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Abstract

Cancer treatments might lead to several long-term effects. In this work we investigate their causal role on ischemic heart
disease and their potential precursors (i.e. hypertension and dyslipidemia) of the ovarian suppression therapy in adolescent
and young adult (AYA) breast cancer (BC) survivors. Additionally, we assess the external validity of our findings through
comparative analysis of regional data. We take advantage of a causal network model that leverage on observational data on
1-year AYA BC survivors living the Lombardy region in Italy. Using a structural causal model (SCM) and counterfactual
analysis within Pearl’s causal inference framework, we estimate the Average Causal Effect (ACE), Probability of Necessity
(PN), and Probability of Sufficiency (PS) for the cause-effect relationships. Data of a regional cohort of AYA BC patients
living in the Veneto region were used to externally validate results. Ovarian suppression was found to be a necessary
but not sufficient cause for ischemic heart disease (PN > 97.8%; PS < 1.97%). While PN is high for both hypertension
and dyslipidemia, PS varied suggesting ovarian suppression alone could induce hypertension in about 30% of cases but
was rarely sufficient for dyslipidemia onset. External validation confirmed the robustness of findings across regions. Our
experimental results may be of interest for clinicians who aim at personalizing the follow-up of AYA BC survivors, with
particular attention to be paid in monitoring the hypertension onset or in its prevention. The study demonstrates the value
of counterfactual reasoning and causal inference when working with real-world data.

Keywords Causal networks - Counterfactual explanations - Breast cancer survivors - Treatment guidelines -
Cardiovascular diseases - Adolescents and young adults
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case-mix, AYAs have lower survival rates compared to
their older counterpart. Breast cancer treatment in these
young patients is complex: most of the time it requires
more intense schemes and different approaches, such as
hormone therapies.

As of today, the standard neoadjuvant therapy (i.e.
post-surgery) for the treatment of hormone receptor-
positive breast cancer expects the use of endocrine thera-
pies, like tamoxifen, sometimes combined together with
CK 4/6 inhibitors [3] with the objective of reducing the
probability of recurrence. Separately, in young patients
especially when facing neoadjuvant (i.e. pre-surgical)
chemotherapy, gonadotropin-releasing hormone (GnRH)
agonists may be administered to preserve ovarian func-
tion and fertility from chemotherapeutic damages. This
treatment induces a reversible menopause-like state that
can cause significant cardiovascular implications as draw-
backs. Thus, the natural hormonal protection in women
diminishes considerably with the onset of menopause,
when women’s cardiovascular risk begins to approach
that of men [4], both inducing ischemic heart diseases
or increasing the risk of developing their precursors (i.e.
hypertension and dyslipidemia).

Leveraging on a causal Bayesian network and the causal
inference framework proposed by Pearl et al. [5], in our
previous analysis we showed that the GnRH neoadjuvant
hormonal therapy alone (if administered in combination
with tamoxifen as neoadjuvant hormonal treatment) rep-
resents a necessary but not sufficient cause for developing
ischemic heart disease within 5-years from diagnosis in
young breast cancer survivors. Building upon our previ-
ous findings we aim to explore the potential mediating
mechanisms underlying this relationship, focusing on two
important considerations: i) the limited temporal span
of our follow-up period and ii) the presence of potential
unobserved risk factors that may be required to complete
the causal pathway.

In this context, we extended our previous work by:

e Examining how GnRH neoadjuvant hormonal therapy
influences the development of hypertension and dyslip-
idemia, which may serve as essential mediators between
cancer treatment and ischemic outcomes in a longer
time span (e.g. 10 years);

e Strengthening the external validity of our findings
through comparative analysis of regional data (i.e. a dif-
ferent Italian region);

e Helping to contextualize our results and account for po-
tential unmeasured confounders in the causal relation-
ship that may differ between the internal and external
validation cohort.

@ Springer

Methods

In this section we introduce the notation, together with the
main concepts and the mathematical models needed to follow
the rest of the paper. In particular, we give the definitions of
Bayesian network, causal network and structural causal model,
while also describing the three rungs of the ladder of causation
[6] which are fundamental to understand our contributions.

Bayesian Networks

Bayesian networks (BNs) [7-9] are a type of probabilistic
graphical model (PGM) used for reasoning under uncer-
tainty. BNs are made of a qualitative component in the form
of directed acyclic graph (DAG) encoding the independence
relations between the variables in the problem, while the quan-
titative component is a set probability distributions measuring
such relations. More formally, BNs can be defined as follows.

Definition 1 (Bayesian Network (BN)) A Bayesian network
is a pair (G, P), where:

e G=(V,E) is a DAG, with V a set of vertices and
E C V x V aset of directed edges,
e P isaprobability distribution over the random vector X.

Each vertex V; € V is mapped to a variable X; € X, so that
the global probability distribution P is factorized over G
into local probability terms P(X; | Pa(X;)), with Pa(X;)
the parentsl of X;.

For each variable V; € V, we define the ancestors of V; to
be the set of variables V; € V' \ {V;} such that there exists a
directed path.? Similarly, we define the descendants of V; to
be the set of variables V; € V \ {V;} such that there exists
a directed path from V; to V;. Henceforth, we will refer to a
vertex V; and its corresponding variable X; interchangeably.

Definition 2 (Causal Network (CN)) A Causal Network is a
BN in which any edge from parents to children represents a
cause-effect relationship.

Observational and Interventional Rungs

Standard probabilistic inference involves computing the
posterior probability distribution for variables of interest
given evidence about other variables, commonly referred

' A vertex VJ is said to be a parent of V; if there exists a directed edge
from Vj to V;.

2 A directed path from V; to V; is sequence of directed edges starting
from V; and ending in V;
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to as observational queries (e.g., “what if I see this?””). For
instance, given states x and y of random variables X and
Y, respectively, an observational query might involve com-
puting the conditional probability P(x | y). Here, x and y
represent the presence of X and Y, while 2’ and ¢’ denote
their absence.

In causal reasoning, we focus on hypothetical sce-
narios where we calculate the probability of a variable
given that we intervene on another. For example, the query
P(Y =y | do(X = x)) represents the probability that ¥
equals y when X is intervened to take the value x. The notation
do(X = z) explicitly denotes an intervention, distinguishing
it from mere observation. The difference between outcomes
under different treatments or interventions is commonly mea-
sured through the average treatment effect (ACE), also known
as the average causal effect (ACE), which can be defined as:

ATE(X,Y) = P(Y =y | do(X = z)) — P(Y =y | do(X = 2')). (1)

To calculate an interventional query, a process often referred
to as “surgery” is employed. This graphical operation
involves removing the incoming arcs to the intervened vari-
able X and setting the node to a specific value X = x. The
model that results from this surgical intervention is known
as the “post-intervention” model. This process is performed
to restrict the natural tendency of the variable to change in
response to other variables in the environment.

Performing graph surgery is the initial step required to
distinguish the associative effect from the purely causal
effect. However, a causal estimand cannot be directly esti-
mated using a statistical estimator; it must first be translated
into a statistical estimand by removing the intervention. This
process is known as the identification of the causal effect.

If there exists a set of covariates Z that satisfies the back-
door criterion [6] in the model, then there exists a consistent
estimator for the causal effect of X on Y-

P(Y =y|do(X =2))=Y P(Y =y|X =2,2=2)P(Z=12). )

Under the condition of exogeneity (also known as
no-confounding) [10], the way Y would potentially
respond to experimental conditions x or z’ is inde-
pendent of the actual value of X. This implies that
PY=y|do(X=2)=PY =y|X=x) and
PY =y|do(X =2')) = P(Y =y | X =2'), thus mak-
ing ACE(X,Y) = ATE(X,Y). A graphical criterion to
identify the condition of exogeneity is the absence of a com-
mon ancestor of X and Y connected to Y through a directed
path that does not include X. Apart from the exogeneity

condition, performing Causal Inference requires a set of
assumptions: i.e. no unobserved confounding, positivity
[11] and Stable Unit Treatment Value Assumption [12].

Counterfactual Rung

Counterfactual queries [6] explore hypothetical scenarios,
such as, “What would the outcome have been if the variable
had taken a different value?” For example, P(Y, | X = z’)
represents the probability of Y if X had taken the value x
instead of 2. Here, Y, relates to the hypothetical scenario,
while X is in the real scenario.

A key concept in this context is the probability of neces-
sity (PN), which measures the extent to which one event is a
necessary condition for another. The PN is defined as:

Here, X is considered a necessary cause for Y if y would
not have occurred without x, given that both x and y actu-
ally occurred. Therefore, PN represents our certainty about
X being a necessary cause of Y.

Similarly, we may also be interested in determining
whether an event is a sufficient condition. To address this,
we define the probability of sufficiency (PS) as:

PS(X,Y)=P(Y,=y| X =2,V =¢)). (4)

X is considered a sufficient cause for Y if y occurs when-
ever x occurs. Thus, PS represents the probability that X is
a sufficient cause of Y. In other words, it is the probability
that setting x would lead to y in a scenario where both x and
y are currently absent.

Counterfactual queries cannot be directly computed from
a CN. Instead, structural causal models (SCMs) [6], which
can be viewed as an extension of CNs, are required. SCMs
consist of endogenous variables, which represent internal
elements of the model, and exogenous variables, which
often lack a clear semantic interpretation. SCMs can be for-
mally defined as follows [13].

Definition 3 (Structural Causal Model (SCM)) A structural
causal model is defined as a 4-tuple (U, V, F, P), where:

e U is the set of exogenous variables;

e 'V is the set of endogenous variables;

o F={f;:U,UPa(V;) =V, VV; € V} is the set of
structural equations;

e P is the set of exogenous probability distributions
P(U;), foreach U; € U.

@ Springer
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Note that the structural equations F actually define a DAG
over the variables in U UV, with an edge from each vari-
able in U; U Pa(V;) to V;.

Experimental Results
Answering the Causal Query

The starting point for this analysis is the causal network
that has been developed for the estimation of the risk of
CVDs and is being described in [14] and in the Supple-
mentary Material Section 1. Briefly, the model was devel-
oped fusing together prior medical knowledge and data
coming from two different cohorts of AYA with BC: a
population-based (N=1037) and a clinical cohort (N=339).
Both cohorts have the same selection criteria, i.e. AYA BC
1-year survivors living in the Lombardy region in Italy.
These two cohorts were complementary (in terms of infor-
mation) even though they were not directly linkable. In
both cohorts, we collected information on 24 categorical
variables that included: cancer prognostic factors, cancer
treatments, major cardiovascular risk factors (i.e, type 2
diabetes, hypertension and dyslipidemia) and cardiovas-
cular diseases (including ischemic heart diseases and car-
diotoxicities). This work focused on the population-based
cohort data only. All the variable and sample selections
made for this specific work are explained and motivated in
the Supplementary Material Section 2; missing data were
handled as explained in [15].

Taking advantage of this model, in this work we focused
on a specific causal query extracted from BC treatment
guidelines (see Supplementary Material Section 1 for
more details). Briefly, our objective was to properly under-
stand the impact of the neoadjuvant hormonal therapy
[hormons neo] (that for these patients corresponds
to ovarian suppression induced by GnRH agonists) on
the risk of developing ischemic heart diseases [isch-
emic heart disease] in a selected group of patients
treated also with neoadjuvant hormonal therapy (i.e.
tamoxifen); the associated risk has been computed consid-
ering a time horizon of 5-years from the diagnosis. Accord-
ing to our previous experimental results, we found that
P(D = yes|HN = yes) = 1.45%,® with 95% Confidence
Interval*of[0.88%:2.37%]JandP (D = yes|HN = no) = 0.22%
[0.05%; 0.69%]; consequently, we obtain
ACE(HN, D) = 1.23% [0.35%; 2.51%)], this means that

3 In terms of notations, D represents [hormons_neoJand AN stands for
[ischemic_heart disease]

4 95% Confidence intervals are calculated using a Wilson approxima-
tion due to low number of cases

@ Springer

the probability of developing a CVD is almost 0 with ref-
erence to patients who do not receive ovarian suppression
together with tamoxifen treatment and it increase of about
one percentage point if the patient receives it.

In the context of counterfactual analysis, we investigated
the likelihood that the variable [hormons_neo] is a nec-
essary and sufficient cause for [ischemic_heart dis-
ease]. To achieve this we ran the algorithm as described
in Supplementary Material Section 3. For each run, we
obtained a value for the causal query PN and another one
for PS. The distribution of these values is depicted in Fig. 1.
In the case of PN, all values exceeded 97.83%. Conversely,
the values for PS remained below 1.97%. These results sug-
gest that, with a high probability, the ovarian suppression
treatment is a necessary but not a sufficient cause for the
ischemic heart disease. That means that the latter factor is
essential for the disease to occur, however, this treatment
alone is not enough to cause the disease; other factors must
also be present.

Impact of Hormonal Therapy on Hypertension and
Dyslipidemia

Following the same methodological framework as our ear-
lier analysis, we extended our counterfactual analysis to the
two major mediators of ischemic heart diseases: hyperten-
sion ([hypertension]) and dyslipidemia ([dyslip-
idemial).

The empirical distributions of PN and PS, related to
[hormons neo] development factors affecting the medi-
ators [hypertension] and [dyslipidemia], are
displayed in Figs. 2 and 3.

Overall, the mean PN is high both for [dyslip-
idemia] and [hypertension] (about 94.45% and
77.70%, respectively) implying that nearly all patients who
develop [hypertension] or [dyslipidemia] doso
after receiving [hormons neo]. Nevertheless, the mean
PS for [dyslipidemia] is very low (approximately
1.78%), suggesting that [hormons neo] is generally
not enough to induce the condition without other contrib-
uting factors. On the opposite, the mean PS for [hyper-
tension] is around 20%, indicating that about a fifth of
patients who did receive [hormons neo] would have
developed [hypertension] had they been treated.

External Validation

As a further step, we implemented an external validation
routine to strengthen the validity of our findings. We con-
ducted a comparative analysis using an additional popula-
tion-based cohort of N=952 patients identified in regional
data from Veneto Cancer Registry (VCR), which helps to
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contextualize our results and account for potential unmea-

sured confounders. vascular outcomes following hormone therapy with minor
Comparing the Veneto and the Lombardy cohorts, we  differences in the treatment decision only (Supplementary
observed a similar distribution pattern of all the baseline =~ Material Table 1).

covariates, major cardiovascular risk factors and cardio-
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A workflow describing the data collection process and
the patients selection for the analyses (with corresponding
counts), both in Lombardy and Veneto region, is included in
the Supplementary Material, Fig. 5.

Our comparative analysis demonstrates strong consis-
tency between results obtained from the Lombardy and
Veneto cohorts. As illustrated in Fig. 4, the boxplot visu-
alization reveals that mean values from both regions fall
within each other’s standard deviation intervals.

Discussion

In this work, starting from a clinical question on the rec-
ommendability of the ovarian suppression addition to
tamoxifen treatment, the counterfactual explanations made
it evident that, the ovarian suppression treatment is a neces-
sary but not a sufficient cause for the ischemic heart disease.
That means that the latter factor is essential for the disease
to occur, i.e., the disease cannot happen without the pres-
ence of this hormonal treatment. However, this treatment
alone is not enough to cause the disease; other factors must
also be present.

Moreover, we observed a different role of the ovarian
suppression on the potential mediators of ischemic heart
diseases. Thus, the low PS for dyslipidemia suggests that
the addition of ovarian suppression is generally not enough
to induce the condition without other contributing factors.
On the opposite, the PS for hypertension of about 30%,
underscores a more pronounced influence of the treatment
choice on this condition.

It is important to say that it is very difficult to define a clini-
cally meaningful tailored threshold of PS and PN. Consider-
ing the lack of evidence and the rarity of the disease in these
patients, any observational study (like this one we conducted)
could not be considered conclusive but they can serve as a start-
ing point for further clinical and biological investigations and
discussions with clinicians, oncologists and cardio-oncologists.

Knowing the causal role of the treatment choice on
hypertension may be useful for clinicians to organize the
follow-up of the patients i) by prescribing blood pressure
exams more frequently for early detection or ii) by encour-
aging preventive strategies, whether pharmacological or
through lifestyle interventions.

Our experimental results proved to be robust and valid
even on the external validation cohort. This outcome is
likely due to the similar distribution of features across
the two cohorts, with minor differences in the treatment
choices only. These differences may be attributed to the dif-
ferent incidence period covered by the two cohorts (thus,
the Veneto cohort is more recent) or to differences in tumor
staging at diagnosis that we could not verify because our
data lack this information.

However, despite its relevance this work has some lim-
itations too. First of all, while ACE is calculated using a
statistical estimand, the computation of PN and PS is more
complex and requires a SCM. In our proposed approach an
exogenous variable was added as a parent to each endoge-
nous variable. Given the unknown distributions of the exog-
enous variable we learn it by repeatedly applying a learning
algorithm. This approach makes all the process extremely
computationally expensive which allows to handle only
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queries in which the effect node can have maximum of three
parents. From a methodological standpoint, this is an active
area of research. Preliminary findings have been presented
such as [16] and [17].

Finally, our experimental results are valid under the
assumptions showed in “Methods” section.

Nevertheless, this assumptions are difficult to be valid
especially considering the vast literature that describes the
role of lifestyle factors (like smoking, physical inactivity,
obesity and poor diet) on the development of cardiovascular
diseases both directly and indirectly through type 2 diabe-
tes, hypertension and dyslipidemia [18-21]. Hence, atten-
tion should be paid in the results interpretation because the
exclusion of these unmeasured variables from the analyses
may have led to an overestimation of the role of both treat-
ments and the observed major cardiovascular risk factors on
the outcomes. The distribution of these unmeasured factors
looks similar between the Lombardy and Veneto regions [22],
this might explain the absence of substantial differences in the
experimental results. These considerations also support our
conclusion that we approximate causal contrasts under stated
assumptions, rather than emulate a randomized trial.

Finally, caution must be exercised when attempting
to generalize our experimental results to external popula-
tions. In this context, one major factor that may limit the
model’s transportability is race. In Italy, the racial distribu-
tion is relatively homogeneous, with the vast majority of
the population being White Caucasian. However, the lit-
erature clearly shows that racial and ethnic disparities exist
in both breast cancer and CVDs, with non-Hispanic Black
women often experiencing higher mortality rates from both
conditions compared to White women. These survival gaps
are attributable to a combination of biological differences,
social determinants of health, and disparities in healthcare
access — particularly in the United States [23].

Conclusions

In this work we showed how causal networks and coun-
terfactual reasoning can be effectively used to disentangle
uncertainty in treatment choices, while helping clinicians
in better tailoring personalised follow-up guidelines for
chronic patients, like cancer survivors. This is an important
use case which concretely shows how effective observa-
tional real-world data can be to answer clinical questions.
In these regards, the overlapping of association and inter-
vention results support the idea that, despite confounding
is present, clinicians are able to deal with it in the everyday
clinical practice, even without ad hoc strict guidelines. This
result makes even more important and relevant the evidence
driven by the third ladder of causation (counterfactuals)

where our analyses approximate causal contrasts under
stated assumptions, rather than claiming to emulate a ran-
domized trial. This approach can be particularly powerful
when evidence from trials is not available nor ethical to be
obtained [24].
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