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Chapter 1

Introduction

The master’s thesis was conducted in collaboration with Euroconsumers. Eu-
roconsumers describes itself as a cluster composed of consumer organizations
operating in five different countries: Belgium, Spain, Italy, Portugal, and Brazil.
Its objective is to actively promote and defend consumers’ interests. The com-
pany is considered as one of the world’s leading consumer clusters in terms of
innovative information, personalized services, and the protection of consumer
rights. The organization works to ensure that markets are fair, consumers are
safe, and benefit from honest relations with businesses and authorities.

Euroconsumers owns six categories of magazine: Consumption & comparative
testing, Legal, Health, Investment, High Tech and Real Estate. Subscribers also
have access to support services in four different areas: Legal, Tax, Investment
and Comparative Studies. Euroconsumers employs 1,069 people, and more than
30 percent of them work in Belgium.

During the collaboration, there was an opportunity to work with experts in
their respective fields, including three data scientists, a data engineer, three
dashboarding experts and one business analyst. Monthly meetings were held
over the course of a year, during which the theories and results developed in
this thesis were presented and discussed. Their feedback and advice were in-
valuable in shaping the direction of this work

Euroconsumers provided data on the survival time of their clients, collected in
the context of a marketing campaign designed to evaluate how clients respond
to different types of incentives and whether these incentives influence their re-
tention time. In a business model based on subscriptions, understanding what
drives client retention is central. Identifying which clients are most responsive to
a given incentive allows the company to design more targeted and cost-efficient
campaigns in the future, this specific aspect is developed in Section 77.

More precisely, the campaign consisted of sending emails to a subset of clients.
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This subset was randomly divided into two groups: one called the action group,
which received an email containing either a 30-euro voucher or a 50% discount
on their subscription renewal for 6 months, and the other called the control
group, which received nothing. The central question of this thesis is whether
receiving such an email, and potentially using the incentive, has a measurable
causal effect on how long a client remains subscribed.

To answer this question rigorously, the campaign was designed as an A/B test in
which clients were randomly divided into the two groups described above. This
random allocation is precisely the design of a Randomized Controlled Trial
(RCT), a core framework of causal inference, and is why it will be the first
framework discussed in this thesis. This two-group structure is the foundation
of the analysis conducted throughout this thesis.

Thus, the two complementary objectives of this thesis are to study the causal
effect of this marketing campaign using rigorous statistical methods, and to
summarise the related theory in a way that supports Euroconsumers in design-
ing and evaluating future campaigns. The goal is to draw concrete conclusions
from both a business and a theoretical point of view.

To draw these conclusion different approaches are used in this thesis to evaluate
this effect: Randomized Controlled Trials (RCTs) and Causal Machine Learn-
ing. These two approaches are quite different and each has its own advantages
and limitations. The RCT framework estimates an average causal effect on a
population (ITT, CACE), and it provides a global summary of the treatment
effect. The Machine Learning approach, on the other hand, can estimate a het-
erogeneous effect of the treatment on the population conditionally on individual
characteristics (ITE). Moreover, to draw meaningful conclusions regarding the
marketing study, it is also interesting to have different methods with their own
assumptions, and compare their conclusions to provide a more robust evaluation
of the marketing campaign.

In the case of the randomized controlled trials, the main sources of informa-
tion were the works [Herndn and Robins| (2020)), Branson and Keele (2020) and
Frangakis and Rubin| (2002)). The work of [Herndn and Robins| (2020]) served
as the source of the theoretical framework of the RCT, as well as the general
overview of the subject. There are clear explanations of the different metrics
we will use later for the data. In the work of |Branson and Keele| (2020), the
assumptions used in RCTs were presented and the test to prove the validity
of these assumptions, with particular emphasis on the testing methods for the
assumption of randomization, which is the most difficult assumption to verify.
In the work [Frangakis and Rubin| (2002)), the concept of principal stratification
is theorized and put to the test. This work is used as principal stratification is
a core concept to understand the result in RCTs.

In the case of the machine learning approach, the main sources of information
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were the CausalML (Chen et al.| (2020)) and EconML (Battocchi et al.| (2019)
benchmarks), which present detailed documentation of the methods used. In
fact, both are open-source Python packages providing implementations of causal
machine learning methods. Different methods introduced in these two bench-
marks are explained and applied throughout this thesis. In addition, the work
of Hernan and Robins| (2020) was also used in the machine learning part.

The two methods presented in this thesis are representative of two different ap-
proaches, and they are based on two different sets of assumptions. The RCT
approach is based on strong assumptions such as the relevance, exclusion, mono-
tonicity and randomisation assumptions, but it offers interesting metrics, all
these assumptions are explained in Section[3.5] Within the RCT approach, some
of the metrics are even possible to be estimated using Machine Learning tech-
niques. Therefore, the idea was to include a Machine Learning approach through
a discussion on Causal Machine Learning, which is a new area of research in-
troduced in the work of |Scholkopf] (2019)). The Machine Learning approach is
based on the conditional unconfoundedness assumption (Section .

1.1 Focus on the Data

The Euroconsumers dataset contains 16,861 observations and 12 features. Each
row corresponds to one client, and each column represents a feature. The first
column contains an anonymized identifier for each individual. Thus, the client’s
name or his address never appears in the dataset.

The dataset includes a Gender variable, that takes the value M for male, F' for
female, and U for unknown, only one observation has unknown gender, thus,
this observation is removed from the data (n=16,860). The second and third
columns correspond to Age and Age Group. Age ranges from 19 to 97 years
old, while the age group variable is divided into four categories: 18 to 29, 30 to
44, 45 to 59, and 60 to 110. Both variables contain 798 missing observations.
To avoid redundancy between Age and Age Group, only the Age Group will be
used in the analysis.

Table 1.1: Distribution of individuals by age group

Age group N
18-29 353 (2.09%)
30-44 3,014 (17.88%)
45-59 6,704 (39.76%)
60-110 6,032 (35.77%)
Unknown 757 (4.50%)

The data were collected in two waves, meaning that all the data were not col-
lected at the exact same time. There were a difference of 3 month between the
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two. The first wave includes 8,326 individuals, while the second includes 8,534
individuals. The Treatment variable indicates whether the individual received
the email, while Treatment_category specifies the treatment: a 30-euro voucher,
a 50-euro discount, or a missing value for individuals in the control group who
did not receive the email. There are 6,749 individuals in the 30-euro voucher
group, 6,744 in the 50-euro discount group, and 3,368 individuals in the control

group.

In addition, the dataset contains information on client characteristics and past
activity. The Seniority variable measures the number of months the individ-
ual has been a client and ranges from 12 to 15 months. Two additional vari-
ables capture each individual’s activity on the website, measured over the six
months preceding the survey and over the year preceding the survey (number
of connection to their account). From these two variables, a categorical vari-
able called WebVisit_Group is constructed, taking three possible values: 0 for
inactive clients (no visits in the past 12 month, it represents 8,083 observations,
48%)), 1 indicating moderate activity (between 1 and 33 visits, representing
4,451 observations, 26.4%), and 2 indicating frequent activity (more than 33
visits, it represents 4,316 observations, 25.6%)). The threshold of 33 visits cor-
responds to the median number of visits among active clients, chosen to ensure
a roughly balanced distribution between categories 1 and 2. Another variable
reports the number of months after the survey until the individual churned, it
is our target variable. All the variable and their statistics are summarized in

Table [[.2

Table 1.2: Description of the variables

Variable Type Description Summary statistics
Demographic characteristics
Age (with missing values) Numerical — Age of the client (years) mean = 55.305, std = 13.05, min = 19,
max = 97
Age_Group (with missing values) Ordinal Age group:  [18,29], [30,44], [18,29] = 353, [30,44] = 3,014, [45,59]
[45,59], [60,110] = 6,704, [60,110] = 6,032, Unknown =
757
Age_Group (without missing values) Ordinal Age group: [18,29], [30,44], [18,29] = 353 , [30,44] = 3,014, [45,59]
[45,59], [60,110] = 7,461, [60,110] = 6,032, Unknown =
57
Gender Categorical ~ Gender of the client Male = 9,925, Female=6,935
Client activity
Seniority Numerical ~ Number of months the individual —mean = 13.384, std = 1.055, min = 12,
has been a client max = 15
WebVisit_Group Ordinal Web activity category derived Inactive = 8094, Low = 4451, Active =

from yearly visits: 0 = Inactive,
1 = Low activity, 2 = Active

4316

Qutcome

TimeToEvent_Surv Numerical

Number of months after the cam-
paign until the client churned
(administratively censored at 14
months)

mean = 9.21, std = 3.92, min = 1, max
=14

Table presents 5 randomly selected observations from the dataset of Euro-
consumers with all the different variables we have introduced and that we use
in our analysis.
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Table 1.3: Sample of randomly selected observations from the data

Age group  Age  Wave Seniority Web visit Gender M Treatment Treatment Accepted TimeToBvent Censored

missing group assignment category Treatment Surv
“[45.59] 0 2 12.0 0 0 1 50_discount 0 9 1
[45.59] 0 1 13.0 0 1 1 50_discount 0 13 1
[45,59] 0 1 15.0 1 1 1 50_discount 0 10 0
[45.59] 0 1 14.0 1 1 1 30E_voucher 1 13 1
[45,59] 0 1 13.0 0 0 0 — 0 11 0
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Chapter 2

Introduction to the notion
of causality

The term Causal Inference is hard to define and encompasses a wide range of
methods and frameworks. In this thesis, we follow the potential outcomes as
presented in Hernan and Robins| (2020). The book provides an unified founda-
tion for the methods developed in the following chapters.

Causal reasoning is part of our nature. We are perpetually trying to understand
whether a given action produces a particular outcome and especially whether it
caused it. In fact, the challenge of causal inference is to dissociate association
from causality. Some events in the day-to-day life could be correlated without
one causing the other, and the goal in causal inference is to quantify this causing
between two events.

A concrete example of this distinction is provided by Hernan and Robins| (2020)):
consider a patient A who receives a treatment and after five days he is still alive.
Imagine we are able to see the conclusion in the counterfactual scenario, mean-
ing the patient A receives no treatment and he dies five days later. In this
scenario, we would have a clear evidence of causal effect as the only difference
between the two scenarios being the treatment itself. In reality, it is impossible
to observe both scenarios for the same individual. This problem is known as the
fundamental problem of causal inference, and it has been studied in multiple
frameworks and in experimental design in order to recover the causal effects
from observed data.

In this thesis, the situation is organized with three core random variables: the
assignment variable, the treatment variable and the outcome variable. The
assignment variable Z is a binary random variable that indicates the group as-
signment. As quickly explained in the Chapter [1} in causal inference, there are
two groups: one receiving the treatment named the treatment group or action

11
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group and one that do not receive the treatment named the control group. For-
mally, Z can take three values: Z = 0 if the individual is in the control group,
Z = v if the individual receives the email with the 30-euro voucher, and Z = d
if the individual receives the email with the 50% discount. For simplicity, if
we don’t want to make distinction between the two assignments, we use the
notation Z = 1 whenever Z € {v,d}. Similarly, the treatment variable D is a
binary random variable that indicates the actual treatment received. It takes
also three values: D = 0 if the individual did not use any incentive, D = v if
the individual used the 30-euro voucher, and D = d if the individual used the
50% discount. We can also simplify the notation to D = 1 whenever D € {v, d}.

A common issue in A/B testing is named contamination, whereby individuals
in the control group (Z = 0) are still able to receive the treatment and using
it (D = 1). In our problem, this situation does not arise as we don’t observe
the pair Z = 0, D = 1 indicating that the client does not receive the email with
the treatment but used the treatment anyway. This observation simplifies our
problem as developed in Section

The last core variable is the outcome variable Y, which represents the quan-
tity we seek to causally attribute to the treatment D. It could be binary as
in the example with the patient A introduced at the beginning of the chapter
or it could be a continuous variable and could measure the length of time of a
certain event. In our analysis, we use it as continuous outcome that measuring
the number of months a client remains subscribed. Finally, X denotes the set
of pre-treatment covariates available in the data (e.g., Age_Group, Seniority,
WebVisitGroup,..), and are described in Section

Voucher Discount

Figure 2.1: Visualisation of the problem

As illustrated in Figure we clearly see the two groups: the action group
(Z = 1) and the control group (Z = 0). As the individuals in the data from
Euroconsumers are not fully compliant, the individual in the action group could
have used the discount D = d, the voucher D = v or they don’t use the incentive
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(D =0). The full compliance situation (Z = D) will be seen in Chapter [3| but
it rarely holds in practice.

Table 2.1: Assignment and incentive take-up

Count Percentage

Assignment (Z)

Email with discount ([Z = d]) 6,744 40.00%
Email with voucher ([Z = v]) 6,749 40.03%
Control group ([Z = 0]) 3,367 19.97%
Incentive take-up (D) — Action group only
Used the discount ([D = d|Z = d)) 636 9.43%
Used the voucher ([D = v|Z = v]) 984 14.58%
Used a treatment ([D = 1|Z = 1]) 1,620 12.00%
Non-compliant ([D =0|Z = 1]) 11,873 88.00%

The Table represents the distribution of the observations in each group
for the data of Euroconsumers. We see that 984 individuals used the 30-euro
voucher and 636 used the 50-euro discount. We also see that 11,873 individuals
are considered as non-compliant, meaning that despite being in the treatment
group, they did not use the incentive. Furthermore, we have 1,620 individuals
that use the treatment when they are in the action group, thus, a compliance
rate of 12% without distinguishing between the two incentives. This can be
separated into a compliance rate of 9.43% in the discount assignment group,
and 14.58% in the voucher assignment group. These compliance rates are very
important for the next chapters.

In many causal studies, the observed variables Z, D, X and Y do not capture
the full picture. We need to introduce a new notation: let U; denote the com-
plete set of characteristics of individual 4, regrouping observed and unobserved
characteristics. The observed pre-treatment covariates X; can be seen as the
observable part of U;, that is X; C U;, while the remainder U; \ X; represents
unobserved characteristics. These unobserved components are problematic as
they may influence treatment decisions and outcomes.

The presence of such unobserved components is hard to represent and to handle.
In this thesis, two different strategies are used to address it, corresponding of
the two approaches used in this thesis. In the RCT framework, the randomi-
sation of the assignment variable Z; guarantees that Z; 1 U; by design, which
allows us to recover valid causal estimates despite the endogeneity of D;, it is
further developed in Chapter[3] The Double Machine Learning requires the con-
ditional unconfoundedness assumption, meaning that X; is sufficient to account
for all confounding which is a strong assumption discussed in Section [£.4.:4] The
Meta-Learner framework requires the Instrumental variables assumption and
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the SUTVA assumption (Section [3.5)).

Following|Hernan and Robins| (2020, we define the potential treatment variables
D(Z =0) and D(Z = 1), which we summarize as D(0) and D(1), representing
the treatment that would be received under the control and action assignment
respectively. Since we don’t have contamination in our data, we have D(0) = 0
for all individuals, meaning that no client in the control group can use the in-
centive without receiving the email. In addition, as reported in Table 12%
of the individuals in the action group have D(1) = 1, meaning they used the
incentive, whereas the remaining 88% have D(1) = 0 and did not use it.

We can visualise the relationships between the variables using a Directed Acyclic
Graph (DAG) (Pearl, [2009). In a DAG, each node represents a variable and
each directed arrow A — B indicates that A has a direct causal effect on B, it
indicate that A meaning that a change in A directly produces a change in B.
In our case, with non-compliance (Z # D), the causal pathway of interest is:

Z —-D—=Y

This pathway means that Z has no direct effect on Y, in other words, all the ef-
fect of Z on Y is transmitted through D. To formalize this, we can introduce the
notation Y (z, d), where z represents the assignment and d the actual treatment
receipt. The absence of a direct effect of Z on Y is written in Equation [2.1

Y(z2,d) =Y (',d) Vz2z,d (2.1)

Intuitively, Equation means that for the same individual ¢, by fixing the
treatment status d, the potential outcome does not depend on the assignment
z. In our data, it implies Y;(1,0) = Y;(0,0): a client that does not use the
incentive will have the same retention time regardless of they received the email
or not. In addition, the pair Y;(0,1) does not appear in our data since we do
not observe contamination.

Under these conditions, we can simplify the notation Y (z,d) to Y (d) with d €
{0,1}. This simplification and this causal pathway is known as the Exclusion
Restriction assumption and it is further developed in Section [3.5.3] We use
Y (1) to denote the potential outcome under treatment and Y (0) the potential
outcome without treatment through this thesis.
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Wave 1 — Action vs Control Wave 2 — Action vs Control

— Action (z=1) — Action (z=1)
— Control (2=0) — Control (z=0)

Survival probabilty S(t)

Figure 2.2: Kaplan-Meier Curves by Wave

Finally, as mentioned in Section [I.I} the two waves did not start at the same
time and did not cover the same observation period. Figure shows the
Kaplan-Meier survival curves (Kaplan and Meier, [1958) separated by wave and
by treatment assignment. The curves represent the estimated probability of
remaining subscribed beyond time ¢:

sty = 1] (1—%) (2.2)

2 T
JV<t ©)]

where )7(j) is the j-th ordered event time, d;) is the number of individuals who
churned at time f/(j), and ;) is the number of individuals still at risk just before

Y-

The Figure[2:2)suggests that the two curves are close to each other in both waves.
In addition, the two waves do not cover the same observation period: Wave 1
provides up to 13 months, while Wave 2 only provides up to 9 months. At the
end of these two waves some individuals have not yet churned and their exact
survival time is therefore unknown. We call this administratively censored, it
means that because of how the study was designed it is not possible to have
information beyond a certain point. In the data, this distinction is captured by
the binary variable Censored where 0 means the individual has churned and 1
otherwise (Table. Furthermore, in our data, it is not possible to be retained
(Censored=1) in the middle of a wave.
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Chapter 3

Random Controlled Trials

A well-suited framework for causal causal inference in our settings is the Ran-
domized Controlled Trial (RCT), as the action and control group were already
randomly constructed in the Euroconsumers data, it motivates the use of the
RCT. The RCT is grounded in the potential outcome framework developed by
Rubin| (1980), which formalizes the notion of counterfactual outcomes and de-
fines causal effects as comparisons between potential outcomes under different
treatment conditions, following Hernan and Robins| (2020)).

3.1 Why Randomized Controlled Trials?

It exists other frameworks than the Randomized Controlled Trials for causal
inference, but the problem is that it requires a specific data structure as the
RCT that we may not have in the data from Euroconsumers. Thus, the choice
of the RCT framework in this thesis is motivated by the structure of the Euro-
consumers data.

For example, in the Difference-in-Differences (DiD) approach (Angrist and Pis-
chke, [2009), it requires panel data with two observations on the same individuals
both before and after the treatment. The metric we want to estimate is the Av-
erage Treatment Effect on the Treated (ATT), defined as:

ATT = (threated,after - threated,before) - (Ycontrol,after - control,before)

The framework also relies on his own assumption called the parallel trends as-
sumption. The assumption requires that in the absence of treatment, the two
groups would have evolved in the same way. This approach is not applicable
here as each observation in the Euroconsumers data corresponds to a single
client and all the result are reported after the beginning of the study. Thus, we
don’t have pre-treatment measurements and measurements during the study as

17
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it is required in the DiD.

Another framework used in causal inference is the Regression Discontinuity De-
sign (RDD) (Shaw}, 2026). It exploits a continuous threshold in a running vari-
able that determines treatment assignment, comparing individuals just above
and below the threshold. The same problem arises as this framework is not appli-
cable as the assignment Z in our data was purely determined by randomisation,
and we don’t have a variable or treshold that drives the treatment assignment.

Therefore, the RCT framework is the most suited approach because of the orig-
ine of the data: the assignment is determined randomly, a control group is
available, and each client represents one observations after the begining of the
campaign. The RCT provides a basis for causal inference, but its validity is not
unconditional, as it imposes a set of assumptions that must hold for plausible
causal interpretation, all the assumptions are developed in Section [3.5

3.2 The Ideal RCT with Full Compliance

The RCT with full compliance is a good introduction, and it will be easier to
add one problem at a time and his consequences. The situation represents the
simplest configuration for causal identification. In this setting, every individual
follows their assigned condition exactly. Those assigned to the treatment group
receive the treatment and those assigned to the control group do not.

Di=27; Vi (3.1)

It means that randomized assignment determines entirely the treatment receipt.
And under full compliance, the causal estimand, meaning the target we seek to
estimate, is the Average Treatment Effect (ATE). Formally,

ATE=E[Y |Z=1]-E[Y|Z=0=E[Y |D=1]-E[Y |D=0] (3.2)

In fact, under full compliance, the analysis is considerably simplified. Since
Z is assigned by chance and D = Z, the ATE is reduced to a difference in
means between the action and control groups, as shown in Equation In
addition, since treatment receipt D is determined solely by random assignment,
it is independent of all individual characteristics, observed and unobserved, as
expressed in Equation [3.3] This independence guarantees that no confounding
is present, and the difference in outcomes has a clear causal interpretation.

D; L (Ui\ Xi) (33)

In conclusion, the ideal RCT with full compliance provides clear interpretation
for causal identification. In fact, in this specific situation, all the unobserved
and observed characteristics don’t have an impact on the probability of using
the treatment, and the causal effect is directly identify in the ATE. However, full
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compliance rarely holds. In many cases, individuals may refuse their assigned
treatment, or fail to adhere to it. The equality D = Z no longer holds. The
following section formalizes this complication and introduces the instrumental
variable framework.

3.3 Non-Compliance and the IV Framework

In the ideal RCT presented in Section the equality D = Z held by construc-
tion, ensuring that randomized assignment is entirely determined by treatment
receipt. In practice, the individuals may refuse their assigned treatment (e.g.
D =0,Z = 1) or receive the treatment despite being assigned to the control
group (D = 1,Z = 0) (not treated in the thesis). When some individuals
refuse the action treatment (Z = 1), we call it a problem of non-compliance,
and it breaks the fundamental properties of the ideal RCT meaning that D is
no longer independent of unobserved characteristics anymore. In fact, when
non-compliance is present, treatment receipt is no longer determined solely by
randomization but is also driven by individual characteristics (U;). This reason-
ing motivates Equation 3.4 The equation shows that the use of the treatment
is not independent from characteristics anymore.

D; (Ui \ X3) (3-4)

In the Euroconsumers data, the probability of using the voucher or the discount
can also be impacted by individual characteristics. A client particularly moti-
vated to save money will have more chance to use the voucher or the discount
than a client who is indifferent to money. We can have the same reasoning for
the retention time Y. In fact, a client attached to Euroconsumers and that will
never end his subscription does not have the same expected retention time as
a client who is struggling financially and no longer wishes to maintain his sub-
scription. All these characteristics could be observed (X) or unobserved (U\ X)
in the data.

When non-compliance is present, the independence between the use of the incen-
tive D and characteristics U is broken, making it impossible to directly attribute
differences in outcomes to the treatment alone.

E[Y|D=1]—-E[Y |D=0] (3.5)

For example, Equation makes a biased estimation of the causal effect as the
characteristics of the individual represented in the first term are not the same
as those in the second term. Formally,

P(X|D =1) # P(X|D = 0)

It is also shown in Figure both observed and unobserved characteristics
influence the decision to use the incentive D, making D endogenous (defined
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later). For example, a client facing financial problems is more likely to use the
discount to reduce the cost of his subscription, but it will also affect his expected
retention time. Consequently, the Equation [3.5does not isolate the causal effect
of D onY as it captures the systematic differences in retention that would have
existed between treated and not treated. This problem is known as confounding
meaning that the effect of D on Y is confounded by the characteristics U that
simultaneously impacts use of the incentive D and the outcome Y.

U\ X L

\
\
\Y

I R v

- - N Ve N
Randomised
z D Y
Instrument Treatment receipt Outcome

A J AN AN J

J

Z 1 U by design

XcUu

Observed covariates
J

Figure 3.1: DAGs on Euroconsumers Data

The solution to correct for the confounding effect of individual characteristics is
to use the Instrumental Variable (IV) framework. In this framework, a variable
is said to be endogenous when it is correlated with unobserved characteristics
U \ X. This means that part of its variation is driven by factors outside the
model, making it impossible to isolate the causal effect of that variable on Y. In
our setting, D is endogenous because the decision to use the voucher or discount
is partly driven by unobserved individual motivation, as illustrated in Figure|3.1
and discussed just before.

Conversely, a variable is exogenous if it is independent of U \ X, meaning its
variation is not driven by any unobserved factor. In our setting, Z is exogenous
by design since it is randomly assigned, regardless of any individual characteris-
tic. We can visualise it in Figure [3.1| where the characteristics don’t have direct
effect on Z.

The goal of the instrumental variable (IV) is to use this exogenous variable Z
to recover a valid causal effect and delete the effect of the characteristics on D.
In our analysis, our variable Z is simultaneously the assignment variable and
serves as an instrument meaning it is used as a source of exogenous variation in
D to correct for its endogeneity.

ED|Z=1-E[D|Z =0 (3.6)

As Z is randomly assigned and the characteristics are thus balanced in the ac-
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tion and control group in expectation. Equation [3.6] captures only exogenous
variation in the use of the incentive D induced by the assignment, not the part
driven by individual characteristics. For example, a client with financial difficul-
ties (more likely to use the incentive and more likely to cancel his subscription)
is expexted to be equally represented in the two assignment groups. Therefore,
their characteristics cancel out in comparison, and it isolates the effect of Z on
D from any confounding influence.

Similarly, by making the difference of expected value between the action group
and control group represented in Equation we also cancel the effect of the
characteristics (U) on the retention time (Y).

E[Y | Z=1-E[Y | Z =] (3.7)

All the reasoning holds if the assignment variable Z is a valid instrument. In
RCT, the assumption holds as Z normally satisfy three conditions First, it
must be uncorrelated with the unobserved characteristics. Secondly, it must be
correlated with D. Thirdly, it must affect Y only through D. All these conditions
are formalized and developed in Section [3.5

3.4 Stratification

As explained in Section [3.3] non-compliance breaks the similarity between the
randomized assignment Z and the treatment actually received D, and the instru-
mental variable framework recovers a valid causal effect despite the endogeneity
of D. However, this causal effect cannot be identified for the entire population.
The framework of principal stratification, introduced by |[Frangakis and Rubin
(2002)), provides a rigorous framework to identify the subpopulations for which
a causal effect can be meaningfully estimated.

The approach proposed by [Frangakis and Rubin| (2002) is to partition the pop-
ulation into four latent subgroups based on their potential treatment behavior
under each possible assignment. These subgroups correspond to the four possi-
ble pairs of values D(0), D(1). Thus, individuals are classified according to how
they would behave under each possible assignment.

When the post-treatment variable is binary, four principal strata can be defined:

(D(0), D(1)) € {(0,0), (0, 1), (1, 1), (1,0)}.
These strata are named as follows:
e Never-takers: D(0) =0 and D(1) =0,
e Compliers: D(0) =0 and D(1) =1,

e Always-takers: D(0) =1 and D(1) =1,
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e Defiers: D(0) =1 and D(1) =0.

Not assigned — D(Z=0)

D(Z=0)=0 D(Z=0) =1
Not treated if not assigned Treated if not assigned
D(Z=1) = 0, D(Z=0) = 0 D(Z=1) = 0, D(Z=0) = 1
D(Z=1)=0
Not treated Never-takers Defiers
= if assigned
,ﬁ‘ Never take treatment Do the opposite
a
1
T
@
c
X~
a D(Z=1) = 1, D(Z=0) = 0 D(Z=1) = 1, D(Z=0) = 1
< D(z=1) =1
Treated Compliers Always-takers
if assigned
Respond to assignment Always take treatment

Figure 3.2: Stratification

Figure illustrates the four principal strata and their relationship to the as-
signment Z and treatment D. The first stratum named the Never-Takers is the
group of individuals who never take the treatment regardless of their assign-
ment. The second stratum called the Compliers are the only group that follow
their corresponding assignment, if they are in the control group they won’t use
treatment if they are in the action group they will use the treatment. The third
stratum is the always takers, and independently from the assignment, they will
use the treatment, in our case, we don’t have Always-takers as it is not possible
to use the treatment when the individuals are in the control group. The last
stratum, the Defiers do the opposite of their assignment treatment by using the
treatment when they are in the control group and by not using the treatment
when they are in the action group, this group is also not present in our study.

Here, the difficulty is that only one element of the pair can be observed for all
the individuals, the unobserved element is called the counterfactual potential
outcome. Indeed, if an individual is assigned to the control group, only D(0)
could be observed, and if the individual is assigned to the treatment group,
only D(1) is observed. As a result, one element always remains latent charac-
teristic in the pair D(0), D(1). In our case, without contamination, we are able
to separate the individual in the action group into Never-takers and Compliers,
but in the control group we are not able to set which individual is in which group.

In order to make an example, by returning to the five random observations in
Table we can verify how our data are concretely distributed. The first three
observations are in the action group as Treatment assignment = 1 but they
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did not use the incentive (Accepted Treatment =0), the observed component is
therefore D(1) = 0 and we don’t have the counterfactual (D(0) =?), it cannot
be observed. However, since neither Always-takers nor Defiers exist in our data,
D(0) = 0 for all individuals in the action group, we can therefore conclude that
the first three observations in Table [I.3] are Never-Takers. Applying the same
reasoning, the fourth observation used the incentive, so D(1) = 1 and we know
that the other pair is D(0) = 0 as we don’t observe Defiers or Always-takers
(D(0) = 1 is not possible). The fourth observation is therefore a Complier. The
last individual belongs to the control group D(0) = 0. By construction, we can-
not observe what would have been the reaction in the action group (D(1) =7?),
we cannot determine whether this individual is a Never-taker or a Complier.

Among individuals assigned to the action group, 12% used the treatment, mean-
ing that 12% of the action group are Compliers and 88% are Never-takers.
Among these strata, the most relevant group to study the causal inference is
the group of Compliers whose treatment status is actually determined by the
instrument Z. Never-takers and always-takers would behave the same way re-
gardless of their assignment, so the instrument carries no information about the
treatment effect for them. Defiers are ruled out by the Monotonicity Assumption
in Section 3.5} Therefore, Compliers are the only subgroup that truly reacts to
the intervention, and consequently the only group for which the IV framework
can identify a causal effect, as formalized through the CACE in Section [3.6.1

3.5 Assumptions

The Instrumental Variable (IV) assumptions of the RCT framework must be
satisfied for the assignment variable Z to serve as a valid instrument. When
these assumptions are fulfilled and empirically supported, the Instrumental Vari-
able ensures that the confounding effect of all individual characteristics cancels
out in the comparison between the two groups, allowing the estimations of the
Intention-to-Treat (ITT) and the Complier Average Causal Effect (CACE) to
have a valid causal interpretation.

3.5.1 Stable Unit Treatment Value Assumption (SUTVA)

Before starting the core assumptions of the IV framework, a preliminary condi-
tion must hold for causal inference to be coherent. The condition is known as
the Stable Unit Treatment Value Assumption or SUTVA. It was formally intro-
duced by [Rubin| (1980) and it is discussed in both |[Herndn and Robins| (2020)
and |Shaw| (2026)).

The SUTVA assumption is decomposed into two distinct conditions.
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e No interference: the potential outcome of unit 7 depends only on its own
treatment assignment, thus, the potential outcome does not depend on the
treatment received by any other unit j # i. For instance, if an individual
received an email with a voucher and shared it with another client, this
could influence the retention decision of that other client regardless of their
own assignment, which would constitute a violation of this condition.

e Treatment-version irrelevance: it exists only one version of each treat-
ment level. It means that the assignment D = 1 must have the same mean-
ing for all units, so that the potential outcome Y;(d) is uniquely defined
regardless of how the treatment was delivered.

If the two conditions hold, the potential outcomes for individual ¢ if he is using
the incentive Y;(1) and if he is not using the incentive Y;(0) are well defined and
the observed outcome can be written as:

Yi = DiYi(1) + (1 = Dy)Yi(0)

Where D; represents whether individual ¢ used the incentive and Y; represents
their observed outcome. Without at least one of these conditions, this equality
breaks down. Either the potential outcomes are no longer independent across
units, making individual comparisons meaningless. Or the treatment does not
have a unique definition, preventing any consistent causal interpretation of Y;(d).
In the case of RCT setting, SUTVA is generally considered plausible. However,
as [Shaw] (2026]) notes, violations are frequent and difficult to detect in field
settings where spillovers, word-of-mouth effects, or competitive reactions are
present.

In our setting, we make the assumption that clients are unlikely to influence
each other’s retention based on their assignment, and no spillover, word-of-
mouth exists. With this the no interference assumption holds. In our data, the
assignment variable for the discount (Z=d) or voucher (Z=v) do not have the
same impact on retention. Treating them as a single version of the treatment
would violate the SUTVA assumption, as Y(1) would not have a unique mean-
ing across all individuals.

To restore the Treatment-version irrelevance condition, we have to separate the
data into two subgroups: one for the voucher and one for the discount, and we
can compare it against the same control group (Z = 0) as a baseline, Figure
represents the new two independent sub-studies. With this new configuration
the treatment version is unique and well-defined in each study and the SUTVA
assumption is satisfied.
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Original Study (Violating SUTVA)

Action

Voucher Discount

New Study 1 (with only the voucher) Mew Study 2 (with only the discount)

Figure 3.3: Visualisation of the splitting of the study into 2 new study to respect
SUTVA assumption

The separation does not fundamentally change the conclusions as we simply
identify two distinct causal effects rather than a single one. However, some
results in this thesis violate the treatment-version irrelevance condition. Those
results will have to be interpreted with caution.

Other solutions exist to solve this heterogeneity of treatment without separating
the study such as the Causal Forest proposed by [Wager and Athey| (2018). It
estimates a Conditional Average Treatment Effect that varies across individuals
based on their observed covariates and it requires conditional unconfoundedness
assumption Y;(d) L D; | X;, which is stronger than the IV assumptions used in
this thesis, and it does not resolve the SUTVA violation in a strict sense but it
rather sidesteps it by modelling heterogeneity directly. For these reasons, this
approach falls beyond the scope of this thesis.
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3.5.2 Relevance Assumption

The next assumption is named the Relevance Assumption. It requires that the
instrument Z has a non-null effect on treatment uptake D, conditionally on
covariates X. Formally,

E[D|X,Z =1] # E[D|X, Z = 0] (3.8)

As noted in [Hernan and Robins| (2020), it captures the non-null association
between Z and D. In the RCT setting, this assumption is expected to hold by
construction: since the instrument Z corresponds to the randomized assignment
itself, it is specifically designed to influence whether individuals receive the
treatment, making a non-null first-stage relationship structurally guaranteed.
A way to conceptually see this is by the use of the Wald estimator (equivalent
to the CACE):

E[Y|Z=1-E[Y|Z=0

&V:ED|Z:H—EW\Z:M

(3.9)

The estimator is the simplest form of the IV estimator. The numerator captures
the difference in expected outcome across instrument values, while the denomi-
nator scales it by the difference in treatment uptake knowing the instrument Z.
If the relevance assumption is violated, the denominator is not valid anymore
as it goes to zero, making the estimator undefined. It also intuitively prove the
causal pathway between the assignment variable Z and the use of the incentive
D in the DAG represented in Figure [3.1]

More formally, the failure of relevance goes beyond an undefined estimator.
Consider the first-stage regression:

The goal in this regression is to find the probability for an individual to use the
effective treatment. And the relevance assumption requires v # 0 as Z; has to
have an impact on D;.

Thus, to verify the Relevance Assumption, we estimate the equation and
test the null hypothesis: Hy: v = 0 against Hy: v # 0. The results are sum-
marised in Table[3.1] The result shows that 4 = 0.12 and is highly significant
(p < 0.001) and the F-Statistics is above 10. It confirms that Z is a strong
instrument for D and the Relevance Assumption is therefore empirically sup-
ported.
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Table 3.1: First-Stage Regression Results: D; = a +vZ; + ¢;

Variable Coefficient Std. Error t-stat p-value
Intercept 0.000 0.005 0.000 1.000
Z; (Treatment assignment) 0.120 0.006 21.436 < 0.001
Model diagnostics

R? 0.027

F-statistic 459.5

Prob(F-stat) < 0.001

Observations 16,861

3.5.3 Exclusion Restriction Assumption

The third assumption is named the Exclusion Restriction assumption. It re-
quires that the instrument Z affects the outcome Y only through the effect of
the treatment D. Thus, the instrument Z has no direct effect on the outcome
Y. As introduced in Chapter [2] the Equation [3:11] holds.

Yi(z,d) =Yi(',d) V,z2',d (3.11)

Where z and 2’ denote two arbitraty values of the assignment variable Z, it
could be 0 or 1, and d denotes a fixed value of the treatment D, meaning it
could be 0 or 1. Intuitively, if d = 0, it could be any value of Z at the end it
will be the same outcome. Conversely, if d = 1, it also have the same outcome
for every value of Z. Thus, this condition gives the opportunity to write the
potential outcomes to be written simply as Y;(d) and it remove any dependence
on Z. In fact, the instrument Z must operate as a nudge, it shifts who receives
the treatment, but at the end, this is the treatment status D that influence the
outcome Y. The only pathway from Z to ¥ must go through D:

Z—D—Y (3.12)

As explained in [Hernan and Robins| (2020), in the RCT setting, this assump-
tion is expected to hold in a double blind randomized situation, meaning that
individuals do not know their assignment. In our setting, if the study is not
double-blind: clients who receive the email are aware that they have been as-
signed to the action group, and conversely, clients who do not receive any email
may become aware that a marketing campaign is ongoing, this could bias our
estimation, for instance, if the clients in the control group feel excluded or by
actively seeking an alternative subscription, it will have an impact on the reten-
tion time. Such a violation would bias both the ITT and the CACE estimates,
as the difference E[Y | Z = 1] — E[Y | Z = 0] would no longer delete the
effect of the confouding through the assignment variable Z, but also a direct
awareness effect specific to one of the group (Z = 0 or Z = 1). In our set-
ting, we assume this violation is unlikely given the nature of the campaign but
we know that it is a potential threat to the validity of the Exclusion Restriction.
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Unlike the Relevance Assumption, the Exclusion Restriction can’t be testable
from the data. With only one instrument, it doesn’t exist statistical test that
can confirm the absence of the direct pathway . And if the assumption
doesn’t hold, as cited in|Shaw| (2026)), it could produce biases in the IV estimates.

3.5.4 Monotonicity Assumption

The fourth assumption is called the Monotonicity assumption. It requires that
the instrument Z affects the probability of using the treatment D in the same
direction for all individuals in the population. Formally,

D;(1) > D;(0) Vi (3.13)

This condition refers to the group defiers introduced in the stratification sec-
tion 3.4 As a reminder, the defiers are the individuals who would take the
treatment if assigned to the control group and would not take it if assigned to
the treatment group. It means that the defiers are systematically reacting to
the instrument in the opposite direction and would have the opposite effect of
Equation |3.13

D;(1) < D;(0) Vi (3.14)

In our setting, a defier would be an individual who would use the incentive if
he is not receiving the email (Z = 0) but would not use it if he is receving the
email (Z = 1). It is not observe in our data: since individuals in the control
group never receive the email, they cannot access the incentive, so D;(0) = 0
for all individuals.

Like the Exclusion Restriction, monotonicity cannot be formally tested. How-
ever, in our case, it is a structural property of the experimental design that
guarantees the absence of defiers.

3.5.5 Effective Randomisation Assumption

The last assumption in the IV framework is the Effective Random Assignment
assumption. It is the strongest assumption and it requires that the instrument
Z is independent of the potential treatments D(z), and the potential outcome
Y (z,d), conditionally on covariates X. It means that neither the latent propen-
sity to comply nor the potential retention time of an individual should influence
who receives the email. Formally,

Z 1L {D(2),Y(z,d)} | X (3.15)

Since the covariates X are pre-treatment variables, and are determined before
the assignment Z, it implies a stronger marginal independence that assumption
have to test:
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Z1X (3.16)

This independence implies the following balancing condition, which can be ver-
ified empirically:

E[X|Z=1=E[X|Z=0] (3.17)

Intuitively, the distribution of observed covariates should be identical in the
two assignment groups. And this is the condition verified empirically by the
two tests below. In our setting, the assumption normally holds by construction
since the assignment was determined randomly of any individual characteristic.

The first test is called the Love Plot and it shows how the covariates are balanced
across the two groups, if the mean differences defined by :

E[Xi| Z=1] - B[X, | Z=0)

SMD,, =
\/Var(Xk |Z=1)+Var(Xz|Z=0)
2

(3.18)

is below the conventional threshold of 0.1 (Austin) 2009)), the assumption is
considered satisfied. k indexes each covariate in X and the treshold is tested for
each covariate one by one. In Figure we see that each distribution of the
covariates is well balanced across the two groups, supporting the plausibility of
the assumption.

Love Plot of Covariate Balance

.
Wave [ == | Threshold 0.1
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Age_missing ]

Age_Group_[45,59]
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Covariates
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Standardized Difference (sdiff)

Seniority

Figure 3.4: Love Plot

The second test was introduced by [Branson and Keele (2020). The intuition
behind the test is to simulate how the covariates would be balanced if the two
groups were rebuilt under true randomization. If 7 is truly as-if randomly as-
signed, the observed covariate balance should be consistent with what we would
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expect from a completely randomized experiment. It is important to note that
the test cannot prove that Z is truly random, the goal is rather to falsify the
assumption if the observed balance is inconsistent with randomisation and prove
that Z is as-if random.

The test exploits the exchangeability of Z under the null hypothesis: Hy : Z L
X. It means that if the assignment was determined purely by chance than any
permutation of the observed assignment is equally possible. We can generate
M = 10,000 random permutations of Z, compute the Mahalanobis distance for
each permutation, and it will form the reference distribution of balance under
true randomization. In this distribution, the original randomisation p-value is
defined as the proportion of permutations yielding a Mahalanobis distance at
least as large as the observed one. We interpret a large p-value as an observed
balance that is consistent with the true randomisation, controversely, a small
p-value means an imbalance under Hy.

In our data, the test yields a p-value below 0.05 when all covariates are included,
leading to a rejection of Hy. However, this result is driven by the Seniority
variable, whose pooled standard deviation is very small due to its restricted
range of 12 to 15 months. As a consequence, even negligible mean differences
between groups produce inflated SMD values, defined as:

Xi,z=1 — Xk, z=0
Sk

In our data, the mean Seniority is 13.335 months for the control group and

13.396, a difference of less than two days which is negligible. When Seniority is

excluded from the test, the p-value is above 0.05 and Hj is no longer rejected,

confirming that the Randomisation Assumption is plausible for all remaining

covariates.

SMDy, =

(3.19)

3.6 Intention to treat (ITT)

All the different assumptions are fulfilled, we can now detect the effect of the
treatment on the retention time. The first metric that we identify in the Instru-
ment Variable (IV) Framework is the Intention-To-Treat:

ITT=E[Y |Z=1]-E[Y|Z=0] (3.20)

The ITT represents the average difference in outcomes between the assigned
treatment group (E[Y|Z = 1]) and the assigned control group (E[Y|Z = 0]).
The metric could be seen as conservative as it captures only the effect of being
assigned to the treatment group and does not capture the effect of the treat-
ment. As a result, the true effect of the treatment is diluted across the entire
population, and it includes effects for whom the assignment had no behavioral
impact. In fact, as explained in the stratification section, and under the Mono-
tonicity assumption, the population could be seen as three strata: never-takers,
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always-takers and compliers.(Defiers are not take into account because of the
Monotonicity assumption, Section [3.5.4))

1. Never-takers (D(0) = 0, D(1) = 0): Under the Exclusion Restriction,
the instrument Z affects the outcome Y only through the treatment D.
Meaning that if the never-takers never use the treatment than their out-
come Y is the same in the control and in the action group:

E[Y(D(1)) = Y(D(0)) | D(1) =0, D(0) = 0]

= E[Y(0) = Y(0) | D(1) =0, D(0) = 0]

= E[0| D(1) =0, D(0) = 0]

=0 (3.21)

where Y(D(1)) represents the potential outcome in action group and
Y (D(0)) represents the potential outcome in control group.

2. Always-takers (D(0) = 1, D(1) = 1): We know that we don’t have
always-takers in our data. Nevertheless, the same reasoning applies, the
assignment treatment is not affecting their outcome as they don’t change
their treatment status, thus, their contribution to the ITT is also null:

E[Y(D(1)) = Y(D(0)) | D(1) =1, D(0) =1]
=E[Y(1)-Y(1) | D(1) =1, D(0) = 1]
= E[0| D(1) = 1, D(0) = 1]

0

(3.22)

3. Compliers (D(0) =0, D(1) = 1): Their treatment status is determined
by the instrument Z meaning that their retention time may change. It
is precisely within this stratum that the assignment induces a change in
behavior, and therefore a change in outcome. Denoting the causal effect
for compliers as 7:

=T (3.23)

Knowing that the impact of the never-takers and always-takers on the ITT is
null, the only stratum that result in an observed difference between the two
group is the compliers. If m¢o,mn and 74, represents the proportion of Com-
pliers, Never-takers and Always-takers respectively in the population, we can
decomposed the Equation as:

E[Y | Z=1] = E[Y(D(1)) | D(0) = 1] - ma
+ E[Y(D(1)) | D(0) = 0] - (my + 7c) (3.24)
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ElY |Z=1]=E[Y(D(1))|D(@1) =1, D(0) =0] - ¢
Y(D(1)) | D(1) =1, D(0) =1] - 74
Y(D(1)) | D(1) =0, D(0) = 0] - 7y (3.25)

Y | Z=0]=E[Y(D(0)) | D(1) =1, D(0) = 0] - ¢
+ E[Y(D(0)) [ D(1) =1, D(0) = 1] - m4
+ EB[Y/(D(0)) | D(1) = 0, D(0) = 0] - 7 (3.26)

ITT=E[Y(D(1))-Y(D(0) | D(1) =1, D(0) =0] - n¢
+ E[Y(D(1)) -Y(D(0)) | D(1) =1, D(0) =1] - =
+ E[Y(D(1)) = Y(D(0)) | D(1) = 0, D(0) = 0] - 7 (3.27)
We can simplify the notation with the Equation 3.21} Equation @ and Equa-

tion 23}

ITT=7-7¢+0-wa+0-71n =7c T (3.28)

In this decomposition we understand that the ITT is a diluted version of the
causal effect 7. The next section introduce the CACE that avoid this dilution.

In Figure we see the survival curves separated by the assignment variable.
This visualisation is directly related to the ITT. In fact, the vertical gap between
the blue and red curve at a certain time t is visual analog of the ITT effect on
the survival probability. It suggest a small but positive ITT effect as the two
curves are close to each other.

Action vs Control (ITT)

1.0 1 — Action (Z=1)
—— Control (Z=0)

0.8 1

0.6

Survival probability S(t)

0.2

0.0

2 a 6 8 10 ) 1
Months since campaign

Figure 3.5: KM-Curve by assignment variable Z
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The ITT cannot be computed directly from raw survival times, as some obser-
vations are censored. A naive difference in means would therefore yield a biased
estimate. We have to use the Restricted Mean Survival Time (RMST) that will
be introduced in the next chapter.

3.6.1 CACE

The Compliers Average Causal Effect is a good method to find the causal effect
of the treatment on the outcome:

E[Y|Z =1 - E[Y|Z = 0]

awE:Eww:u—mmzzm

(3.29)

In reality, the CACE is the ITT divided by the proportion of compliers. Since
there are no always-takers (m4 = 0) and no contamination (E[D | Z = 0] = 0),
we have:

ED|Z=1=1-1¢+1-m44+0-7n

= 7o (3.30)
Therefore,
ED|Z=1-E[D|Z=0=mnc—-0=m¢ (3.31)
And,
ITT ITT
CACE = = — (3.32)

7Tc—0 TC

It is important to note that the CACE is not biased and it is not affected by
the confouders effect. The resulting CACE cannot be computed yet, because
of the censored information. But if we observed a CACE of 1, it means that,
on average, compliers assigned to the action group (Z=1) have a retention time
that is 1 month longer than compliers assigned to the control group. Similar
problem as in the ITT, we cannot compute the CACE as we are ignoring the
censored observations. The next chapter addresses this limitation by introduc-
ing the RMST framework, which properly accounts for censored information.
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KM Curves — Compliers vs Never-Takers vs Control
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Survival probability S(t)

0 2 4 6 8 10 12
Months since campaign

Figure 3.6: KM Curves — Compliers vs Non-Compliers vs Control

As discussed in Section [3.2] the ITT and CACE estimates are already causally
valid thanks to the randomization of Z. However, the covariates X also in-
fluence both the probability of using the treatment E[D|X] and the outcome
(E[Y|X]), as illustrated in the DAG, Figure [3.7] With the help of the covariate
adjustment in the next chapter, we will not be able to correct for bias, but we
will reduce the residual variance of the estimates, and it will lead to more precise
inference.
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Figure 3.7: DAGs Data Euroconsumers

The goal in the next chapter will be to capture this effect of the covariates on
the probability of using the treatment (E[D|X]) and on the outcome (E[Y|X]).



Chapter 4

Machine Learning
Approach

The ITT and CACE estimators presented in the previous chapter are intuitive,
but they suffer from two limitations. The first problem is that the outcome
variable Y; is censored for a subset of individuals, meaning that their exact sur-
vival time is not fully observed. In the previous section, we did not make the
distinction between a result of ¥ = 13 with censored = 1 and Y = 13 with
censored = 0 which is problematic because it does not give the same informa-
tion. Based on |Andersen and Perme| (2004), the pseudo-observation technique
can solve this problem and addresses this first limitation by transforming cen-
sored survival times into uncensored quantities 0, that can be used as outcomes
in any standard regression model, at multiple time horizons 7.

The second limitation is, as presented in the previous section, that the covari-
ates X; simultaneously influence both the probability of using the treatment
D; and the outcome Y;. This problem of confounding prevents a direct OLS
interpretation of £ in the structural model:

E(Y‘DZd,le‘):,80+B1d+,821‘ (41)

The Double Machine Learning framework, introduced by |Chernozhukov et al.
(2018)), solves this second limitation by explicitly split out the effect of X; on
both D; and 6; before estimating 7.

Therefore, the goal of this chapter is to introduce the pseudo-observation tech-
nique to resolve the censoring problem and to apply the Double Machine Learn-
ing (DML) framework to estimate the causal effect of the treatment knowing
the covariates. The main resources used are |Andersen and Perme, (2004)), |Cher-
nozhukov et al.| (2018), and the CausalML and EconML frameworks.

35
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4.1 Why Double Machine Learning ?

Before introducing the Pseudo-observation approach and the Double Machine
Learning framework, it is useful to recall that it exists multiple framework for
causal estimation, each with their own interpretation and limitations. The
goal of the section it to motivates the choice of the Double Machine Learning
method by introducing two alternatives: G-Computation and Inverse Probabil-
ity Weighting.

4.1.1 G-Computation

The G-computation method (Hernan and Robins| [2020) is an outcome-based
approach to covariate adjustment. The idea can be model in two different steps.
The first step consists of modelling the outcome directly as a function of both
the treatment and the covariates:

fi(d, X;) = E[Y; | D; = d, X;]

fi(d, X;) can in principle be estimated by any machine learning algorithm, in-
cluding non-parametric methods. The average treatment effect is then recover
in the second step by standardisation over the covariate distribution:

LS LX) — (0, X))

i=1

io =

By fixing the treatment status and compute the treated and untreated potential
outcomes using the fitted model, the model gives the estimation of the average
causal effect across the population. However, as noted by Hernan and Robins
(2020), G-Computation does not naturally propagate the uncertainty arising
from the estimation of i, which can lead to overconfident confidence intervals.

4.1.2 Inverse Probability Weighting

An other method, also discussed in Hernan and Robins| (2020), is Inverse Prob-
ability Weighting (IPW). In this method, rather than modelling the outcome as
in the G-Computation method, the goal is to reweight each observed outcome
by the inverse of the individual’s probability of receiving the treatment, known
as the propeunsity score e(X;) = P(D; = 1 | X;). The final estimation of the
effect is defined as:

) I~ [DiY:  (1-DyY;

7 =— —

W=y Z {é(Xi) 1—é(X;)
1=

The intuition is that by putting more weight on individuals who received a

treatment that was unlikely given their covariates, and putting less weight on

those for who it was likely, and the IPW reconstructs a pseudo-population in

which D; is independent of X;, restoring a valid comparison between the two
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groups.

A known limitation from this model is its sensitivity to extreme propensity
scores. In fact, the estimation becomes unstable when the propensity scores is
close to 0 or 1. In our data, the global compliance rate is 12%, meaning that
some individuals in the action group have a low estimated probability of using
the treatment given their covariates. It makes the IPW estimator not perfectly
suited to our setting.

4.1.3 Double Machine Learning

Where the G-computation fits a model to explain the outcome Y and IPW
fits a model to predict the probability of treatment uptake D, the Double Ma-
chine Learning method, introduced by |Chernozhukov et al.| (2018)), does both
simultaneously. It corrects the influence of the covariates X; through two mech-
anisms: the partialling-out and the cross-fitting procedure. Under these con-
ditions, |Chernozhukov et al.| (2018) establish that the resulting estimator is
\/n-consistent and asymptotically normal, even when flexible machine learn-
ing models are used for the nuisance functions. The Double Machine Learning
method is explained in details in Section [£.4]

For these reasons, the Double Machine Learning framework is the most appro-
priate choice in our setting. It improves the robustness of the G-Computation
and the potential instability of IPW under low compliance, while providing valid
inference without requiring parametric assumptions on the functional form of
the nuisance functions.

4.2 Pseudo-Observations

The pseudo-observation approach, based on |Andersen and Perme| (2004)), solves
the problem of censored information by transforming the censored survival times
into a set of uncensored quantities that can be used in any standard regression
model.

4.2.1 Construction of Pseudo-Observations

The key challenge in survival analysis is that the outcome Y; cannot be fully
observed for a subset of individuals. In fact, because of the administrative cen-
soring problem, some of the clients are still retained at the end of the observation
window. To help us in the formalisation, we first have to define the two core
quantities of survival analysis.

The first quantity is the survival function S(¢) that represents the probability
of an individual to survive beyond time t. Formally,
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S(t)=P(Y >t), t>0 (4.2)

By construction, S(0) = P(Y > 0) = 1 meaning that all clients are retained at
time 0 and S(t) is a non-increasing function of ¢. In our setting, S(¢) represents
the probability that a client is still retained at month ¢.

The second quantity is the Restricted Mean Survival Time (RMST) representing
the expected survival time truncated at a fixed horizon 7. Formally,

u(7) = E[min(Y;, 7)] = B[Y; A 7] = /0 " st dt (4.3)

Therefore, in our data, E[Y; A 7] represents the expected number of months
a client remains subscribed, truncated at horizon 7. It means that min(Y;,7)
equals Y; if the client churned before 7, and equals 7 if the client is still retained
at the end of the observation window. The equality E[Y;A7] = [ S(t) dt follows
from the standard result for non-negative random variables. Starting from the
definition:

EYintl= | PYiAnT>t)dt

P(min(Y;,7) > ) dt
P(Y; > ) dt
S(t)dt (4.4)

Where the third equality holds because for ¢ € [0, 7], the event {min(Y;, 7) > ¢}
is equivalent to {Y; > t}, since 7 > ¢ is always satisfied on this interval.

In our data, S(t) and p(7) are unknown and must be estimated from the data
(S(t),ii(1)). S(t) has already been defined in Chapter |2 as:

N d
so=T] (1- % (4.5)
3 <t ( (]))

Where at each observed churn time, the estimator is updating the survival prob-
ability by multiplying the current estimate by the fraction of individuals who
did not churn yet. Censored individuals contribute to the risk set r(;) up to
their censoring time, after which they are removed from the at-risk pool.

We can illustrate the situation by considering the five observations in Table
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Table 4.1: Sample of randomly selected observations from the data

Age group  Age  Wave Seniority Web visit Gender M Treatment Treatment Accepted TimeToBvent Censored

missing group assignment category Treatment Surv
“[45.59] 1 1 13.0 1 0 1 30E_voucher 0 13 1
[45.59] 1 1 12.0 0 1 1 30E_voucher 1 3 0
[45,59] 0 1 13.0 0 0 1 30E_voucher 0 5 0
[45,59] 0 2 13.0 0 1 0 — 0 9 1
[60,110] 0 1 14.0 1 0 1 30E_voucher 0 7 0

In this table, two individuals have in the columns Censored: Censored = 1
(still retained at the end of the survey) and the three others have Censored = 0
(churned). If we use the naive approach by treating the five observations as if
they churned at their observation time, it would underestimate the true retention
time. The solution is to use the pseudo-observation approach that avoids this by
reweighting each individual’s contribution to the RMST. In fact, we can obtain
the RMST by integrating the KM curve as follows:

i) = /O S ar (4.6)

The pseudo-observations are then obtained for individual ¢ at time horizon 7 by
using a jackknife procedure:

6 =n-j(r) = (n—1)- i~ () (4.7)
where 4~%(7) is the RMST estimated on the observations without individual

7, and n represents the number of observations. Intuitively, 0; measures the
influence of individual ¢ on the overall RMST.

For example, if we consider the five observations from Table [£.1}

e The first individual with Y = 13, Censored = 1 is still retained at the end
of the observation window. Removing this individual eliminates a long-
surviving observation from the risk set r(;) at every time point, which
decreases S’(t) and therefore decreases fi~%(7). This produces a large
pseudo-observation éi, reflecting a long retention time.

e Conversely, the second individual with Y = 3, Censored = 0 churned very
early. Removing this individual eliminates an early churn event, which
increases S (t) at t = 3 and therefore increases ‘(7). This produces a
small pseudo-observation éi, reflecting a short retention time.

e The individuals with Y € {5,7}, Censored = 0 churned at intermedi-
ate times and have a moderate impact on (1), yielding intermediate
pseudo-observations.

e The individual with Y = 9, Censored = 1 is still retained at month 9.
Similarly to the first individual, removing them decreases ji~¢(7), produc-
ing a relatively large pseudo-observation, though smaller than for ¥ = 13
as their censoring occurs earlier.
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Table 4.2: Pseudo-observations at 7 € {6,9,13} months for the sample obser-

vations
Age group Wave Treatment Accepted TimeToEvent Censored 6;(71=6) 0;(r=9) 0;(r=13)
assignment Treatment Surv
[45,59] 1 1 0 13 1 6.0 9.0 13.0
45,59] 1 1 1 3 0 2.5 2.5 25
[45,59] 1 1 0 5 0 4.5 4.5 4.5
[45,59] 2 0 0 9 1 6.0 9.0 —
(60,110] 1 1 0 7 0 6.0 6.5 6.5

indicates that 6; (7 = 13) is not defined for Wave 2 as the observation window is limited to 9 months.

In Table we see the resulting pseudo-observations at 7 € {6,9,13} month
for the five observations of Table .1l Table [£.2]illustrates how censored obser-
vations are handled through reweighting rather than being discarded or naively
imputed. The pseudo-observations are computed separately for each wave to
account for the difference in observation windows. For Wave 1, we compute
pseudo-observations at T € {6,9, 13} months as we have information until time
13. For Wave 2, the observation window is limited to 9 months and pseudo-
observations are therefore computed at 7 € {6,9}. Thus, for the individuals in
Wave 2, the pseudo-observations at 7 = 13 are undefined.

The fundamental property of pseudo-observations, established by |/Andersen and
Perme| (2004), is that under the assumption of independent censoring:

E(0: | X;) = E(Y; A7 | X)) (4.8)

where Y; A 7 = min(Y;, 7). This means that 6, is an approximately unbiased
estimator of the individual’s expected restricted survival time, conditionally on
their covariates. As a result, pseudo-observations can be used as a substitute
for the unobserved uncensored outcome in any standard regression or machine
learning model, without requiring parametric assumptions on the survival dis-
tribution.

4.3 ITT and CACE with censored information

Having resolved the censoring problem through pseudo-observations, we can
compute the true ITT and CACE while properly accounting for censored ob-
servations.

The ITT, as we have seen, is defined as:
ITT=E[Y|Z=1-E[Y |Z =0 (4.9)

And the problem is that, in our case, Y; is not fully observed for censored
individuals, so we cannot directly compute E[Y | Z = z]. However, by the
fundamental property of pseudo-observations established in Equation 4.8

E(0; | Xi) ~ E(Y; AT | X)) (4.10)
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So now, if we take expectations over X; and conditioning on Z = z, this implies
that the group-level RMST can be consistently estimated by the sample mean
of pseudo-observations within each group:

1 ~
ElY; 7=z~ — ;= [l 4.11
[Yint| 2] n Z 0; = fi=(7) ( )
We can write the pseudo-ITT as:
ITT parst(7) = fu (1) — fio(7) = / Si(t)dt — / So(t) dt (4.12)
0 0

where Sy (t) and Sy(t) are the probabilities of surviving on time t for the action

and control groups respectively. We evaluate IT/\TRMST(T) at 7 € {6,9,13}
months to capture the short-term, medium-term, and long-term effect of Z on
retention.

Similarly, the pseudo-CACE is defined as:

— I'/I"\I‘R]\/[ST(T) ,al (T) B ﬂO(T)
CACE = = 4.13
rarst(7) o EDZ=1-ED[Zz=0 1
where E[D | Z = 0] = 0 as there is no contamination in the Euroconsumers
data.

Confidence Intervals. We can compute the 95% confidence interval for the
ITTgarsr using the sandwich variance estimator. In fact, since ITT garsr(7)
is a difference of two independent sample means of pseudo-observations, its
variance is:

)

90

~2
Var (ITTRMST) _Jy (4.14)
ni

o

Where 67 and 67 represent the variance in the action and control group, n4
and ng represent the number of observation in the action and control group.
With the help of the Central Limit Theorem, since the pseudo-observations 0;
are independent across individuals and their variance is finite, the sample mean
within each group converges in distribution to a Gaussian:

Vi (i (7) = pa (1) L N(0,02) (4.15)

For the CACE RMST, Since it is a ratio of two estimators, the variance is obtained
by the Delta Method:

— l (— /—— —— Te(l —7
Var (CACERMST) - (Var (ITTRMST) + CACE Ry sy - M)

7AT2 ny

‘ (4.16)
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where the second term captures the uncertainty in the estimated compliance
rate 7., modelled as a Bernoulli proportion. The covariance between ITT gars7
and 7. is zero by randomisation, since Z; is independent of all individual char-
acteristics.

Table 4.3: Summary of ITT rusT(T) and CACE rusT(T) Estimates at different
Horizons (1)

Horizon / Group I’/I‘\TRMST (months) 95% CI CKEJERMST (months) 95% CI
7 = 6 months — Short-Term
Voucher (Z =v) 0.0488 [—0.0130, 0.1106] 0.3345 [—0.0897, 0.7587]
Discount (Z = d) 0.0539 [~0.0080, 0.1157] 0.5712 [—0.0863, 1.2287]
7 =9 months — Medium-Term
Voucher (Z =v) 0.1153 [0.0050, 0.2256] 0.7906 [0.0328, 1.5485]
Discount (Z = d) 0.1307 (0.0204, 0.2410] 1.3860 (0.2117, 2.5603]
7 = 13 months — Long-Term (Wave 1 only)
Voucher (Z =v) 0.1832 [~0.0717, 0.4381] 1.1900 [—0.4680, 2.8480]
Discount (Z = d) 0.1830 [-0.0719, 0.4379] 1.8121 [-0.7187, 4.3429]

Table summarises the TTT ryvsT and CACE rymsT(T) in the three time hori-
zons. A clear pattern emerges: the ITT rumsT effect grows monotonically with
the time horizon, suggesting that the effect of being assigned to the action group
accumulates over time rather than being concentrated in the short term. The
uncertainty also increases with the time horizon, producing wider confidence in-
tervals. The only statistically significant estimates are found at 7 = 9 months,
for both the ITTgyrs7 and the CACERps7. It is in fact the larger 7 with all
the observations and it tends to reduce the variance as seen in Equation
This instability can also be explained by a small compliance rate that makes
the variance of the CACE increased as 72 is small in the two treatments.

As discussed in Section [3:2] the results in Table [£:3] are already causally valid
thanks to the randomization of Z. However, the covariates X; also influence
both the probability of using the treatment and the outcome. Adding covariate
adjustment through the Double Machine Learning framework will not correct
for bias but will reduce the residual variance of the estimates, leading to more
precise inference. However, as discussed in Section [1.4:4] this comes at the cost
of the conditional unconfoundedness assumption.

4.4 Double Machine Learning

In this section, we address the second limitation: the covariates X; explain
part of the variation in both the treatment receipt D; and the outcome 0;.
The Double Machine Learning framework, introduced by |Chernozhukov et al.
(2018), explicitly removes this variation, reducing the residual variance and
yielding more precise estimates of the causal effect. It is important to note that
this improvement in the variance relies on the conditional unconfoundedness
assumption, developped in subsection [£.4:4]
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4.4.1 Step 1 : Nuisance Functions

The first step consists of estimating two nuisance functions that capture the
effect of the covariates X; on the outcome and on the treatment respectively.

We call them Outcome Regressions and Propensity Score:

mo(X;) = E(0; | X;) (Outcome Regressions)

p(X)=P(D;=1|X;,Z; =1) (Propensity score)

where 6 represents the RMST pseudo-observation for individual ¢. The goal
of the Outcome Regression (1g(X;)) is to use any suitable machine learning
technique to capture the variation in the pseudo-observed retention time 6, that
is explained by the covariates alone. It is estimated on all individuals who did
not use the treatment (D; = 0) by including the control group (Z = 0) and
the never-takers (Z = 1,D = 0), in order to avoid that the treatment effect
contaminate the estimation of the baseline outcome.

The propensity score p(X;) estimates the probability of using the treatment
given the observed characteristics of individual 4, the propensity score could
also be estimated by any suitable machine learning model. In our case, we use
a Linear Regression for my and a Logistic Regression for p. Other models, such
as Random Forest or Gradient Boosting, were also tested but did not lead to
significantly different estimates of 7. Linear and Logistic Regression were there-
fore retained for their interpretability, as their coefficients can be directly read
and discussed in Section 4.5

To avoid overfitting, the DML framework uses a cross-fitting procedure (Cher-
nozhukov et al., [2018]). Meaning that the data are split into K folds. For each
fold k, mg and p are estimated on the remaining K — 1 folds, and the residuals
Y; and D; are computed on fold k.

4.4.2 Step 2 : Partialling Out and Final Estimation

The second step consists in removing the variation explained by the covariates
from the outcome and the treatment, by computing the residuals:

Vi = 0; — 1o (X;) (4.17)

D; = D; — p(X;) (4.18)

We see in equation [£.17) and equation that the goal is to have the result-
ing residuals with Y; and D; that represent the outcome not explained by the
covariates and the probability of being treated not explained by the covariates
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respectively. By construction, both residuals are orthogonal to X;, which elim-
inates the confounding effect of the covariates.

The causal effect 7 can now be estimated via :

}71':7A'~Di—|—€i (419)

Since both residuals are orthogonal to X;, the OLS estimator of 7 in Equa-
tion is consistent and asymptotically unbiased under the regularity condi-
tions of |Chernozhukov et al.| (2018).

Z?:l Dzi/z
==l
Yoy D}
The estimator represents the average effect of using the treatment on the re-

stricted survival time 6;, adjusted for the confounding influence of the covariates
X;.

’7A':

(4.20)

To quantify the uncertainty around the estimation we can build 95% confidence
interval. In fact, under the regularity conditions of |(Chernozhukov et al|(2018)),
7 is asymptotically normal:

v —7) % N0, V) (4.21)

where V' is estimated by the heteroscedasticity-robust sandwich variance esti-
mator, which remains valid without any parametric assumption on the distri-
bution of ;. It means that this asymptotic result does not require the data
to follow a normal distribution and it relies on the large sample size and the
independence of observations, allowing the construction of valid 95% confidence
intervals without any parametric assumption on the distribution of Y or D.

4.4.3 Results on the Euroconsumers Data

The survival time and censoring columns are first transformed into pseudo-
observations 6; in three different horizons 7 € {6,9, 13} months, corresponding
to short-term, medium-term, and long-term retention effects. As discussed in
Section pseudo-observations at 7 = 13 months are computed on Wave 1
only, as Wave 2 covers only 9 months of follow-up.

We use a Linear Regression for the outcome regression 1mg and a Logistic Re-
gression for the propensity score p, with K = 5 cross-fitting folds. We first
estimate the effect of the treatment without making distinction between the
voucher and the discount (D; = 1). By combining the two treatments into a
single binary variables, it violates the SUTVA assumptions, thus, the results are
biased, as discussed in Section [3.5] Then, we separate the data by treatment
type to restore the SUTVA assumption and the result are not biased.
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Overall Treatment Effect

Table 4.4: DML Estimates of the Overall Treatment Effect 7 at Three Horizons

Horizon 7 (months) SE CI 95% p-value
T=6 0.5117 0.0011 [0.5095, 0.5139] < 0.001
T=9 0.9796 0.0019 [0.9759, 0.9833] < 0.001
T=13 1.6289 0.0038 [1.6215, 1.6363] < 0.001

7 = 13 restricted to Wave 1. p < 0.001.

In a first time, we identify the effect of the treatment on the retained without
making distinction between the two treatment and violates the SUTVA assump-
tion. And then, we identify the effect of the two treatment on the retained time.
Table [£.4] summarises the Double Machine Learning estimations of the causal
effect of treatment uptake on restricted survival time at the three horizons.
The estimation grow monotonically with the time horizon. And all estimates
are highly statistically significant (p < 0.001) with narrow confidence intervals,
reflecting the precision gained from the large sample size and the covariate ad-
justment.

Treatment Effect by Type

Table 4.5: DML Estimates by Treatment Type at Three Horizons

Horizon Treatment 7 (months) SE 95% CI p-value

T=06 Voucher (Z = v) 0.4148 0.0012 [0.4124, 0.4172] < 0.001

Discount (Z = d) 0.6951 0.0021  [0.6909, 0.6993] < 0.001

T=9 Voucher (Z = v) 0.7341 0.0021 [0.7300, 0.7381] < 0.001

Discount (Z = d) 14534 0.0040 [1.4457, 1.4612] < 0.001

T=13 Voucher (Z =v) 1.2659 0.0042 [1.2578, 1.2740] < 0.001
]

Discount (Z = d) 2.3822 0.0109 [2.3608, 2.4035
7 = 13 restricted to Wave 1. *** p < 0.001.

< 0.001

Table shows the estimations of the causal effect across the three horizons.
Similarly, of the previous identification of the ITT, the effects of the voucher and
the discount are not similar in all the different horizons it gradually increasing,
the use of the discount suggests a bigger impact on the retention time of clients.

4.4.4 Unconfoundedness Assumption

It is important to note that the Double Machine Learning framework presented
in this section relies on the conditional unconfoundedness assumption:
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Yi(d) L D; | X; (4.22)

The assumption means that the observed covariates X; (Age Group, Senior-
ity, WebVisit Group, Gender) are sufficient to fully account for all confounding
between treatment receipt D; and the outcome Y;. Intuitively, it means that
conditional on X;, there are no unobserved characteristics U; \ X; that simul-
taneously influence the probability of using the incentive D; and the retention
time Y;. This assumption cannot be tested from the data and is stronger than
the IV framework developed in Chapter (3] which explicitly corrected for unob-
served confounding by using the randomized assignment Z; as an instrument.

If the conditional unconfoundedness asumption is violated, 7 cannot be given
a causal interpretation, but the nuisance fonction coefficients retain their in-
terpretability of the coeflicients. In fact, the outcome regression mg describes
how the observed covariates X; are associated with retention time, and the
propensity score p(X;) describes which client profiles are more likely to use the
incentive.

An extension that does not require this assumption is the Double Machine
Learning IV (DMLIV) framework, also introduced by |Chernozhukov et al.|(2018)).
The main difference is in the final estimation step. In the classical DML, the
causal effect is estimated by regressing the outcome residuals Y; on the treat-

ment residuals D;:
Z;L:1 Diy;
> i D

In the DMLIV, the instrument Z; is additionally residualized with respect to
X, to obtain Z;, and the final estimator becomes:

TDML = (4.23)

Z?:l sz/z
By using Z; in place of D; in the numerator, the DMLIV exploits the exogenous

variation in D; induced by the instrument Z;, correcting for the endogeneity of
D;.

TDMLIV = (4.24)

In our situation with the data from Euroconsumers, the conditional uncon-
foundedness is difficult to fully justify given the limited number of observed
covariates available. For example, a client facing financial difficulties may be
simultaneously more likely to use a monetary incentive and more likely to cancel
their subscription, a relation that the covariates X do not capture. Similarly,
some client may have subscribed to Euroconsumers for specific reasons, time-
limited purpose, which would also affect their retention independently of their
observed characteristics. The goal of these two example is to illustrate that a
lot of possible unobserved confounding is plausible in this setting, and that the
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DML estimations should therefore be interpreted with caution. The goal of this
model is to be seen as a complement of the IV-based estimation in Chapter[3] In
fact, the advantage of the DML approach in this context is the interpretability
it provides through the coefficients of outcome regression and the propensity
score as discussed in next Section.

4.4.5 Nuisance Functions : Interpretability

With the help of our two linear models the estimated coefficients are directly
interpretable for the Outcome Regression (mg) and the Propensity Score p:

Table 4.6: Coefficients of the Nuisance Functions

Covariate Outcome Regression (my) Propensity Score (OR) p
Intercept 10.504 —

Seniority —0.201 0.871
WebVisit_Group —0.033 2.251

Gender M +0.365 0.956

Wave 0.000 0.573
Age_missing —1.143 0.623
Age_[30,44] +1.280 1.233
Age_[45,59)] +1.621 1.116
Age_[60,110] +1.940 1.407

Bold indicates significance at the 1% level (p < 0.01).

Table shows the coefficients of the two nuisance functions, estimated on
Wave 1 at 7 = 13. Bold values indicate significance at the 1% level. In the
outcome regressions g, we can identify that the variables Age have a large
coefficient and a positive effect on retention than when Age is between 18 and
29 and an Age missing has a negative impact on the prediction of the retention.
In addition, the seniority has a small but significant negative effect (—0.201
months per additional month of Seniority). Being a male has also a significant
positive impact, while WebVisit_Group and Wave are not significant.

4.4.6 Financial Analysis

The goal of this subsection is to quantify the financial impact of the campaign
on Euroconsumers. The analysis is separated by in two fort the treatments and
also separated by the two sets of assumptions, corresponding to the two causal
frameworks developed. We assume that each client generates a revenue of € 20
per month for Euroconsumers.
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Financial Analysis under the IV Framework

The first analysis uses the CKEERMST(T) estimates from Section 7?7, which
are causally valid under the IV assumptions verified in Chapter [3] and it also
captures the effect of the observed and unobserved characteristics (U). In this
first case, since the only significant estimates are found at 7 = 9 months, the
financial analysis is conducted at this horizon.

Voucher The cost of a voucher is assumed to be € 30. Although Euroconsumers
may obtain vouchers at a lower cost through partnerships, we retain the face
value as a conservative assumption. The CACEgps7(9) for the voucher is 0.791
months, and there are 984 compliers.

Cost = 30€ x 984 = 29,520€
Revenue = 20€ x 0.791 x 984 = 15,559€
Net = 15,559€ — 29,520€ = —13,961€
Discount. The discount corresponds to a 50% reduction on the monthly sub-
scription for six month. Since the monthly revenue per client is € 20, the cost

per complier is € 10. The CEERMST@) for the discount is 1.386 months, and
there are 636 compliers.

Cost = 10€ x 636 x 6 = 38,160€
Revenue = 20€ x 1.386 x 636 = 17,630€
Net = 17,630€ — 38,160€ = —20,530€

To account for the uncertainty in the CACE rusT(9) estimates, we also propa-
gate the 95% confidence intervals into the financial results:

Table 4.7: Financial Analysis under the IV Framework (7 = 9 months)
Treatment Cost (€) Revenue (€) Net (€) Net 95% CI (€)

Voucher 29,520 15,559 ~13,961  [—28,874, +954]
Discount 38,160 17,630 —20,530  [—35,467, —5,593]

The final results for the voucher campaign, under the IV framework, yields a
result that oscilliates between —28,874€ and +954€ while the discount cam-
paing yiels between —35,467€ and —5,593€. The voucher treatment suggests
a possible profitability where the discount treatment suggests significant lost.

Financial Analysis under the DML Framework

The second analysis uses the DML estimates from Section[£.4] which rely on the
conditional unconfoundedness assumption (Discussed in Section [4.4.4)). The es-
timates are statistically significant at all three horizons that is why we conduct
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the analysis at 7 = 9 months for comparability with the IV framework, and at
7 = 13 months for a longer-term perspective.

By using the same costs as for the IV framework and by using the confidence
interval find in Table [1.5] we obtain the results:

Table 4.8: Financial Analysis under the DML Framework
Horizon Treatment Cost (€) Revenue 95% CI (€) Net 95% CI (€)

T=9 Voucher 29,520 14,366, 14,526] [—15,154, —14,994]
Discount 38,160 18,395, 18,586 [—19,771, —19,574]
7=13  Voucher 29,520 24,754, 25,072 [—4,766, —4,448]
Discount 38,160 30,029, 30,573] [~8,131, —7,587]

Revenue CI = €20 x [lbz, ub;] X mnc. Net CI = Revenue CI — Cost. 7 = 13 restricted to Wave 1.

In the both framework, the two campaigns are significantly not profitable, be-
cause of their high cost relatively to their positive retention effect it generates.
The DML estimation at 7 = 13 months suggest a more optimistic picture for
the discount and the voucher as the effect of the incentive is increasing through
the time but it keeps being not profitable. The results should by interpreted
with caution knowing the conditional unconfoundedness assumption is consid-
ered true.

In the IV framework and in the DML, the financial analysis suggests that neither
campaign is profitable. However, the voucher appears to yield smaller net loss
than the discount, thus, replacing the discounts by the vouchers would reduce
financial losses.
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Chapter 5

Meta Learners

The goal of this chapter is to identify the most responsive clients to the cam-
paign and to see how this information can improve the profitability of future
campaigns. The goal of the DML and the IV framework were to identifiy the
effect of using the incentive on the retention of the client by providing a single
average causal effect 7. The DML helps to identify which characteristics could
influence the outcome retention and the propensity score but it does not identify
the profiles that respond the most strongly to the treatment. If Euroconsumers
wants to target only the most responsive clients to maximise his profitability
rather than sending incentives to all clients. To adress this approach, we in-
troduce the Meta-Learner framework, which estimates heterogeneous treatment
effect at the individual level by using machine learning techniques.

Change of notation In this new framework, the treatment variable D; is
abandon and we use directly the randomized assignment Z; directly. Therefore
the notation is redefined through the chapter as:

e Y;(1) denotes the potential retention time of individual ¢ if assigned to the
action group (Z; = 1)

e Y;(0) denotes the potential retention time of individual ¢ if assigned to the
control group (Z; = 0)

e The treatment effect is the effect of the email, not of using the incentive

As discussed in Chapter 3] since Z; is randomly assigned, Z; L U; holds by
design and we don’t have endogeneity issue and conditional unconfoundedness
assumption is automatically satisfied. The estimated heterogeneous effect there-
fore has a direct causal interpretation.

The Meta-Learner regroups different models such as the S-Learner, the T-

Learner and the X-Learner that we will defined in this thesis. The theoreti-
cal framework used in this section follow the documentation of the CausalML

o1
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(Chen et al.| |2020) and EconML (Battocchi et al., [2019) packages, which pro-
vide open-source Python implementations of all three methods. The X-Learner
is the most robust method of the three meta learners and it is therefore the only
one fitted on the Euroconsumers data. Before defining the three meta-learners,
we introduce a new metric called the Individual Treatment Effect (ITE).

5.1 Individual Treatment Effect

A new metric we have to introduce is called the Individual Treatment Effect
(ITE) for individual 7 and is defined as:

ITE; = Y(1); — Y(0), (5.1)

Where Y (1); represents the potential outcome in the action group for individ-
ual ¢ and Y'(0); the potential outcome in the control group for individual i. As
shown in Table it is impossible to identify the ITE; by direct observations:
for each individual, one of the two potential outcomes is observable and the
other is not (counterfactual).

Table 5.1: Sample of randomly selected observations — Fundamental problem

of causal inference

Age_group Wave Seniority Web visit Treatment Treatment Accepted TimeToEvent Censored Y(1) Yi
group assignment category voucher Surv
[60,110] 1 15.0 2 0 0 13 1 ?
[45,59] 1 13.0 50_discount, 0 5 0 5
[30,44] 1 13.0
[t 2
[ 2

0) Y(1)-Y(0)
ITE

1 5
1 30E_voucher 1 14 0 14
1 30E_voucher 0 7 0

0 — 0 9 1 7

60,110] 14.0
30,44] 13.0

PO |

[CECRCRY
© e

What can be estimated instead is the Conditional Average Treatment Effect
(CATE):

CATE; = E[Y;(1) - Y;(0) | X = X;] (5.2)

It represents the average treatment effect for individuals that share the same
profile X;, and it is the best estimable approximation of the individual-level
effect.

5.2 S-Learner

The S-Learner is the simplest meta-learner as it fits a single model M (X, Z) on
the entire dataset, using both the covariates X; and the treatment indicator Z;
as features.

M(X,Z) = E[0; | X;, Zi] (5.3)
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We can compute the CATE by prediction the outcome twice for each individual
by fixing the assignment Z = 1 and Z = 0, and by taking the difference:
— S
CATE, = M(X;,1) — M(X,,0) (5.4)

For the three meta learners any regression algorithm can be used for the outcome
models M. However, a known limitation of the S-Learner is that some machine
learning models apply to avoid overfitting, which can shrink the coefficient of
Z;. In that case, the difference M (X;,1) — M(X;,0) is shrunk towards zero and
the CATE is biased.

5.3 T-Learner

The T-Learner addresses the limitation of the S-Learner by fitting two separate
models: one is fitted on the control group and one for the action group:

My(X) = E[b; | X, Z; = 0] (5.5)

M (X)=Elb; | X;, Z; =1] (5.6)
The CATE is then estimated as the difference between the two predictions:

CATE, = My(X;) — My(X,) (5.7)

A limitation of the T-Learner is when the two groups are very unbalanced in
size, the model trained on the smaller group will have higher variance.

5.4 X-Learner

The most complete meta-learner is the X-learner, it estimates the CATE in two
different stages. The X-Learner exploits the observed outcome of each group
to estimate the counterfactual outcome of the other group, which can lead to
more efficiency in the estimates, especially when the two groups are unbalanced
in size, which is the case the data from Euroconsumers with 3,367 observations
in the control group and 6,744 in the action group of the discount and 6,749
observation in the action group with voucher.

First Stage: Outcome Models

The first stage consists of estimating two outcome models, one for each group,
using any suitable machine learning algorithm:

My(X) = Elb; | X;, Z; = 0] (5.8)

My(X) = El; | X, Zi = 1] (5.9)
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where My(X) is trained on the control group (Z; = 0) and M;(X) is trained
on the action group (Z; = 1). Each model learns the relationship between the
covariates X; and the pseudo-observed retention time 6; within its respective

group.

Second Stage: Imputed Treatment Effects
In the second stage, the X-Learner uses the predictions of My(X) and M;(X)

to impute the individual treatment effects for each group separately:

D} =0; — My(X;) foric{Z; =1} (5.10)

Intuitively, ﬁzl represents the estimated treatment effect for individuals in the
action group: it compares their observed outcome 6, to what My (X) predicts
they would have obtained had they been in the control group. Similarly, ﬁ?
represents the estimated treatment effect for individuals in the control group: it
compares what M; (X) predicts they would have obtained in the action group
to their observed outcome él

Two CATE models are then trained on these imputed effects:

0(X) = M3(D° ~ X°) (5.12)

1 (X) = My(D' ~ X1) (5.13)

Final Aggregation

The final CATE estimate is obtained as a propensity-weighted combination of
the two CATE models:

7(X) = g(X) - 70(X) + (1 = g(X)) - (X)) (5.14)

where g(X) = P(Z; = 1| X;) is the propensity score, estimated from the data.
The propensity score serves as a weighting function: when ¢(X) is large (i.e.
most individuals with profile X are in the action group), more weight is given
to 79(X), which is estimated more reliably on the control group. Conversely,
when ¢(X) is small, more weight is given to 7 (X).

The full procedure is illustrated in Figure[5.1| (It does not have the same notation
as in the thesis but it offers visualisation of the method used).
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Figure 5.1: X-Learner Procedure

5.4.1 X-Learner on the data from Euroconsumers

We have to built to distinct analysis with the X-Learner to respect the SUTVA
assumption, as if we don’t make the distinction Y;(1) could represent the poten-
tial retention time if receiving the email with the voucher and with the discount
which is not the same treatment. In both the study, the control group is set
as the control group and we separate the action group in two with Z = v and
Z =d, as in Figure

The mean CATE for the voucher (0.130 months) and the discount (0.147 months)
are consistent with the IT/\TRMST estimates of 0.115 and 0.131 months reported
in Table which validates the X-Learner estimation at the population level.
We also observe a large deviation indicating the heterogeneous individual re-
sponses to the assignment variable. Some individuals have negative CATE val-
ues, suggesting that for some client, receiving the email reduce the retention of
the clients.

In the voucher study the most responsive profile is a female aged above or equals
to 60, with the maximum seniority of 15, and a high web activity and in wave
1. The model predicts a CATE of 0.589 months for this individual suggesting
that her different characteristics positively affect the CATE. Similarly, in the
discount study, the most responsive profile is a male aged between 30 and 44,
with a seniority of 13 and a high web activity, with an estimated CATE of 0.720
months. It is also interesting to note that the five most responsive observations
to the discount study are all the same suggesting that this combinations of co-
variates has a positive impact on the CATE.

In Figure we see that the two uplift curves of the two assignment. In both
case, the curves lies above the random baseline, confirming that targeting the
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most responsive clients identified by the model yields a much higher cumulative
gain than random targeting. It suggests that Euroconsumers could improve the
profitability of its later campaigns by targeting approximately the top 50 or 60%
(Starts decreasing at this point) of clients ranked by predicted CATE, rather
than sending the incentive to the entire population.

Table 5.2: X-Learner CATE Summary Statistics at 7 = 9 months

Treatment n total n treated n control Mean Std Min / Max

Voucher 10,116 6,749 3,367 0.130  0.181 [-0.505, 0.589]
Discount 10,111 6,744 3,367 0.147  0.239 [-0.554, 0.720]

Table 5.3: Most Responsive Client Profile — Voucher (7 = 9 months)

Age Group Seniority WebVisit Gender_M Age missing Wave CATE
[60,110] 15.0 2 0 0 1 0.589

The top 5 individuals all share the same covariate profile
Table 5.4: Most Responsive Client Profile — Discount (7 = 9 months)

Age Group Seniority WebVisit Gender-M Age missing Wave CATE
30,44] 13.0 2 1 0 1 0.720

The top 5 individuals all share the same covariate profile

Uplift Curve — Voucher | T=9 months Uplift Curve — Discount | T=9 months

—— Voucher (X-Learner)
0.20 ---- Random targeting

—— Discount (X-Learner)
---- Random targeting

= =
o o
° &
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&
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Figure 5.2: Uplift Curves



Chapter 6

Conclusion

This thesis identified the causal effect of a marketing campaign conducted by
Euroconsumers on client retention, using two different frameworks: the Ran-
domized Controlled Trial (RCT) framework that we have used with the Instru-
mental Variable framework, and the Causal Machine Learning framework with
the Double Machine Learning technique and Meta-Learners. The campaign was
randomly divided into three groups of clients: one group received an email con-
taining a 30-euro voucher, another group received an email containing a 50%
discount on their subscription for six months, and the last group received noth-
ing and served as a baseline. The central question was to quantify the effect of
receiving and using such an email on the expected retention time of the clients.

6.1 Summary of Results

Table shows the main estimations obtained across the different method for
both treatment types as 7 = 9 months (with the two waves) and at 7 = 13
(only Wave 1).It is important to add that the ﬁRMST, CEERMST and the
X-Learner are estimated under the IV assumptions and the SUTVA assumption
(see Section 7 whereas the DML requires the conditional unconfoundedness
assumption. In addition, the ﬁRMST and the X-Learner estimate the effect
of being assigned to the action group, whereas the CACEgRyst and the DML
method identify the effect of using the incentive D. The X-Learner approach re-
ports range of minimum and maximum and not confidence interval in Table
Furthermore, the X-Learner should not be used for direct causal interpretation
as it is better suited for campaign targeting. The results of the DML framework
should be interpreted with caution as it requires the conditional unconfound-
edness assumption, though the model produces narrow confidence intervales
compared to the other methods.
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Table 6.1: Summary of causal effect estimates — Voucher vs. Discount

Method Estimand Horizon CI Voucher CI Discount

ITTrust  Effect of Z on Y T=9  [0.005, 0.226]  [0.020, 0.241]

CACEgrMmsT Effect of D on Y (compliers) T=9 [0.033, 1.549] [0.212, 2.560]

DML Effect of D on Y (adjusted) T=9 [0.730, 0.738] [1.446, 1.461]

DML Effect of D on Y (adjusted) 7 =13  [1.258, 1.274]  [2.361, 2.404]
[ [

X-Learner Mean CATE (heterogeneous) T=9 —0.505, 0.589] [—0.554, 0.720]

Table [6.2] shows the financial results of the IV framework and the DML frame-
work. We see that none of the campaign is significantly profitable in the obser-
vation window. The only possible profitable survey is under the IV framework
at 7 = 9 while the other scenarios are clearly making net loss. Under the DML
framework, by increasing the the observations window, we see that the effect of
the incentive accumulates over time and the net loss is decreasing. We may go
to the profitable point beyond the observation window, but it is not possible to
know how the effect of the incentive will be on the long run.

Table 6.2: Summary of financial results — Voucher vs. Discount

Framework Horizon CI Voucher (€) CI Discount (€)

IV framework  Net (€) =9  [-28874 1954  [-35467; —5,593]

DML framework Net CI (€) T=9 [—15,154; —14,994] [—19,771; —19,574]
DML framework Net CI (€) 7 =13 [—4,766; —4,448] [—8,131; —7,587]

6.2 Critical Analysis

The different methods used in this thesis comes with its own set of assumptions,
which must be considered when interpreting the result. At the end, the most
credible results in the thesis are the ITTrysT and CACERumsT, as they rely on
the IV assumptions that were empirically verified when it’s possible in Chap-
ter With the help of the Random Controlled Trials and the Instrumental
variables Z;, it guarantees that the characteristics are correctly balanced be-
tween the two groups, and the instrumental variable isolates the causal effect of
using the incentive through the CACE. However, the resulting confidence inter-
val are large which makes concrete interpretation difficult. These large intervals
are driven by different factors as the low compliance rate (12% overall), and the
restriction to Wave 1 at 7 = 13 months, which reduces the effective sample size.

The DML framwework provides a covariate adjustment to estimate the causal
effect and interpretable nuisance function coefficients. Even if the conditional
unconfoundedness assumption is violated and 7 cannot be given a causal inter-
pretation, the nuisance function coefficients retain their descriptive value: the
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outcome regression Mg describes how the observed covariates are associated with
retention time, and the propensity score p(X;) describes which client profiles are
more likely to use the incentive. Thus, these associations give information but
they don’t require the conditional unconfoundedness assumption. However, as
discussed in Section [£:44] the conditional unconfoundedness assumption is dif-
ficult to justify in our setting given the limited number of observed covariates
and the possibilities of unobserved characteristics. For example, the financial
situation or the subscription motivation could influence both the decision to use
the incentive and the retention time and it is not capture in our model.

The X-Learner is the last model used in our analysis, and it adds complemen-
tary perspective by estimating individual-level heterogeneous treatment effects
and help to build uplift curves that confirm the potential improvement of prof-
itability. Since Z; is used as the treatment variables and we have prove that
it respects the IV assumptions, it is known that the conditional unconfounded-
ness assumption is satisfied. However, the X-Learner cannot directly identify
the effect of using the incentive D;, as it will introduce endogeneity and bias
our estimations.

6.3 Recommendations for Euroconsumers

Based on the results of the different approaches, different recommendations can
be made to Euroconsumers.

A first recommendation is to keep this randomisation assignment between a con-
trol group and a action group as it deletes the confounding effect of observed
and unobserved client characteristics. The treatment assignment variables if it
is randomly assigned can be used as a Instrumental variables and it enables
rigorous causal evaluation.

Neither campaign is significantly profitable within the observation window, the
voucher is preferred compared to the discount. A higher compliance rate is
preferred (14.58% versus 9.43%), and in our setting, a complier in the discount

campaign cost the half of a complier in the voucher campaign for similar effect
on CACERMST.

The X-Learner reveals the heterogeneous reaction of the client to the use of
the incentive. Clients with higher web activity are consistently among the most
responsive profiles for both treatments, suggesting that web engagement is a
strong predictor of campaign responsiveness. By targeting the campaign to the
most active clients, rather than randomly sending emails, it will improve the
profitability of the campaigns.
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