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Resumo

Esse trabalho tem como objetivo modelar predi¢oes contrafactuais em cendrios nos quais,
além das varidveis observaveis (i.e. enddgenas), existem varidveis latentes (i.e. exdgenas)
que afetam as predicoes e, consequentemente, as respostas das perguntas contrafactuais.
Essa situagao é comum em problemas da area de saude, incluindo saude mental. Para isso,
propomos um arcaboucgo onde o problema supracitado é modelado como uma tarefa de
regressao multivariada, e o modelo contrafactual utiliza as varidveis observaveis e também
as variaveis latentes, que nesse trabalho sao referenciadas como fator de individualidade
do paciente (@). No campo de saide mental, o foco em abordagens individuais é fun-
damental, visto que experiéncias passadas podem mudar como uma pessoa vé ou lida
com situagoes atuais, mesmo que essa individualidade nao possa ser diretamente medida.
Ao que tange o conhecimento dos autores, essa é a primeira abordagem contrafactual
que considera varidveis observdveis e latentes, para responder de forma deterministica as
perguntas contrafactuais, do tipo: Se eu alterar o apoio social do paciente, o quanto eu
posso alterar seu nivel de ansiedade? Este framework combina conceitos de aprendizado
profundo de representacoes e inferéncia causal para inferir o valor de @ e capturar efeitos
nao-lineares e multiplicativos das variaveis causais. Experimentos foram feitos tanto em
bases sintéticas quanto em uma base real, referente a saiide mental das pessoas durante
a pandemia de COVID-19. Nessa ultima, foi predito como as mudangas das agoes e per-
cepcoes das pessoas poderiam levar a desfechos diferentes em relagao a sintomas de saude
mental e a qualidade de vida. Os resultados mostraram que o modelo aprende o fator de
individualidade, possibilitando taxas de erro inferiores a 0.05 em analises contrafactuais,
enquanto suas predigoes estavam de acordo com a literatura médica. Esse modelo tem
potencial de recomendar tratamentos personalizados e impactar diretamente a qualidade

de vida de pacientes com problemas de saide mental.

Palavras-chave: inferéncia contrafactual; redes neurais artificiais; saide mental; causal-

idade.



Abstract

This work deals with the problem of modeling counterfactual reasoning in scenarios where,
apart from the observed endogenous variables, we have a latent variable that affects
the outcomes and, consequently, the results of counterfactual queries. The existence of
latent variables is a common setup in healthcare problems, including mental health. We
propose a new framework where the aforementioned problem is modeled as a multivariate
regression and the counterfactual model accounts for both observed and a latent variable,
where the latter represents what we call the patient individuality factor (¢). In mental
health, focusing on individuals is paramount, as past experiences can change how people
see or deal with situations, but individuality cannot be directly measured. To the best of
our knowledge, this is the first counterfactual approach that considers both observational
and latent variables to provide deterministic answer to counterfactual queries, such as:
what if T change the social support of a patient to what extent can I change his/her
anxiety? The framework combines concepts from deep representation learning and causal
inference to infer the value of ¢ and capture both non-linear and multiplicative effects of
causal variables. Experiments are performed on both synthetic and real-world datasets,
where we predict how changes in people’s actions may lead to different outcomes in terms
of symptoms of mental illness and quality of life. Results show the model was able to learn
the individually factor to predict counterfactual with errors below 0.05 and also answers
counterfactual queries that are supported by the medical literature. The model has the
potential to recommend small changes in people’s lives that may completely change their

relationship with mental illness.

Keywords: counterfactual inference; artificial neural networks; mental health; causality.
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Chapter 1

Introduction

The use of machine learning and artificial intelligence has gained more popularity in
both the scientific community and the industry, and it is having a profound impact on
human decision making. This is mainly due to the availability of a large amount of data,
the proposal of more advanced algorithms for data exploration, and the improvement
in computing power and storage. Because of that, there is an increasing demand for
investigating and contributing to the theoretical advancement and practical success of
the use of these techniques both by researchers and practitioners [12].

A common type of question raised in the decision-making process in almost all
domains of knowledge is contemplative: “What if ?”. For example, a physician treating a
patient has to choose between treatment A or B. He recommends treatment A, but her
condition worsens and she dies. A typical question is: “What would have happened if she
had been treated with B instead of A?” Counterfactual inference of hypothetical scenarios
is an approach that can be used to answer these types of questions [35].

Counterfactual inference is the third step of the model of causality presented by
Pearl [35] — called the ladder of causal knowledge — that is based on three steps. The first
step is association, where the model observes the facts and makes conclusions from them.
Most of the machine learning models are at this level, as they are capable of making
predictions based on what they have seen but without deeply understanding the causal
relation. For example, a model of association has the capability of predicting if a patient
has a disease or not given the patient vital signs and results of exams, but cannot say
if the abnormal results are the consequence of the illness or the condition that made it
predisposed to contract the disease.

The second step of the causality model is action, where the system must be able
not only to understand the result of a given situation but also the causal structure behind
it. This enables the system to understand what will happen if a certain action is taken.
In the previous example, a model at the second step has the information (which can be
learned or given as input) that the disease causes changes in the vital signs and impacts
results of exams. Therefore, the model can predict that, giving a treatment to cure the
disease will also stabilize vital signs, while giving treatment to stabilize the vital signs

will not cure the disease.
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Finally, the third step is the counterfactual, a contemplative step where the system
will try to answer questions of an alternative and fictional scenario. This scenario occurs
in the same circumstance as the real one, but different actions would have been taken.
Let us return to the patient who received treatment A and the outcome event of her death
(d), where our evidence is ' = d. Here the model will be able to give either a probability
or deterministic value of the outcome of the fictional world — if the patient would have
survived (E = s) or not (E = d) if she had received treatment B instead of A.

Research on models capable of working in the last two steps of the causality ladder
had a significant increase after Pearl [35] introduced a formal mathematical language
to them, the structural causal model (SCM), which still is the standard framework for
calculating the outcome of counterfactual queries. The SCM is often associated with a
graphical causal model, and since the causal relationship is not cyclic it is often represented
with a directed acyclic graph (DAG), which represents the causal relations of the system
variables.

Counterfactual queries are not only important from a mathematical point of view,
but also from a psychological side. Although most of the time ‘what if* questions are
associated with negative feelings and effects, researches have shown that beneficial effects
may also emerge from counterfactual thinking, mainly because the act of thinking of how
it might have been can suggest knowledge and paths of what may yet to be [38].

The function of counterfactuals is seen not only as a benefit to make individuals
feel better, but also to facilitate individual improvement and allow people to better both
themselves and their surroundings in globally meaningful ways [37]. As these findings show
the importance of counterfactual thinking, we understand that using methods to calculate
and bring this kind of approach to the maximum number of applicable situations possible
is an important step to give insights and contribute to the artificial intelligence field.

The search for counterfactual queries requires one to have all information regarding
a given scenario. This makes these queries difficult to be computed, as the system must
replicate all factors that were present in the original scenario to compute what would have
happened. This necessity of knowing all the information can be better illustrated, again,
in a medical case. Suppose a doctor gives a medicine to treat a patient by analyzing a set
of known variables, but the treatment does not have the expected effect. The difference
from the expected result to the real one can come from the individuality of the patient,
and this same individuality could also affect the result of other treatments. Therefore,
this individuality has to be taken into account by a model in order to understand the real

effects of an action, but it is not necessarily an observable variable.
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1.1 Objectives

In this context, this work has as its main objective to answer counterfactual queries
considering both observational and latent data. For that, the following specific objectives

are tackled:

e We propose a new framework that models the counterfactual problem as a multivari-
ate regression, where the counterfactual considers the existence of both observable

variables and a latent variable ¢, which represents the individuality factor.

e The method is validated in a set of synthetic datasets, given that the nature of
counterfactual examples do not make it possible to mathematically measure the
correctness of the results without the previous knowledge of the individuality (¢)

value.

e We modeled the counterfactual reasoning in a real-world mental health study, fo-
cused on understanding how the conditions are affecting people in the pandemic

context of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2).

1.2 Contributions

This work has contributions for the areas of computer science and psychology, as
detailed below.

1.2.1 Computer Science

The recent advancements in the first steps of the causal ladder are relying upon
working and using causality together with machine learning techniques [2]. This moti-
vated us to present a new framework based on a deep neural network that can answer
questions on the three levels of Pearl’s causal hierarchy, i.e., association, action, and
structural counterfactual, which is validated in a set of synthetic simulated dataset. This
implies that we move from understanding and predicting behaviors and consequences of a

given situation to being able of understanding the consequences of actions in the future.



1.2. Contributions 16

We propose to model the counterfactual problem as a multivariate regression, where
the counterfactual considers the existence of both observable variables and a latent vari-
able ¢, which represents the individuality factor. All variables considered in the model
are exogenous, except ¢, since it is not observable. To the best of our knowledge this is
the first counterfactual approach that considers both observational and latent variables
and can captures both non-linear and multiplicative effects of causal variables.

The framework combines concepts from deep representation learning and causal
inference to infer the value of ¢ and provide deterministic answers to counterfactual
queries. The model is based on a new neural network architecture able to estimate the

value of the latent variable.

1.2.2 Medical and Psychological

Concerning the application of the model to a real health problem, while not being
easy to verify the results, the practical use of counterfactuals has been explored in health-
care applications in the past [34], mainly in the estimation of individual treatment effect
(ITE) also using synthetic or semi-synthetic data [49, 40, 4]. In this case, we have observa-
tional data, called endogenous variables, which contain past actions (medications), their
outcomes (evidences), and records of the patients. The counterfactual inference works to
remove bias or other cofounding from models, since the decision mechanism is not known
(why each medication was given to each patient), i.e., it’s common for patients with worse
health to receive a different treatment than patients who are with better health. This bias
can mislead the counterfactual analysis of how a given patient would have been affected
had it had a different treatment.

Different from the ITE studies, our focus is not on treatment (therefore we do
not have observations of actions), we focus on how changing one’s behavior in a contex-
tual situation (which is represented in our observed variables) may affect both quality of
life - measured using World Health Organization Instrument to evaluate Quality of Life
(WHOQOL-BREF) and symptoms related to somatization conditions, measured by the
Brief Symptoms Inventory (BSI) instrument [11].

Both WHOQOL and BSI are produced based on questionnaires, composed of a
set of questions related to their recent quality of life and mental health. These two
instruments are commonly used for assessing mental health. When dealing with these
two instruments we assume that there is a common latent variable that directly affects
both of them, and name it the individuality factor of a patient. The analysis focusing on

individuals is essential for mental health since the way people see and deal with different
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situations can vary according to one’s past experiences. Moreover, it is well-known that
individual psychotherapy and specific drug treatment are successful in roughly half of
the patients [47, 21]. This individual factor is given as the latent variable ¢, since it is
inherent to each person and therefore cannot be directly measured.

The use of personalized mental health treatment, where individual factors are
considered, has the potential to be more effective than traditional clinical and statistical
approaches, in which the objective normally is to improve the community benefits and
explain the overall variance, which is formally testing for “group effects” in the “majority
of a clinical group” [6]. Two important factors need to be identified when dealing with
adjusted treatments: the most appropriate set of interventions and the way it will be
delivered to a particular individual. Finally, it is important to understand the causal
effects of treatments for individuals, as it can lead to more effective just-in-time adaptive
interventions, generating more engaging treatments [30].

Targeting the analysis of mental health considering individuality, we worked with
data obtained from a mental health questionnaire answered by 153,514 subjects in the
year 2020 to assess the somatization, psychological, physical, and environmental effects of
pandemics in their lives. For this problem, we show we can compute accurate predictions
in diagnostics and interventions for mental health. While it was possible to verify the
accuracy of the prediction, the counterfactual evaluation is challenging in its own nature,
therefore we had specialists analyzing the counterfactual queries, which in this dissertation

appear supported by medical literature.

1.3 Text Organization

The rest of this text is organized as follows:

a) Chapter 2 introduces the necessary concepts to understand this dissertation and

reviews and compares related work.

b) Chapter 3 introduces the proposed framework and the method ICoNet - Individu-

ality factor discover Counterfactual Network

¢) Chapter 4 shows the experimental evaluation of ICoNet, where we performed exper-
iments with both a synthetic and the real-world dataset from the psychology. For

this second problem, we evaluate both populational and individual counterfactuals.

d) Chapter 5 draws some final conclusions and points directions of future work.
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Chapter 2

Background and Related Work

This chapter presents the background knowledge necessary for understanding this work.
We will first explain the importance of causality and its structure, followed by the func-
tionality of counterfactual inference. Finally, we will present the uses of causality in
Health Care.

2.1 Causality

Two main question are often raised when studying causality: “why?” and “how?”.
These questions are important because, while the applicability of machine learning meth-
ods has been rising, their lack of causal reasoning can be considered their weak point.
Causal reasoning goes beyond the association of data, using the model inputs to predict
outputs but also trying to understand why a given input affects the output and how it
affects it.

For example, we can use machine learning to predict the weather — if it is raining
or not — by looking at the number of open umbrellas in the street. While this algorithm
will have great accuracy in most cases, it can mislead researchers to think that closing
the umbrellas will lead the rain to stop falling. This is an extreme case where causality
is already obvious and known, and therefore researchers know this assumption is absurd,
but when the relationship between two variables is unknown or subtle, there is a clear
possibility of this approach to become error-prone.

Causal discovery leads us into another direction when compared to associations:
the algorithms are not trying to exclusively optimize the prediction and neither use all
variables to predict one output. These algorithms try to find which variables cause the
others, making it possible to understand that the rain causes people to open an umbrella
to not get wet, and that when it is raining and people go out without an umbrella, they
get wet. While the cause and consequence relations are explicit, this model does not lose

the ability of association, being able, for example, to determine the number of umbrellas
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in the street given the intensity of the rain. Hence, causal discovery goes beyond simple
associations, being able to predict consequences for actions.

The causal action prediction will be able to infer, for example, what would happen
if it is raining and I go out with a closed umbrella. It is also able to conclude that closing
the umbrella in the rain will not make the rain stop. We will discuss later how the causal
action inference, called the DO operator, works.

Models able to perform causal action prediction can go beyond the causal answers
of what would happen if we take a specific action. They can answer important and
contemplative questions that are inherent to human nature, called counterfactual. The
counterfactual tackles the questions of possible consequences of different past actions,
“What would have happened if I had invested more time in that project?”, “If the doctor
had given the patient another treatment, would the patient be alive now?”. Answers to
these questions can be given using the causal structures and information of the factual
outcome. The causal relationship between variables has many practical uses, but they
were seen as impossible to be calculated until [35] introduced the structural causal model
(SCM), detailed in the next section.

2.1.1 Causal structures

The structural causal model (SCM) [35] describes the features of the world and how
they interact with each other. The introduction of SCM and the mathematical language
enabled a new look at the area and a set of new studies.

Formally, an SCM is composed of two sets of variables U and V and a set of
functions f that assigns each variable in V a value according to the values of other
variables in the model. The difference between V and U is their nature. U are exogenous
variables, which means they are external to the model and we chose (or cannot) explain
how they are caused. They are root nodes, and cannot be descendants of any other
variables. The variables in V' are endogenous, which means that they are a direct cause
of at least one other variable in U or V. The variables in V' cannot be descendant and
cause of the same variable in either U or V|, meaning that there are no causal cycles. We

can summarize a SCM using Definition 1.

Definition 1 (Structural Causal Model (SCM)). A structural causal model M is a 4-tuple
(U,V,F,P(U)), where (i) U is a set {Uy, ..., Uz} of background variables (aka exogenous
variables) that are determined by factors outside the model; (ii) V is a set {Vi,...,V4} of
endogenous variables, which are determined by other variables in the model U U V; (iii)

F is a set of functions {f1,..., fa} (aka causal mechanisms) that represents structural
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assignments v; := f;(pa;, w;), where pa; is the set of parents of v; (its direct causes); and
(iv) P(U) is a probability function defined over the domain of U.

Every SCM can be associated with a graphical causal model. In this model, each
node represents a variable and the edges between nodes represent the functions in f,
making the graphical model & represent the relation of all variables in 9. It is important
to note that if a variable X contains the value of a variable Y within its formula f,, then
there will be a direct edge connecting Y to X.

Since we work with a model )1 with no cycles, we can use a direct acyclic graph
(DAG) & to represent the model 9. Using a DAG can make it easier to interpret the
information, since the edges are directed. We can now define that a variable X is a direct
cause of Y if there is an edge from X to Y, and if YV is a descendant of X, then X is a
cause of Y (this does not apply in rare intransitive cases, but they are out of the scope
of this work and will not be discussed. For more details on that the reader is referred to
[36]).

We have directed edges from causes to effects, i.e., from each node in pa; to v;
for i € {1,...,d} . The acyclic factor also makes that every SCM 9t implies a unique
observation distribution Pg(X) which factorizes over &. Note that this satisfies the causal
Markov assumption: each variable is independent of its non-effects given its direct causes,
ie. Pe(V) = [I., Pe(vilpa;). While & is similar to a Bayesian network, they differ
because the conditional factors imply causal relationships and go beyond the dependence
assumption. These relations enable the SCM framework to predict the effects of causal
action inference, also called interventions.

Intervention refers to a situation where we are analyzing what would happen if
we act on the system, e.g., will my headache get better if I use this medicine? Formally
these interventions are referring to situations where the variables are being manipulated
externally, which does not necessarily reflect a situation that we have registered in the
data. This type of intervention that fixes a constant a (medicine A) to z; (medicine taken)

is denoted by do(z; := a) and called an atomic intervention.

2.1.2 Counterfactual inference

Beyond the prediction of what will happen with a certain intervention with the
do operator, the causal language can also predict counterfactual outputs. Counterfactual
refers to situations where part of them is untrue. For example, in “Should I have woken

earlier to finish my work?”, the factual information is that I woke at a certain hour and
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was unable to finish my task, but I am contemplating: if I had hypothetically woken up
earlier, would I have had enough time to finish it?

When using counterfactuals, we are comparing two outcomes (e.g., work finished
or not) under the same conditions, where they differ in only one aspect: the antecedent,
which in the example above corresponds to waking up earlier than I did. It is interesting
to notice that this analysis is not taking a similar situation of another person to compare,
we are comparing the same situation. It is important to distinguish these two approaches,
because when we use another situation for comparison, we can have different aspects that
were not in the model and can make the results differ, i.e., another person can be less
productive and therefore could not be able to finish the work.

The information not included in the model is referred to as latent variables, and
they are common in a wide range of situations. Some of these situations exist because
of the difficulty of taking measures of complex information like stress, past traumas, etc.
Another context is when there is information that was not recorded or could not be

accessed. Following, we formally define counterfactuals.

Definition 2 (Unit-level Counterfactuals [35]). Let 9 be a structural causal model and
Mx.a0(a)y @ modified version of M, with the equation(s) of X replaced by X = a. Denote
the solution for'Y in the equations of Mx ao(a) bY symbol Yony ..y (u). The counterfactual

Y;L(U) ZS gZ'Uen by Y;c(u) é me;do(a) :

Given this definition, we can effectively explain the data, since it is possible to
manipulate each variable and get the new output. We will now formalize the three-step

procedure necessary to compute deterministic counterfactual queries:

Theorem 1 (Counterfactual Computation [35]). Given an SCM C and evidence e, the

counterfactual can be evaluated using the three following steps:
1. Abduction— Use evidence E = e to determine the value of U.

2. Action— Modify the SCM C, by removing the structural equations for the variables

in X and replacing them with the appropriate functions X = a, to obtain the modi-

fied model Cx.a0(a)-

3. Prediction— Use the modified model Cx.qo(a), and the value of U to compute the

value of Y, the consequence of the counterfactual.

In this dissertation, as previously formalized in Def. 2, we focused on determinis-
tic counterfactuals, which means that the analysis refers to contemplative questions of a
single unit of the population, e.g., a patient, and we consider this exact patient with it
on individuality’s independent of the chance of it having it or not, which differs from the
probabilistic counterfactual analysis where it is analyzed considering probable individu-

ality’s.
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2.2 Counterfactual Inference and Health Care

While causal inference concepts have evolved using statistical concepts, these tech-
niques have been recently introduced to deep learning [39]. For instance, there are in-
vestigations in disentangled representation [28], causal reinforcement learning [49] and
recourse [24].In principle, causality for deep learning models may provide means to an-
swer interventional and counterfactual questions, although current methods on deep-based
counterfactuals are limited by modeling only cause-effect relationships [42], or by not pro-
viding computation of deterministic counterfactuals [34].

Currently, the most common approach to causal inference on the unit level is the
estimation of individual treatment effect (ITE) [50, 40]. ITE is a model with three main
variables: (i) the individual’s context, with information about the analyzed sample, i.e.
patient information, (ii) outcomes, which is the variable that is being analyzed, and (iii)
the binary interventions (aka treatments), which impact the observed outcome. The
results of how the outcome would have changed with a different treatment are usually
applied in contexts where the validation with real data is impractical. To solve this
problem researchers focused on using synthetic or semi-synthetic data to validate the
theoretical analysis of generalization error bounds.In contrast to these methods, we assume
only the individual’s context and outcomes are available and focus on learning the latent
features that affect the outcomes. This is a significant difference because, while ITE
focuses on the bias between treatment and results, they do not assume latent features in
the model.

Notice that causal inference techniques have also been applied to sequential data.
For example, Zhang and Bareinboim [49] analyzed the dynamic treatment regime, a model
that takes a sequence of decision rules to determine the most appropriate treatment for
patients, called dynamic treatment regime. They proposed to use reinforcement learning
to find an optimal set of dynamic treatment regimes given the causal diagram of the
underlying, unknown environment. A factor model able to predict the treatment effects
over time was proposed by Bica et al. [4], where the factor model is built with a time
series decofounder that uses a recurrent neural network with multitasking output.

As far as we know, the attempts to consider personalized interventions in the con-
text of mental health are limited by the work presented in Paredes et al. [33]. This work
used machine learning to learn recommendations that match interventions to individu-
als and their circumstances over time to reduce stress. Even though they were able to
improve engagement and local efficacy by matching the right intervention to the context
of the user, they were unable to consider causal interventions. We propose to model the
causal variables relating to patients and outcomes, enabling interventions as counterfac-

tual queries. We are proposing an agnostic framework rather than focusing on a specific
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Table 2.1: Comparison of your work with other from the literature.

Three Deterministic Tabular Latent Non-
Levels of Counterfactual  Data Vars. linear
Causation
[4] v’
[16] v’ v’
[34] v’ v’
[49] v’ v’
[50] v’ v’
Ours v’ v’ v’ v’ v’

illness (e.g., stress), and we also enable personalized interventions in both mental health
and other well-being dimensions.

The most similar work to ours we are aware of is Pawlowski et al. [34], which
proposed a model for counterfactual inference in high-dimensional data. Two main dif-
ferences from their work to ours are that they focused on probabilistic counterfactuals
while we focus on deterministic counterfactuals, and they use high-dimensional data (i.e.
images), while we analyze tabular data. Similar to the method proposed here, they also
consider a counterfactual result at an individual level, but they work on brain images of
patients generated by probabilistic abduction while we work on deterministic counterfac-
tual interventions on mental health.

One important and useful aspect of counterfactual inference is the ability to con-
sider questions at the unit level. Therefore, when modeling and predicting counterfactual
queries it is necessary to consider all characteristics of each individual that affect the
outcome, and these characteristics can be observed or latent. As far as we know, we are
the first work that proposed to model latent variables that affect multiple outcomes.

Modeling the presence of these latent variables and the causal relations, we can
answer questions on all three levels of the hierarchy of causation. The causal relations
make it possible to answer intervention questions, while the ability to abduct the latent
information makes it possible to distinguish individuals and answer deterministic counter-
factuals. Table 2.1 summarizes how previously works compare to the method we propose

here.
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Chapter 3

A new Framework for

Counterfactual Inference

This chapter introduces a new framework that combines concepts of deep learning rep-
resentation and structural causal models. Here we will mathematically define the appli-
cability and requirements it needs to be able to (i) infer associations between dependent
and independent variables; (ii) abduct the values of the latent individuality factor; (iii)
enable interventions at the population level; and (iv) compute unit level deterministic

counterfactuals.

3.1 Problem Setting

We define our problem as computing deterministic structural counterfactuals in
multivariate regression scenarios. We work with observation data, where we have the
response vectors (the observed effects) y; = (yi1, ..., yix) € R¥, and the predictor vectors
(the causes) x; = (i1, .., %) € RE A crucial property of our model is that it assumes
the presence of an individuality factor that affects the response vectors and which is
both latent and immutable. We model the individuality factor of each instance as latent
vectors (non-observed causes) @; = (@i1,...,9y) € Rl. The DAG & of the resulting
SCM is presented in Fig. 3.2. From the graph, we can learn the causal mechanisms to
estimate the impact of populational and counterfactual interventions [35]. Following the
convention of Buesing et al. [5], calculated values are shown in black boxes, observed
variables in black circles, and unobserved variables in white.

The counterfactual queries are defined at the unit level, where the causal mecha-
nisms are changed, while the exogenous and latent variables are kept the same for the ob-
served instance. Assuming a structural causal model C that factorizes as a directed acyclic
graph (DAG), we specify the causal mechanisms F using a deep neural network. We also

assume the full specification of F and F~!, such that F(F!(x)) = x. Hence, one can de-
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termine the distinct values of individuality factors that give rise to a particular realization

of the endogenous variables, {X; = xI'}¥ | as F~1(x”). To compute the counterfactual
queries, we assume a set of actions, A, in a world C, which yields to an updated world
model C4 with structural equations Fiy = {F;}, 2 U{X; := a;}ics. As a consequence, we

can compute any structural counterfactual queries xICM

, which automatically accounts
for inter-variable causal dependencies, for an instance x4 as x°¢7 = F(F~1(x7)), read as:
“given the model C and having observed x”, what is the value of the endogenous variables
if the set of actions A is performed?”.

Summarizing, we make the following assumptions:

(i) There are no other causes of Y except the latent individuality factor @, i.e., we

assume determinism: a set of functions f, exists such that Y = f, (X, @).
(ii) X and U are independent: X ¢.

(iii) ¢ variables are unchanged by hypothetical counterfactual interventions, i.e. they

are immutable regardless of being latent.

3.2 Counterfactual Neural Network

We divided the computation of our counterfactual framework into three phases. In
the first step, we have the objective to create a DAG, it is important to correctly define
the causal relations, define the predictor variables that have a causal effect on the response
variables. This is necessary because we will only use variables that have a causal effect,
therefore we use causal graph discovery algorithm that generates a causal graph. Hence,
given the causal graph in Fig. 3.1c, we would consider the variables z, and x3 (direct
causal mechanisms to y), and ignore variable x1, which is available in the dataset but it
is not a direct cause to y.

The second step is to run a base model h with the objective of using the variables
that have causal effects to predict the response variables. Even though it can have an
agnostic base model, it must have the capacity of fitting the curve and be trained to reduce
the error close to 0. A non-linear problem, for example, cannot have a linear regression as
a base model, because the residual error will not reflect the information that is expected
in the next step of the framework.

In the final step, we propose the individuality factor discovery counterfactual net-
work, ICoNet. This network has a structure that takes the residual error from the base

model together with the predictor and response variable to predict the counterfactuals.
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Figure 3.1: A view frequently adopted in regular regression models (a) assumes variables
are independently manipulated inputs to a given fixed and deterministic regressor h.
In the causal approach to counterfactual inference taken in this work, we rather view
variables as causally related to each other by a structural causal model (SCM) C (b) with
associated causal graph & (c).

The main important part is that in its learning process it is forced to learn the latent
individuality factors ¢ shared by the output variables. Thus, with the learned value of
@ the ICoNet enables us to change the predictor’s variables of interest and perform the
counterfactual prediction.

In section 3.2.2 we delve into the generation process of the residuals of the interpo-
lar, where the main rationale of the proposed method is that it corresponds to the effects
of the latent variables that directly affect Y*. In section 3.2.3 we present, ICoNet, a deep
neural network that uses predictors and response variables together with the residuals to

learn the latent variables to predict counterfactuals.

3.2.1 Causal Graph Discovery

One requirement to compute counterfactual queries is the causal relations among
the variables, but these relations usually are not directly read from the data alone. As the
correct relations must be used, it is necessary to be given an SCM from the professional
knowledge of the real problem or to be inferred using algorithms. In most cases the
practical applications causal graph is unknown even for the specialists and learning a
directed acyclic graph from observational data is an NP-hard problem [8, 9].

The field of causal discovery is concerned with the problem of inference of causal
relations [13, 51] and has been applied in a wide range of practical contexts. One area
where it was successfully applied was with health-related problems, where the understand-
ing of the causal impact of factors is important to better treat patients. The use of causal
DAGS applied to health care was surveyed by Tennant et al. [44]. Another important
study was presented by Shen et al. [41] which worked with data about Alzheimer’s disease

and focused on investigating if the causal discovery algorithms could use observational
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clinical data and would generate the same relations that are already previously known.
The results showed that a causal discovery framework should be used with longitudinal
data providing full prior knowledge available.

To find the practical causal graphs in this work it was used the framework NO
TEARS [51], which formulates the graph discovery learning problem as a continuous
constrained optimization task, leveraging an algebraic characterization of DAGs. More

formally, NO TEARS tries to solve the following continuous optimization problem:

) 1
L, gy X XGTIEAlG,
€

s.t. r(G) =0,

where X is the input data, the function () : R™? — R is continuous such that h(G) = 0
iff the graph is acyclic, and G = (g1,...,84)" is the weighted adjacency matrix.

(3.1)

3.2.2 Base Model

One main component of our framework is that we assume a base model, or interpo-
lator, where the objective is to minimize the error, trying to achieve almost zero training
error. It is important to notice that we are considering two main situations where the
counterfactual is possible, the first one the base model, which is capable to reduce the
training and testing error to 0. This is indicative that all the individual’s characteristics
are already being measured, therefore, if it is using only the variables with direct causal
effect, changing the variables to feasible values and predicting will output a mathematical
valid counterfactual. Since it is straightforward to use this with current machine learning
techniques, we will not do further investigations.

The second case, that is the focus of this work, it is impossible to have 0 error
in all training and test examples because there are latent variables that directly affect
the response variables, therefore when running a machine learning model that tries to
minimize the error, we must have a near-zero error. This step of the framework is agnostic
of the base model, the only requirement is that the model is capable of correctly finding
the global minimum of the optimization criteria, this forces the model to only have the
error introduced by the latent variables.

Even though we could use any interpolator we opted for a multilayer perceptron
(MLP) network trained with the L; norm as the loss function and the ADAM optimizer.
Even though deep neural network learning involves several parameters, it was shown by

Zhang et al. [48] deep learning is frequently observed to generalize well in practice. The
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i=1,...,N

Figure 3.2: Causal DAG with multiple outcome 3*, features x, and latent individuality
factor ¢. Calculated values appear in black boxes, observed variables in black circles, and
unobserved variables in white.
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Figure 3.3: An illustration of the proposed counterfactual model, highlighting the factual
(ie. v = (x,6,y)) and counterfactual inputs (i.e. x“¥) to compute the factual (i.e. y)
and counterfactual outcome (i.e. y©F).

results showed by Belkin et al. [3] also contradict the conventional wisdom that inter-
polation (vanishing training error) leads to overfitting or poor generalization, its survey
analyzed that the concepts of interpolation and overfitting are distinct, but interpolation
does not contradict generalization.

In our framework we train a different base model for each response variable in
our multiple regression setting, therefore we compute the training error €¢x = yx — ¥,
for each of our k£ variables, where yy stands for the prediction of the base model. Since
we consider a good fitting model and can achieve almost zero error in training, we can
attribute the error to the latent individuality of each unit. We exploit the interpolation
property of neural networks to isolate the individuality factor ¢ shared by our outcome

variables using the all calculated errors €.

3.2.3 Individuality factor discover Counterfactual Network

We propose a new network architecture to compute structural deterministic coun-
terfactual queries based on the individuality factor, named Individuality factor discover
Counterfactual Network (ICoNet). The network input is composed of three main infor-

mation, (i) the predictor variables x, here is important that it is inputted only the causal
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related variables and that they are independent,(ii) the response variables y which are
dependent and causal related with x and the latent variable, (iii) the error ¢ =y —y,
where y refers to the base model prediction. This info is included in the input vector v.

The ICoNet is trained with the main objective of predicting the response variables y
with L1-distance as the loss function since we are searching for the lowest mean absolute
error. To abduct the individuality factor created by the latent variables and enable
counterfactual predictions, the network architecture was modeled in a way that we create
two bottlenecks. Since the variables X are independent, the first bottleneck forces an
intermediate layer to learn the info from the latent variables that are necessary to correctly
predict Y. This variable, in our case, is the individuality factor ¢ — represented by a
single neuron shown by a full brown square in Figure 3.3a). The ¢ is abducted because
we merge, with a merge layer, the end of the first bottleneck, which is a single neuron,
to the observed variables X. This merged layer is followed by a sequence of feed-forward
layers, which will form the second bottleneck.

It is important to note that one main requirement of the architecture is having a
multiple regression problem, because having more than one output being mapped to a
single neuron where the variables are independent will force the training to learn ¢ at
the end of the first bottleneck. Therefore, the same architecture will not work in cases
where there is just one response variable Y (simple multivariate regression cases). It will
also not work if the architecture parameters are set with a higher number of neurons at
the end of the first bottleneck than there are output variables Y to be predicted.

When having the same amount or more neurons at the end of the first bottleneck
than the number of output variables Y, the learned information is trivial, as the model
can learn a representation of the values of Y. This is a well-known characteristic of
autoencoders, an architecture that also relies on the bottleneck to learning representations
[31].

The first bottleneck has three layers with Relu activation, with 40, 20, and 5
followed by one linear unit. They are followed by the merge layer with 1 unit, which
concatenates the final unit with the X input. The second bottleneck has 4 layers with
Relu activation and 500, 500, 250, and 50 units, respectively. The output is a sigmoid layer
with two neurons (one for each output), as the datasets have their outputs normalized
in [0, 1]. The architecture was defined trying to maintain the bottlenecks and have more
neurons in the first layer than the input layer. The results were given by the first tried,

since it was not the scope of this work to deepen in the different configuration possible.

Model training. Formally, we define our counterfactual neural network as the solution

of an optimization problem considering the following t-tuple (A, B, V, A) where:
1. Ais a class of functions from R¥+2* to R4+,

2. B is a class of functions from R! to R4 2k,
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3. V input vector comprises the following three vectors: (i) X: a set of n training
vectors in R%; (ii) Y: the corresponding set of n target vectors in R¥; and (iii) E:

the set of n base model errors in R*.

4. A is a dissimilarity or distortion function defined over R%+2,

For any A € A and B € B, the counterfactual network transforms an input v € R%+?*
into an output vector Ao B(v). The model training refers to find A € A and B € B that

minimize the overall distortion function:
Igl}]gl Zl E(Vz’, Z;, Yi) = %17%1 Zl A(A' [B(Ui)u xi]a yi) (3-2)

Counterfactual prediction. After the model is trained, it can be used to perform
counterfactual predictions. Figure 3.3b illustrates this process, where the counterfactual
prediction depends on the factual instances and previously learned counterfactual network
parameters. The network receives as input the same factual inputs x, targets y, and errors
e. Additionally, the model is given the hypothetical or counterfactual values of instance
features, i.e., x“F, to the merge layer. Given the previous inputs, the structural model

(i.e., ICoNet) can learn the target counterfactuals y©~'.
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Chapter 4

Experimental Analysis

This chapter evaluates the proposed framework considering two different scenarios. In
the first, composed of 53 synthetic datasets, the latent information is known, and hence
we can better evaluate the proposed approach. In the second, we use real data from
a questionnaire that deals with mental health and quality of life during the COVID
pandemic. The results of this last approach were validated by experts and published

studies in the area.

4.1 Experimental Setup

In both scenarios considered in this study, data was used using a train-test division,
being 70% for the former and 30% for the latter. We did not perform any cross-validation
since our main objective is not to make factual predictions. Experiments were run on one
GPU (GEFORCE 1060 6GB), and the framework was implemented in Python 3.6.12 and
Keras 2.4.3. The code and more implementation details are available online'.

A base model with the same architecture was used for all datasets. The architecture
used for the base network was an MLP with 5 tanh layers of 50 units, trained for 250
epochs with a 0.001 learning rate, the Adam optimizer, and mini-batches of size 128. The
counterfactual network, [CoNet, was trained for 500 epochs, with a learning rate of 0.001
and mini-batches of size 128. As the objective of the optimization is to stop after the
double descent we did not need to use early stopping. It will be shown further in this
section. This architecture was defined using mainly the default values and a number of

layers that could be a good predictor, without further experimentation.

https://github.com/marchezinixd/ICoNet
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4.2 Experiments with synthetic data

The objective of the experiment with synthetic data is to show that the model
can abduct the individuality factor and answer counterfactual questions. We focused on
showing how the model deals in different ways with linear or non-linear problems and
additive or multiplicative. For the experiment was generated data for both X and Y={
y1,92} and the individuality factor ¢, which is latent in our real-world problem. Since
we are dealing with a controlled experiment, it is possible to use the value of X and the
known ¢ applied to the function and verify the correctness of the counterfactual result.

We generated 53 simulated datasets, where the function was borrowed from the
experimental setup followed by Stegle et al. [43]. The datasets were made using the model
function Y = (X + 8X?)e*” 4 (1 — o) E, where the random variable X was sampled from
a normal distribution with mean 0 and variance 1, and we consider E as our individuality
factor ¢, as it is independent of X and affects Y.

It is important to notice that this formula was used because its parameters can
alter both the non-linearity and the additive or multiplicative nature of the function. The
B value will control the linearity of the function, having # = 0 as completely linear and
B = 1 completely non-linear, the values in between control the strength of each. While
the o value will control the nature of the relationship with the individuality factor, with
a = 0 we have an additive factor and a = —1 or a = 1 will be completely multiplicative,
the value in between also shows the strength of each.

The 53 independent datasets were generated considering different values of o and
B. Each dataset has N = 10,000 samples, and were generated following three different
scenarios. In the first, § = 0 and « ranges from 0 to 1 with a step of 0.1. In the second,
a = (0 and [ ranges from -1 to 1 in steps of 0.1. In the last, a = 3 as values range from
-1 to 1, with steps of 0.1. In all cases, an equal number of instances were assigned values
of F equals 1, 2, and 3.

The model requires the prediction of two Y , to maintain the consistency we
generated both using the same equation. Since the equations shared the individuality
factor @, the differentiation comes from the values for X that were generated separately,
meaning that they can (and in most cases will) be different.

Another characteristic of the synthetic data is that we already know how the
causality is done and we do not need to run a causal graph discovery algorithm, here is
even simpler because we only have a single variable that is the direct cause of y. With
this info, X is inputted in the base models and predicted y. Note that although we know
the value of @, it is not used in any step of the prediction of the base model, neither on
the ICoNet, it is only used to calculate the metrics.

As we observe in Figure 4.1, when running the proposed method in our synthetic
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dataset (a similar behavior is found for the real-world mental health dataset), both train-
ing and test error decrease as a function of model complexity, measured in terms of epochs,
and consequently, parameter convergence. This behavior follows a double descent curve,
which is a mark of overparameterized interpolator models. And therefore does not need

to use early stopping to search for the optimal point before diverging the first time.
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Figure 4.1: Double descent behavior of the base model in the test loss.

The first verification of the capability of the model is checking the train and test
metric, we used the normalized mean absolute error (MAE) with the formula MAE /standard
deviation for y; and ys. It was necessary to normalize the MAE because as the formula
varies in the different tests, it changes the range of response values. Fig. 4.2 shows the
values of normalized mean absolute error for y; and y, considering the three scenarios
used to generate the synthetic datasets. We can observe that all three scenarios had a
low training error, while the test error differs significantly. In Fig. 4.2a the test error
starts high when « is low and decreases as « increases and the individuality factor adds
a multiplicative effect in Y. This shows that while the algorithm is having a good result
in linear cases it can perform better with the multiplicative individuality factor.

Fig. 4.2b shows that as [ gets closer to 0 (the linear case), the error increases,
meaning that the model with additive error is learning to generalize better for non-linear
cases. It is interesting that while the highest peak was in 0.8, showing that the model
could not generalize well, the situation where it consistently had higher values was in the
linear case which, in theory, it is simpler to learn. Finally, in Fig. 4.2¢ we observe that
the test error was kept below 0.4 in almost all series, the highest peak was a little above
this threshold, but it was not consistent, showing that it could be a specific case where
the model could not generalize well and needed more training. We can see consistent
peaks when o and § around 0, but the value is always below 0.3, which is considered a

low value. In sum, we analyzed that the model can generalize in most cases, especially
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Figure 4.2: Comparison of train and test normalized association errors for different com-
binations of o and f.

when dealing with non-linear and multiplicative cases that usually are the characteristics
of real-world models.

Next, we verify the counterfactual capability of the ICoNet, which will evaluate
the correctness of the counterfactual prediction. The test was made changing the value of
X, following the formula X¢/ = X +¢, where ¢ values ranged from -0.5 to 0.5 in 0.1 steps.
With this value inputted, we generate the response for both Y; and Y,, and because the
value of ¢ maintains unchanged and known, we can calculate Y/, hence the MAE value.

Fig. 4.3 shows the values of MAE/std for the 10 counterfactual queries created
using 10 different values for X. Note that in all cases we had values below 0.3, which is
considered low. Looking at the results for both Y1 and Y2 in Figs 4.3a and 4.3b we can
analyze the effects of moving from additive to multiplicative effect of the individuality

factor on the counterfactual prediction. For both Y; and Y; we can see that as a goes
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Figure 4.3: Comparison of normalized counterfactual errors for simulated data with dif-
ferent combinations of o and [: the left column shows the values for y; and the right
column for ys.

towards 1 the counterfactual error tends to go to ~ 0.005. Fig. 4.3a had a more stable
results around 0.1 until @ = 0.8, Fig. 4.3b had a little higher results around 0.15, with
lower peaks in 0.1 and 0.3. This shows that as the function has a higher multiplicative
effect, in the case where the function is linear, the counterfactual tends to have better
results, even in the extreme values of X for the counterfactual queries.

In Figs 4.3c and 4.3d, we have a set to 0.0 always maintain the additive factor,
while we have the behavior of the counterfactual changing from linear to non-linear as
the valuers diverge from 0. Here we have two different patterns, a higher one when 3 is
negative and another when it is in positive value. In the former, we have higher error
values and higher variance, with both Y; and Y5 going a little above 0.2 with = —0.4.
The latter with 5 with positive values we see it with a lower variance between the different
counterfactual queries, and the two most extreme always around 0.1. Another interesting
analysis is that while in Fig. 4.3d when = 0 we have the error ~ 0.05 and in Fig. 4.3¢c =~
0.1, while they are both low values, it can indicate that in some cases the ICoNet learns
better the relation of the variables and individuality with one Y. We can conclude that it
was harder for the algorithm to learn the non-linear function when g < 0 compared with

£ > 0, but it still could learn well both linear and non-linear counterfactual.
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Finally, Figures 4.3e and 4.3f show the cases where the counterfactual queries had
the worse result, with the largest error overall, getting near to 0.35 standard deviations.
In this graph, the lowest values of MAE/std happened when a@ = § = 0.2 for Y1 and
Y2, i.e., when we had a situation close to linear function with an additive individuality
factor. This graph is the one that brings the most amount of info about the behavior of
the algorithm, going from the simplest, that is, linear with additive individuality factor,
to non-linear with multiplicative, which is more common in real-world problems. It also
brings situations where it has both linear and non-linear factor and multiplicative and
additive factors which are complex cases. We can see that for both Y; and Y5 we had
good performance when « and 8 were equal to -1 and 1, the non-linear multiplicative
cases, with errors below 0.25 even in the most extreme counterfactual query. It also had
good results in the linear additive case, values in between 0 and 1 it is interesting to see
that in both functions we had a growing pattern from until 0.7 or 0.8, after reaching the
peak they go down to better results in the extreme. While the values between -1 and 1 we
had a linear constant behavior around 0.15 and a smaller variance of the counterfactual
queries.

The results in Figures 4.2 and 4.3 demonstrate that there is not a necessary cor-
relation between good counterfactual prediction and the ability to generalize factual pre-
dictions. There are situations where we had good counterfactual predictions and the test
error of the model was high. For example, when o = 0.3 and S = 0.0 we had a high
test error for the factual prediction, with ~ 0.58 standard deviations, while even the most
extreme change in the counterfactual prediction was still an error below 0.15. Also the
counterfactual result of @« = = 0.7 was one of the highest counterfactual errors, getting
to ~ 0.25 for Y; and 0.3 for Y5 while the test error was below 0.1. One possibility that
can explain the disconnection between test cases and counterfactuals is that the model
probably needs to overfit the case to learn how to abduct individuality.

Overall, the results also showed that as the counterfactuals diverge from the orig-
inal values, the counterfactual error tends to grow. This behavior may be related to the
standard problems in machine learning, such as model effectiveness or lack of represen-
tative training data. Since the data was generated with a normal function it is expected
that most of the values are in a certain range, and applying changes that sum or sub-
tract can lead a subtle amount of samples to fall in the range that did not have enough
examples to correctly learn the function. Another possibility is related to the bottleneck,
this approach has some similarities to auto-encoders, and it is well-known that it can
create non-continuous representations, which could lead to small changes in the factual
values to cause very different impacts in the predictions. While in auto-encoders some
strategies were developed, i.e., variational auto-encoders, the adaptation of them to our
problem must be further studied, since the addition of noise or uncertainty can result in

a probabilistic or non-deterministic approach, that is a different objective from ours.
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4.3 Mental Health Case Study

This section applied the proposed framework to a mental health dataset, the ob-
jective was to calculate all three levels of Pearl’s hierarchy of causal knowledge. The first
step, association, showing that given the observed data we can predict a value close to
the real one. In this step, we can quantitatively measure the correctness of the results,
as the real expected result is factually observable. The second step, intervention, here is
studied the impact of intervening in the whole population and seeing the statistic impact.
Finally, in the third step, we will analyze the individual counterfactual, here we took sam-
ples and analyzed what would have happened if they had had different preconditions. It
is verified if ICoNet can correctly predict different results for people that had the same
factual collected information and the different impact counterfactual have on them. For
the last two steps it is not possible to quantitatively measure the results, they can only
be evaluated qualitatively[35], as they are based on counterfactual outputs, that refer
to a contemplative study. Therefore, these results were validated by psychologists and
psychiatrists.

The chosen problem is related to two well-known instruments for measuring symp-
toms of mental health diseases and quality of life: the Brief Symptom Inventory (BSI)
and WHOQOL-BREF (World Health Organization Instrument to evaluate Quality of
Life: Brief Version), respectively. The info came from questionnaires, where WHOQOL-
BREF is composed of 26 questions and the BSI by 53. The scores are generated based on
a linear combination of answers provided by people in the questionnaires.

BSI is an instrument designed to identify psychological symptoms in nine dimen-
sions Somatization, Obsession-compulsion, Interpersonal Sensitivity, Depression, Anxiety,
Hostility, Phobic Anxiety, Paranoid Ideation, and Psychoticism. Each of these BSI di-
mensions has its score that is calculated using a combination of the 53 questions, but
no question answer is used in more than one dimension. In our work, we focus on BSI-
somatization, where somatization is the development and persistence of symptoms unex-
plained by medical causes, and it is well known that somatization is the result of both
depression and anxiety [19]. This domain knowledge of the causal relationship between
depression and anxiety being the causes of somatization was the reason we limited our
study to this domain. The other variables still do not have well-established causal relations
between them.

The second score, WHOQOL-BREF, measures people’s quality of life considering
four domains: physical health, psychological, social relationships, and environment. Sim-
ilar to the BSI score the four domains scores are calculated using a linear combination
of the values of specific questions in the questionnaire. Each question is also only used

by one domain. We work with all domains except social relationships, as it includes only
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three questions. The small number of questions would affect the analysis that was made
in these problems, as one question can already have a large amount of the score’s info.

One important characteristic of this data is that it requires the abduction of the
individuality factor to enable the counterfactual calculation. This is necessary because
there are known latent variables that were not measured. In this case, they are unviable
or really hard to obtain since the effects come from genetics and life experiences [15],
that affect both BSI and WHOQOL, which make these scores a perfect fit for the causal
model proposed here.

Studies have shown that exists an association between somatization and behavior
symptoms [46, 18]. Although there is plenty of evidence, they cannot explain how it works,
this lack of explicability represents a necessity of causal models. These models could give
a better understanding of the alignment between the underlying biology and behavior,
and how changes in the scenario would impact the outcome. As it seems important to
understand behavior and psychopathology, the results generated by the counterfactual
may help in understanding the effects of these changes. In the population, analysis is
possible the see the extension of the impact given different scenarios, while our individual
analysis can show how people with similar conditions would have different impacts, even

when checking equal counterfactual queries.

4.3.1 Dataset

The dataset was built from the Psychological Covid impact study, which was di-
vided into sections that include psychological and socioeconomic questions. It was an-
swered online from May-2020 to July-2020. We extracted only 53 BSI and 26 WHOQOL
answers, having a completely anonymized dataset. Filtering the samples that did not
completely answer all questions in the two cited sections, we have 153,514 valid individu-
als. The BSI questions use the 5-points Likert scale from 0 (not at all) to 4 (extremely),
while the WHOQOL uses a 1 to 5 Likert scale.

As previously stated, the scores we want to predict and generate counterfactuals
are calculated with a linear combination of the values of specific questions, most of the
current regressors can easily predict the perfect score. This scenario is not appropriate
to test the proposed framework, as this prediction would already have all the necessary
information to predict and there are no latent variables (individuality factor), therefore
we performed a data preparation step.

To prepare the data, we first used the mapping from questions to the domain

for both instruments, then separated the question of each domain and calculated the
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correlation between the values of the calculated scores and its respective questions. Using
the correlation score, we selected the two most correlated to the score. It was necessary
to have highly correlated questions as we need to have a model where the base model uses
the inputs to give a close, yet not perfect, prediction. Finally, we disregard the rest of the
correlated questions and merged only these two with a set of other questions extracted
from the causal graph, since we heavily rely on the correctness of the causality between
the answers and scores. It is important to notice that this pre-processing was done to
each of the domains, and some of them had little changes that will be further specified.

The first step of our framework is the inference of the causal graph, we chose to use
NOTEARS as it is a well-known algorithm that was proposed by Zheng et al. [51]. We
separately build a causal graph for each domain, since it enables a better fine-tuning of
the algorithm. For the BSI-Somatization score, we restricted our search space to questions
classified in anxiety, depression, and somatization categories. This choice was based on
the causal graph produced by the authors in [17]. Since the Somatization questions were
already analyzed in the preprocessing step, taking only the two most correlated, we took
all questions that directly affected them with a weight greater than 0.05. The weight
corresponds to the strength of a causal relation. The 6 variables identified were merged
with the two most correlated to the index, and the base model has as input 8 variables. It
is important to notice that the questions that are direct causes of the two most correlated
were not used, as they would be highly dependent.

For WHOQOL, we did not have any references to filter out variables, and hence we
have used the answers to all questions to build the causal graph. For this reason, it was
also not possible to filter any of the Three domains, therefore we tested the combination
of BSI with each one of them. We applied the same process for both environmental
WHOQOL (Env) and the Physical WHOQOL (Phys), with the only difference being the
cut-off value that was set to 0.1 to Phys, as we observed that the weight values were much
higher for this graph. For WHOQOL Psychological (Psych), the causal graph showed
that one of the questions that are used in the formula is caused by almost all the others,
using them all would not be good, as some of them are strongly dependent. Instead of
adding all cause variables to the graph, we opt to include a third variable that was directly
associated with the score. The number of input variables used by each model is shown in
Table 2.
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Table 4.1: Number of input and output variables and MAE measured for association
relations with BST and WHOQOL.

BSI WHOQOL Train ‘ Test
#X1 oy | # X e Y v | wm Y2
8 < 9 Env 0.0179 0.0079 | 0.0439 0.0081
8 § 12 Phys | 0.0007 0.0007 | 0.0165 0.0217
8 © | 10  Psych | 0.0004 0.0005 | 0.0070 0.0094

4.3.2 Association

The first level of Pearl’s causality hierarchy is association, the ability to correctly
predict the factual value given the available info. As it was shown before we could not
attest the direct correlation of a better generalization for association in unseen predictions
with better counterfactuals, but it is a valid analysis to see the capacity of the framework
to correctly predict the first step.

It is important to notice that although we are performing a factual regression where
it is possible to calculate metrics, we did not compare the results with other methods as
we use the desired output as the input of the method. This means that even with perfect
results it does not mean that it could be used to predict unseen situations, as this is not
the objective.

Table 4.1 shows the MAE for each of the three scenarios combining BSI (y1) with
one of the WHOQOL domains (y2). It brings the results for both training and test for the
two outputs variables of each case. BSI with Environment had good results for training
in both Y, but the BSI generalization in the test was considerably higher, but it is still
a low error, considering the values range from 0 to 1. From the results of this scenario,
we can conclude that it had a great generalization for Environment and a little worst for
BSI.

The second scenario shows the prediction of BSI Somatization and WHOQOL
physical, where both training values were equally low, and although the test error is
higher it is still in a considerably low range. Finally, it is shown Somatization combined
with WHOQOL Psychological, wherein both training and testing showed the best results
for BSI and really low values for WHOQOL. These results show that the base model can

learn associations and correctly fit the function for the factual prediction task.
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4.3.3 Population-based Interventions

The population-based intervention has the objective to understand the impact of
actions when intervening in the whole population. The experiment was done by changing
one single variable and checking the percentage of people that had their scores increased,
lowered, or maintained. Although we cannot guarantee the independence of the variables,
and that this does not affect the result, we considered it while doing the test. Therefore
when changing only a single variable and keeping the original value in the other it will
not generate an unrealistic case where the input conflicts with itself.

Another premise of our model is that it works with causally related variables and
there is no evidence of a strong causal relation between BSI features and WHOQOL scores
nor between WHOQOL features and BSI scores. The only variable that directly affects
both BSI and WHOQOL is the individuality factor, and since it is latent, it is kept the
same for all tests. This premise is in accordance with the proposed causal model in Fig
6a and was taken into consideration in the first step of the framework, the outcomes do
not have a causal edge between them, and the only expected information that they share
is individuality. For this reason, we restricted our tests to analyzing the impact from BSI
features to BSI score and from WHOQOL features to WHOQOL score. Remind that as
BSI increases, we relate to worse cases of somatization, while a higher WHOQOL score
is understood as better quality of life in the analyzed dimension.

To analyze the impact of interventions in the whole population we tested extreme
situations, excluding people where the factual value was already the desired extreme coun-
terfactual query. This was done to create a direct analysis of the results with changes,
where if we use the higher value we are always increasing, and if is the lowest all the coun-
terfactual are decreasing. Although we still have different situations, the understanding
and validation are simplified, since we do not have percentages where some people are in
worse conditions and some in better, which is a more complex case. Another reason to
exclude people whose original responses in the questionnaire were equal to the extreme
value analyzed is that they would not have changes in their scores.

We consider scores change if their values increase or decrease by at least 0.01 (1%).
Other variations were also tested but were both discarded as they were considered harder
for psychological analysis by the experts. Considering 5% or higher we had almost all
individuals of the population without changes in most cases. While using lower values like
0.1% was hard to justify the changes since they could simply be capturing the model’s
prediction variation.

The figure shows 4.4 heatmaps, being y; and y, for each of the three cases, it is
built with each line corresponding to a question in the questionnaire. The details of the

questions are also described in Appendix A, while in the heatmap a simplified description
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Min Value Min Value Max Value Max Value Min Value Min Value Max Value Max Value
v A v A v A v A
Nervousness 8.37 0.1 0.01 17.41 Everyday energy 1.21 0.89
Suicidal thoughts 13.53 0.08 0.01 73.98 Leisure Opportunity 0.95 12
Sleep 4.44 5.04
Scared for no reason 13.38 0.06 0.02
Capacity for work 2.73 4.15 14.13
Feeling tense 4.29 0.08 0.01 12.22
Personal relationships 6.34 4.7 72.22
Spells of terror - 0.01 0.01 82.68 Friends ' support 4.19 29 68.32
Feeling restless 15.78 0.07 0.02 50.08 Satisf. transport 5.77 3.63 11.93

(a) Changes in BSI with Psych WHOQOL. (b) Changes in Psych WHOQOL with BSI.

Min Value Min Value Max Value Max Value Min Value Min Value Max Value Max Value
v A v A v A v A
Nervousness 0.37 0.1 0.01 1.08 Health S0 4332
Life meaning 9.58 10.19
Suicidal thoughts 0.15 0.46 0.15 0.82 Concentration 7.1 79.73
Physical envir 10.18 8.17 6.87 9.36
Scared for no reason 0.26 0.04 0.09 2.39 Bodily acceptance 81.41 7.88 7.15 75.26
Feeling tense 0.09 0.28 0.02 0.51 Financial needs 21.66 4.41 4.27 30.51
Self-satisfaction 4.65 48.13
Spells of terror 1.66 0.3 0.08 E Living place 5.58 55.61
Health services 5.62 45.84
Feeling restless 0.19 0.13 0.07 1.52

-ive Feelings Freq. 9.72 16.48 13.43

(c) Changes in BSI with Phys WHOQOL.  (d) Changes in Phys WHOQOL with BSI.

Min Value Min Value Max Value Max Value Min Value Min Value Max Value Max Value
v A v A v A v A
Nervousness 19.82 Quality of life 1.74 0.79 0.96 1.4
Health 0.36 0.38 35.78

Suicidal thoughts 13.42 Life enjoyment 0.15 0.04

Scared for no reason 18.26 Life meaning 0.11 0.16

Concentration 0.17 0.06

Feeling tense 17.98

Physical envir 0.01 0.0

Able to get around 0.06 0.05

Spells of terror 17.65

Friends" support 0.15 0.16 34.86

0.01 0.0 99.88

16.66

Feeling restless Living place

(e) Changes in BSI with Env WHOQOL. (f) Changes in Env WHOQOL with BSIL.

Figure 4.4: Heatmaps showing populational changes when counterfactualy changing val-
ues of variables. First and third columns show the percentage of the population that has
the value of the score (indicated in the caption) decreased when the variable in the line
receives minimum and maximum values, respectively. Second and fourth columns show
the same percentage of the population that have their score values increased with these
changes.

is given in favor of the analysis. As previously stated, we analyzed the situations where
the original values were counterfactually changed to the minimum and maximum values,
where in BSI they are, respectively, 0 and 4 and in WHOQOL they are respectively 1
and 5. The first and third columns of each map show the percentage of the population

that have their score value (indicated in the caption) decreased when the variable in
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the line received the minimum and maximum values, respectively. Following the same
pattern, the second and fourth columns show the percentage of the population that have
their score values increased with the changes: when the variable in the line received the
minimum and maximum values. It is important to notice that the heatmaps do not show
the questions that were originally used to calculate the scores, as their correlation is high
and almost all populations had the expected impact.

First, we analyze the BSI results to compare the impact of the same feature in the
three different scenarios, considering the different WHOQOL categories (All heatmaps
in the first column in Figure 5 are BSI results). Note that the impacts follow the same
pattern where the extremes (first and fourth columns) are always with a high value,
but the percentages vary significantly from one model to the other. These variations
are expected because, although the BSI score comes from the same function, they are
combined with different WHOQOL, this forces the model to find different individual
factors. As the individuality factor is latent, we cannot explain how it causally combines
with the variables to result in the score, but it is expected that the impact will be different.

There is plenty of evidence showing the association between somatization and be-
havior symptoms [46, 18]. Observe that in Fig 4.4a 78% of the population had their BSI
Somatization increased when it received the higher possible value in “suicidal thoughts”
(BSI 9), this impact can be easily validated by a specialist. Wiborg et al. [46] showed
that when analyzing primary care in patients with somatoform disorders it was found
suicidality as a substantial problem. They also argued that it is vital for a better under-
standing and management of active suicidal ideation to have a better perception of these
dysfunctional illnesses. It was also shown by [18] that somatization was observed to be an
additional factor that brings the highest risk for those who bereave with suicide ideation
together with symptomatology, post-traumatic stress disorder (PTSD), lower perceived
social support, and secular-religious orientation.

Another result shown in Fig 4.4a, is that 80% of the population had their somati-
zation score increased in the output of the counterfactual query that set “spells of terror”
(BSI 45) to the maximum value. Note that BSI 45 is a physical symptom and can be
seen as an interpretation of the work of [7], which showed that physical symptoms are
a common manifestation of potentially treatable psychiatric disorders. It is interesting
to notice that in neither our results nor theirs it was found a manifestation in all cases,
but they were common, being found in most of the cases. Another analysis made in
accordance with ours, gathered results from other works and showed that up to 50% of
the patients with somatic symptoms have sufficient criteria for a diagnosis of anxiety and
mood disorder [10, 20]. We also found percentages similar to this for questions that are
symptoms of anxiety and mood disorder, where 50% and 37% of the population were
affected with the increase of somatization, respectively by “feeling restless” (BSI 49) and

“Scared for no reason” (BSI 12) when setting the counterfactual queries to the maximum
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values.

The results in Fig 4.4c, show another situation, where having the BSI Somatization
combined with the physical WHOQOL, all counterfactual changes had little populational
impact. We can see that some patterns remain with “Scared for no reason” (BSI 12),
“feeling restless” (BSI 49), and “spells of terror” (BSI 45) were still the highest values, but
affecting a small population. Suicidal thoughts, in contrast, had a lower impact. These
results can be a reflex of the variables used to predict BSI since we cannot guarantee
the independence of these features from BSI and the questions added in the Physical
WHOQOL. Without guaranteeing the independence of the variables used we can have a
situation where we have better predictors, but they are not good causes, as the relation
between good predictors and good causes is not necessarily true.

Conversely, in Figure 4.4e the analysis of the BSI, when combined with the WHO-
QOL environment, showed that all variables significantly impacted somatization, we can
see that even symptoms of anxiety that were not so strong in 4.4a like “Feeling tense*
(BSI) had approximately 44% in the counterfactual max value and 31% in the counterfac-
tual min value. As it was previously stated, this relation around 50% are in accordance
with [10, 20]. In this analysis, “suicidal thoughts” had again the largest impact in the
population somatization.

While it was the BSI analysis with the highest populational expected impact it
was also the one with more counter-intuitively changes. We can see that we have a sig-
nificant increase/decrease in BSI values when changing variables for both their min/max
values. Note that while analyzing “suicidal thoughts” with the minimum value we had
a significant impact in the expected direction with approximately 45% of the population
decreasing the result, but also 35% increasing, which is not expected. Similarly, we can
see this happens with other anxiety-related variables like “nervousness”, “scared for no
reason”, “feeling tense” and “spells of terror” where decreasing their value resulted in
roughly 20% of the population impacted by an increase in the BSI Somatization. While
counter-intuitive, they cannot be considered wrong, there are some studies linking the
changes in somatization to different expressions and suppression of anger feelings for men
and women, respectively [27]. This study also showed that insecure attachment mediated
the link between childhood trauma and adult somatic symptoms. However, while know-
ing the existence of the mediation, the mechanism which links this insecure attachment
with somatizationit is poorly understood. [26] and [45] also showed that proneness to
experiencing negative emotions and suppression of negative emotions are associated with
somatoform disorders. It can be understood that people that have these negative emo-
tions, but counterfactually we are querying a world where they would suppress it, could
correctly lead to an increase in somatization.

Turning now to the results of WHOQOL, we will first analyze WHOQOL psycho-
logical, which are shown in figure Figure 4.4b. Note that, when analyzing the popula-
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tional impact of the reduction of the variables to the extreme, therefore seeing the worst
response for each variable, we can see that all of them resulted in a score reduction in the
majority of the population. These results are consistent with the ones reported in [25],
where it was found that during the pandemics the average resilience was lower than the
published norms, but it was greater among those who tended to get outside more often,
exercise more, perceive more social support from family, friends and significant others,
sleep better, and pray more often. We can relate, perceive more social support from
family, friends, and significant others with both “Personal relationships” (WHOQOL 20)
and “Friends’support” (WHOQOL 22), while going outside more and exercising more can
relate to “Everyday energy“ (WHOQOL 10) and “Leisure Opportunity” (WHOQOL 14).
Better sleep status (WHOQOL 16) was also found by [23], related to lower social stress,
better management of stress, and good social support. In the literature, it was also found
that even the result with the lowest impact leading to the maximum, “Satisfaction with
transport“ (WHOQOL 25), is also associated with the increased quality of life [22].

The results shown in Figure 4.4d for physical WHOQOL are all intuitive and
reported in the literature, except from “Life meaning” (WHOQOL 6) and “Negative
feeling frequency” (WHOQOL 26), where reducing the sense of life meaning improves the
quality of life for 37% and reducing the presence of negative feelings improved 52% of
the population. These findings go into the affirmations of [14], who said that although it
is expected the effect of sense of meaning in life in the future health, it currently lacks
strong empirical support and confirmation. It exists, however, considerable evidence that
persistent striving for meaningful accomplishment is indeed a key pathway to health and
longevity. He concludes that it is a promising direction, but it needs further study. As
cited before, [26] and [45] showed the relation of the suppression of negative feelings with
higher somatoform disorders, therefore worse quality of life.

Finally, for the WHOQOL environment, we can observe that in both extremes all
variables followed the intuitive impact, with the minimum extreme reducing the score
and the maximum extreme raising it, except for the quality of life (WHOQOL 1), one
probable reason of this low result is the vagueness of the question and it probably also
is a consequence value from the other variables. The WHOQOL variables “Health satis-
faction” (WHOQOL 2), “Friend’s support” (WHOQOL 22), and “Having a meaningful
life“ (WHOQOL 6) are known features related to environmental well-being, and it is seen
in the results that the majority of the population was impacted in the minimum value
scenario (see Figure 4.4f)). [14] support this by showing results that maintaining positive
relationships with others improve well-being and general health, they also shown the link
of longevity with close relationships, having mastery over one’s environment, experiencing

spirituality and engaging in life.
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Table 4.2: Individual-level counterfactual analysis.

ID | Score Feature F Value | F Score | CF Value | CF Score
1 ) 3 0.7399 5 0.7903
5| Physical WHOQOL.2 3 0.6716 5 0.6996
3 0 0.0712 4 0.0713
g | BSLPsy BSLA5 0 0.0355 i 0.0712
3 ) 3 0.6291 5 0.7355
1 Psychological | WHOQOL_19 3 07901 5 07838
5 4 0.7418 2 0.7218
6 . 4 0.8246 2 0.8044
- Environment | WHOQOL_5 q 07971 5 07785
8 4 0.7137 2 0.6921

4.3.4 Individual-level Counterfactuals

The search for understanding the path to creating a better lifestyle for an individual
is constant in psychiatry. They pursue to understand how and what actions can and
could have been done to improve one’s life. The objective of this section is to shed some
light on some of these questions. In this experiment, we show that while the known
information of some individuals (input variables) was the same, the output was different,
as different people will not react in the same manner to similar situations. This is why
it is important to have a deterministic individuality factor for each of the data samples,
capable of generating a more personalized counterfactual query. Running the factual or
counterfactual query will always return the same result, where the objective is to be as
close as possible to the desired, a different approach than the probabilistic counterfactual
which depends on a probability function that and generate different results.

Our model also differs from factual predictions from classical machine learning,
where the methods learn a consistent output prediction for the same input. It is important
to notice that our model consumes both input and output variables to be able to learn this
pattern, this is the reason it has the capability of this difference in the factual level. This
is not a problem since our main objective is not to predict unseen situations but to attest
to the capability of generating these results on a factual level, as it is an important factor
for counterfactuals. An appropriate counterfactual should be capable of both predicting
different outputs (considering the individuality as the latent variable) for the same input
and having a different impact when counterfactually changing the values of input variables.

Table 4.2 shows a few examples of predictions for factual (F) and counterfactuals
(CF) of users who have given the same answers to the questionnaire (i.e., have the same
input variables) but to which the counterfactual network has predicted different values
for BSI and WHOQOL scores. In the table, the IDs refer to individuals in the database,
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the score indicates the value that will be predicted by the counterfactual network, the
feature is the answer from the questionnaire which has its value being analyzed, "F”
stands for the factual value and "CF” to the counterfactual values. Let us start with
the comparison between individuals with IDs 1 and 2. They both had the same input
values for all variables, only Y was different when predicting for the situation of BSI
combined with WHOQOL Physical. The method predicted a different score for WHOQOL
Physical, where ID 1 had 0.7399 and ID 2 0.6716. The data showed that the counterfactual
prediction was also different between them, in the scenario that both ID 1 and 2 would
have their WHOQOL 2 (Health) value been 5, with ID 1 would have had a new Phys.
WHOQOL of 0.7903 while individual 2 would have it as 0.6996. This result shows how
that counterfactual can generate impacts that would even grow the difference between
them.

Another comparison in the table is between ID 3 and 4, when predicting the situ-
ation of BSI Somatization with WHOQOL Psychological, in this case, we are displaying
the results of the two Y, as both were different between the individuals. The results were
ID 3 with BSI being 0.0712 and WHOQOL Psychological 0.6291 and For ID 4 BSI being
0.0355 and WHOQOL Psychological 0.7294. These values show that individual 4 has a
better psychological quality of life and, while they both have a low somatization, the score
for individual 3 is a little higher. In the analysis, we asked two counterfactual questions,
one for BSI, changing BSI 45 (“spells of terror”) to 4, and checking what the BSI score
would be. The other, when changing the WHOQOL 19 (“‘Self-satisfaction”) to 5 and
see what the WHOQOL score would be. The first query showed that while the BSI of
individual 4 increased to 0.0712, the BSI of individual 3 had almost no change, rising to
0.0713. The second analysis checks the impact of asking what would have happened if
(s)he was in a situation where hi(er)s “self-satisfaction” (WHOQOL 19) would have been
5 instead of 3. We found that the impact on individual 3 would be a score increase of 0.1
while individual 4 would have had an increase of 0.06, a lot smaller. This shows that not
only the algorithm is capable of predicting different values from the same input variables,
as it is also capable of finding complex individuality impact in the counterfactual, where
both BST and WHOQOL change in different ways.

Finally, the table shows the comparison between ID 5, 6, 7, and 8 when predicting
BSI Somatization and WHOQOL Environment. Note that it is possible to compare the
four because they had the same input variables, while having different outputs, and the
model captured this difference predicting different factual scores. We queried what would
have been their score had they had a worse “life enjoyment” (WHOQOL 5). Note that
in this case we are analyzing a reduction of one factor and we are not taking it to the
extreme value. We can see that they all varied around their factual predicted value, but
the variance was approximately the same — 0.02 for all of them. This shows that the

model is able to predict the counterfactuals differently also with changes that are not in
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the extremes, and the existence of situations where, even though the counterfactual had
different values, the impact can be similar in different individuals.

The results showed that the deterministic factual prediction can predict different
outputs from the same factual inputs and provides different counterfactual impacts when
applying similar changes. These results are expected in the psychology area as shown by
Friedman et al. [15], as they exemplify showing that the serotonin levels in the nervous
system are affected by genetics and also alterable by life circumstances. Serotonin levels
influence personality, i.e., neuroticism and conscientiousness and they also help regulate
core bodily functions necessary for good health, i.e. appetite and sleep. Another work
that shows that genetic individuality can make them respond differently to similar sit-
uations was presented by McCaffery et al. [29], where they showed that the covariation
of depressive symptoms and coronary artery disease may be due to a common genetic
vulnerability.

The individual counterfactual analysis brings insights to professionals of what can
be done to help a specific patient. The ability to understand what could be changed
for these individuals can develop strategies to improve treatment and anticipate actions.
If the specialist knows an individual will have its BSI lowered the most by increasing a
specific indicator, it could work on that indicator, e.g, sleep or social support. Although
the method is not capable of acting and self-feeding with the responses, it is still a source
of mathematical findings, with possible actions and insights for specialists to do further

investigations.
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Chapter 5

Conclusions and Future Work

This work introduced a new framework for counterfactual inference, focused on modeling
multivariate regression problems that consist of both observed variables and a latent
variable @, which we defined as the individuality factor. The individuality factor is
inherent to a unit in our data and affects the desired output, therefore it needs to be
inferred to correctly calculate counterfactual queries.

The framework has three main components, Causal discovery, base networks, and
our main contribution is in the third step with ICoNet, a network trained to learn the
individuality factor and that can be used later to answer counterfactual queries. The
framework is capable of supporting the three levels of the SCM hierarchy of causal knowl-
edge, being able to make associations, interventions, and counterfactuals. It is important
to notice that while it is possible to act in all three levels of causation, it has to be done
in different components of the framework, since ICoNet focuses on counterfactuals and
takes the factual result as an input, and does not make future predictions.

Results in 53 synthetic datasets show the network can learn to minimize both
training and test error in different scenarios, going from linear relation and additive indi-
viduality to non-linear and multiplicative individuality. The second is expected to better
represent real cases. Since we are using synthetic data, it is possible to correct calcu-
late the counterfactual, and verify the correctness of the model. The Results showed
that the model was able to learns the individuality factor and effectively uses the learned
individuality to make counterfactuals very small errors.

When using the mental health dataset, the counterfactuals found by the model
were used in two experiments. The first searched population impact with counterfactual
queries. They were all validated by specialists, which analyzed both intuitive as well as
counter-intuitive findings. This analysis can help decide the actions to be used in the
whole population to achieve a specific mental health improvement.

The second experiment computed individual counterfactual queries, where it was
possible to see that the model can use the learned individuality to predict different impacts
for individuals with similar observable variables. This corroborated the usefulness of the

approach for clinical interventions on unit-level (patients).
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5.1 Future Work

While we have worked so far with simple counterfactual queries, which focused on
changing a single variable, in the future the use of recourse [24] could give a more complex
and objective analysis. Recourse uses optimization methods to find the minimum change
necessary to achieve a different output. Here, combining recourse with our framework
can allow us to verify combinations of variables with a specific objective, i.e., what are
the minimum changes necessary that could have been made to avoid a patient to develop
depression.

Another possible improvement is to create a continuous bottleneck for individuality
extraction, as we cannot currently guarantee that small individuality changes will not have
a big impact on the model. This approach resembles an autoencoder [1]. For example,
a variational autoencoder could make the space continuous but it also introduces noise,
making it a probabilistic approach. It is important to create within the framework a
continuous space but maintain the deterministic nature of the predictions.

Finally, it would be interesting to test different structures on ICoNet. While it has
already presented good results, a bigger and deeper structure could capture more complex
relationships in the datasets, but it would also demand a higher amount of data. The
context of the model could also be changed to understand its ability to deal with different
types of latent variables, and the complexity of these latent variables can be combined
with the observed ones. It would also be interesting to see the method with different

practical uses, as counterfactual is not limited to the medical context.
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Appendix A

Appendix

A.1 WHOQOL quality of life assessment
questions [32]

In Table A.1, we present the questions considered to describe the individuals in

our experiments.

A.2 BSI distress assessment topics [11]

In Table A.2, we detail all BSI factors considered to describe the individuals in our

experiments.
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Table A.1: Questions considered in this paper. All questions are answered following a

range from 1 to 5, and scores in positive direction, i.e., higher scores denote higher quality
of life.

ID WHOQOL Question

How would you rate your quality of life?

How satisfied are you with your health?

How much do you enjoy life?

SO N =

To what extent do you feel your life to be
meaningful?

J

How well are you able to concentrate?

9  How healthy is your physical environment?

10 Do you have enough energy for everyday life?

11 Are you able to accept your bodily appear-
ance?

12 Have you enough money to meet your needs?

14 To what extent do you have the opportunity
for leisure activities?

15 How well are you able to get around?

16 How satisfied are you with your sleep?

17  How satisfied are you with your ability to per-
form your daily living activities?

18 How satisfied are you with your capacity for
work?

19 How satisfied are you with yourself?

20 How satisfied are you with your personal re-
lationships?

22 How satisfied are you with the support you
get from your friends?

23 How satisfied are you with the conditions of
your living place?

24 How satisfied are you with your access to
health services?

25 How satisfied are you with your transport?

26 How often do you have negative feelings such
as blue mood, despair, anxiety, depression?
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Table A.2: Topics considered in this paper. All questions are answered following a 5-point
scale of distress, ranging from “not-at-all” to “extremely”.

ID BSI Factor

1

Nervousness or shakiness

9

Thoughts of ending your life

12

Suddenly scared for no reason

23

Nausea or upset stomach

37

Feeling weak in parts of your body

38

Feeling tense or keyed up

45

Spells of terror or panic

49

Feeling so restless you could not sit still




Table A.3: Percentage of Variation in the BST and WHOQOL scores as Counterfactual interventions are made in the variables indicated
directly used to generate the score.

in the Id column. Ids proceed by an (*) indicate the variables

Physical Intervention

Psychological Intervention

Environmental Intervention

Min Max Min Max Min Max
1d > < = > < = Id > < = > < = Id > < = > < =
BSI
1 0.1 0.37 99.53 | 1.08 0.01 98.91 1 0.1 8.37 91.53 | 17.41 0.01 82.58 1 21.6 32.96 45.44 | 33.83 19.82 46.35
9 0.46 0.15 99.39 | 0.82 0.15 99.03 9 0.08 13.53 86.39 | 73.98 0.01 26.01 9 34.44 45.67 19.9 62 13.42 24.57
12 | 0.04 0.26 99.7 239 0.09 97.51| 12 | 0.06 13.38 86.56 | 37.13 0.02 62.85 | 12 | 28.96 43.69 27.35 | 57.25 18.26 24.49
*¥23 10 99.98 0.01 100 0 0 23 | 0.02 76.38 23.61 | 99.54 0.01 0.45 23 | 6.69 88.88 4.43 94.91 3.43 1.66
*37 10 99.99 0.01 100 0 0 37 | 0.04 80.44 19.51 | 99.86 0.01 0.13 37 | 6.11 89.9 3.99 96.5 2.35 1.15
38 | 0.28 0.09 99.63 | 0.51 0.02 99.47 | 38 | 0.08 4.29 95.63 | 12.22 0.01 87.78 | 38 | 24.91 31.92 43.16 | 44.19 17.98 37.82
45 | 0.3 1.66 98.04 | 6.86 0.08 93.06 | 45 | 0.01 31.37 68.62 | 82.68 0.01 17.31 | 45 | 27.6 55.62 16.78 | 49.69 17.65 32.67
49 | 0.13 0.19 99.68 | 1.52 0.07 98.41 | 49 | 0.07 15.78 84.15 | 50.08 0.02 49.9 49 | 29.07 43.55 27.39 | 53.68 16.66 29.66
WHOQOL
2 4.58 88.62 6.8 78.42 3.05 18.52 | *6 | 0.31 99.2 0.5 93.14 0.1 6.76 1 0.79 1.74 97.47 | 1.4 0.96 97.64
6 37.51 8.74 53.75 | 10.19 9.58 80.23 | 10 | 1.21 96.21 2.58 81.48 0.89 17.63 2 0.36 779 21.74 | 35.78 0.38 63.84
7 1693 82,06 11.01 | 79.73 7.1 13.16 | 14 | 0.95 80.57 18.47 | 64.56 1.2 34.24 5 0.15 82.2 17.65 | 60.54 0.04 39.42
9 8.17 10.18 81.65 | 9.36 6.87 83.78 | 16 | 4.44 88.88 6.68 76.91 5.04 18.06 6 0.11 94.65 5.24 37.82 0.16 62.02
*10 | 1.4 96.64 1.96 98.98 0.4 0.62 18 | 2.73 61.63 35.64 | 14.13 4.15 81.72 7 10.17 90.24 9.59 74.68 0.06 25.26
11 | 7.88 81.41 10.71 | 75.26 7.15 17.58 | *19 | 0.13 99.54 0.33 99.66 0.08 0.26 *9 | 0.01 99.25 0.74 99.76 O 0.23
12 | 4.41 21.66 73.93 | 30.51 4.27 65.22 | 20 | 6.34 88.19 5.46 72.22 4.7 23.08 | 15 | 0.06 98.36 1.58 88.07 0.05 11.88
*17 | 0.65  98.43 0.92 99.63 0.15 0.21 22 | 419 90.94 4.87 |68.32 2.9 28.79 | 22 | 0.15 79.6  20.25 | 34.86 0.16 64.98
19 | 4.69 82.58 12.73 | 48.13 4.65 47.22 | 25 | 5.77 64.77 29.46 | 11.93 3.63 84.43 | *23 | 0.01 99.77 0.23 99.88 0 0.12
23 | 856 81.66 9.78 55.61 5.58 38.81 | *26 | 0.22 99.28 0.5 99.59 0.13 0.27
24 | 5.25 66.7 28.05 | 45.84 5.62 48.54
26 | 57.26 9.72  33.02 | 13.43 16.48 70.09
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