, the AUC scores displayed slightly
differences, having the Light Gradient Boost has better performance score.
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Chapter 5

5 Conclusions

The analysis that took place in this report were quite successful in answering the main
problems raised in this project, those include in effectively supervise the data set in order
to prevent bias and over-fitting as well as managing the data set where it was encountered
a collection of data omissions. It was also successful in finding the most important fea-
tures to model Liberty’s client retention.
In terms of the training and testing, it was possible to determinate that a more structured
split for the data set, in our case the second method, results in a better accuracy and AUC
scores of every model produced.
Taking in account on whether the Machine Learning Algorithms (MLA) performed better
than the Logistic Regression, it was proven that Machine Learning Algorithms statisti-
cally had better performance results. It was possible to even determinate that the Light
Gradient Boost classifier had the best overall AUC scores, even tough it showed a very
small difference between them.

5.1 Next Steps

As any procedure that includes producing models in insurance companies it is necessary
to make sure our model represents as closely as possible to the actual portfolio retention
before deploying it into production. Therefore to ensure that, the next steps should be
followed:

• Perform an Hyper-Parameter Optimisation in the Machine Learning Algorithms,
with the aim of choosing a group of optimal hyper-parameters so it can obtain the
minimum of the loss function or the maximum of accuracy leading then to a better
performing model.
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• Proceed with a more exact and detailed statistical test so its possible to obtain a
more solid conclusion on the best model possible.

• To finalise an Impact Analysis should be performed in order to test the potential
impacts our model can have in the market, this should include Key Performance
Indicators (KPIs) and a detailed analysis of the Efficient Frontier.
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