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Abstract. Discovering reliable cause-and-effect relationships in real-world med-
ical data is an open challenge. Classical Causal Discovery (CD) algorithms used
to solve this task rely on strict assumptions that are rarely met in complex real-
world scenarios with limited expert knowledge - the functional form of the causal
relationships, the data distribution, the causal sufficiency. Thus, the reliability of
CD algorithms can significantly drop, compromising the interpretability of the
results and the trustworthiness of downstream decision-making. To overcome
these limitations, we introduce the concept of consensus causal model to com-
bine various CD algorithms and enhance their accuracy. Our consensus model
can be efficiently constructed from a set of heterogeneous causal graph objects
through a homogenisation step, ensuring semantic compatibility with the original
edge definitions and enabling meaningful information exchange. To showcase the
proposed method, we analyze a lung cancer dataset combining patient-level in-
formation such as smoking habits and age, and we study their effect on the onset
and development of the disease, the tumor stage, and cellular pathway mutations.
By applying multiple classical CD algorithms, we observe significant structural
inconsistencies and heterogeneity across individual graphs. We demonstrate that
the consensus causal model, unlike the individual models, effectively aggregates
the strengths of each algorithm while mitigating their uncertainties. The result-
ing model reveals biologically validated causal relationships between risk factors,
mutations, and pathways that isolated algorithms fail to capture, thereby under-
scoring the value of consensus causal modelling as a robust alternative to single-
model selection for causal discovery.

Keywords: Causal Discovery, Consensus Causal Models, Benchmark, Knowledge-
based systems, Cancer Genomics, Cancer Patient Data, Cellular Pathways.
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1 Introduction

The growing complexity and the mostly opaque nature of artificial intelligence models
have been raising concerns about their interpretability, explainability, and trustworthi-
ness. Consequently, there is increasing interest in causality, a field that aims to move
beyond correlations and uncover the mechanisms underlying data generation, thus pro-
viding enhanced predictive power and enabling reasoning about interventions and coun-
terfactuals. This makes causality particularly relevant in critical domains such as e-
healthcare [33,20], where potentially high-risk questions should be reliably answered,
while caring for trust-building between the system (computational models for clinical
decision-making support) and multiple users (clinicians, nurses, physicians, and impor-
tantly, patients). While controlled experiments such as randomized clinical trials remain
the gold standard for establishing causality, they are often costly, time-consuming, or
even infeasible due to ethical issues. This has motivated the development of computa-
tional approaches to infer causal relationships across the retained features of interest
directly from observational data, by combining domain knowledge and data-extracted
insights: Causal Discovery (CD) [17].

Reliably performing CD in real-world settings turns out to be an extremely chal-
lenging task [10]. Indeed, the theoretical identifiability of CD algorithms (i.e., the guar-
antee of recovering the true underlying causal graph given sizeable, good-quality data)
is tightly related to a strict compliance of the data with some difficult-to-achieve as-
sumptions. Those assumptions can span the type and shape of the causal relationships
between variables, the nature and additivity of the independent variable-specific error
term, or the observation of an exhaustive set of causal variables (cf. causal sufficiency,
see Sec. 2.1). Moreover, real-world (e.g., healthcare) datasets are often incomplete,
noisy, or biased, further affecting practical identifiability.

In the absence of a robust strategy for assessing whether a dataset satisfies the spe-
cific assumptions required as a minimum to guarantee the theoretical identifiability of a
given CD algorithm, it can be dangerous to rely on its results to draw conclusions, par-
ticularly in critical areas such as health. The simultaneous application of multiple CD
strategies could reveal more consistent patterns and help researchers formulate more
informed and cautious interpretations. In this work, we propose to move from an in-
dividual to a multiple models approach by aggregating the causal information yielded
from several CD algorithms, rather than arbitrarily selecting a single model as the best
representative one. The driving motivation is that we do not dispose of enough expert
knowledge to decide on one unique model. Therefore, we introduce the concept of
a consensus causal model, which will be obtained by first mapping CD outputs to a
universal causal graph representation, facilitating the sharing of information, and then
merging these homogenized causal graphs, each of them providing its partial yet valu-
able view of the same reality. The consensus causal model is expected to convey a
richer and more informative structure, while naturally enabling a heuristic measure of
the associated confidence, and overall improving trustworthiness.

We evaluate our approach on a high-impact use case: lung cancer. Cancer is a com-
plex disease that emerges from the intricate interplay of mutations accumulated over
time that corrupt cell pathways. Factors such as smoking and age can influence the
emergence of the disease and contribute to its heterogeneous progression. The increas-
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ing availability of (public) cancer data enables the development of many statistical stud-
ies exploring, for instance, the relationships between mutations, cellular pathways, and
risk factors. CD can enhance these findings by moving from correlational to causal as-
sociations, thus bringing crucial insights for designing tailored treatments. In a recent
paper, [34] proposed to analyse data from lung cancer, including patient data, tumor
stage, driver genes, and cellular pathways, and apply the classical Peter-Clark (PC) al-
gorithm [41] to discover causal associations from the patient to the genomic level. This
allowed to reinforce confidence in some already known causal associations between pa-
tient and tumor data, while suggesting new potential causal relationships. Nevertheless,
the choice of PC as the backbone of their pipeline for CD on lung cancer has not been
discussed, and this is not an isolated example (e.g., [24,22]). In this work, we consider
the dataset analyzed in [34]. We demonstrate that applying several classical CD meth-
ods generates a strong heterogeneity across the resulting causal graphs, emphasizing
the risks of relying on a single method when expert knowledge is not available. Certain
causal relationships are more consistently discovered than others, and a clear cause-
and-effect directionality can sometimes be extremely hard to establish. This motivates
a frequency-based aggregation approach, in which edges are weighted by their obser-
vation frequency, yielding a more robust and informative estimate of the underlying
causal structure.

The paper is organised as follows. In Section 2, we provide a brief introduction to
causality, describe the CD algorithms included in our method, and present our method
to build the consensus causal model. We also include a description of the dataset on
lung cancer that we will consider in this study. Section 3 first presents the analysis of
the observed heterogeneity within the set of discovered causal graphs obtained by run-
ning our CD benchmark. Then, we build our consensus model and provide a biological
validation of the consensus graph, highlighting the relevance of our method as a valid
and low-cost strategy for obtaining more comprehensive and accurate insights in our
use case. Section 4 concludes the paper with some suggestions for future work.

2 Materials and Methods

2.1 Background on Probabilistic Causality

Given two random variables (rvs) Xi, Xj , a common-sense definition of causality can
be stated as follows: if Xi causes Xj , then an intervention on Xi will affect Xj , whereas
the inverse does not hold. Considering a set of rvs X, a convenient way of represent-
ing causal relationships consists of a directed graph G = (X, E), where E contains
all directed edges relating nodes in X: if Xi causes Xj , then G will contain a directed
edge Xi → Xj , i.e., (Xi, Xj) ∈ E (the order matters), we say that Xi is a parent of
Xj and denote Paj the set of direct causes of Xj . We assume that a causal graph is
acyclic, meaning that there exists no set of consecutive edges in E starting and ending
in the same node: in this case, we talk of a Directed Acyclic Graph (DAG) (see [32] for
an overview on the topic). The indirected graph associated with G is called the skele-
ton. Causal discovery aims to uncover, from data, the DAG underlying the causal data
generation mechanism. Let X be a set of causal variables (sometimes called endoge-
nous) and P a probability distribution over X. Learning the causal DAG over X means
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learning how the data sampled from the distribution P has been generated. We can
connect probability and causality by looking at the (in)dependencies and conditional
(in)dependencies in P. The Causal Markov Condition allows to make a link between
the causal graph and the probability distribution through conditional independence.

Definition 1. Let G = (X, E) be a causal graph, and P a probability distribution over
X generated by G. G and P satisfy the Causal Markov Condition (CMC) iff for every
Xi in X, Xi ⊥⊥ X \ (Desi ∪ Pai)|Pai (read: Xi is independent of X \ (Desi ∪ Pai)
given Pai).

The Markov Condition entails the following factorization of the joint probability distri-
bution :

P(X) =
∏

Xi∈X

P(Xi|Pai). (1)

We also recall the definition of Faithfulness, required by most CD algorithms for
identifiability:

Definition 2. Let G = (X, E) be a causal graph, and P a probability distribution over
X generated by G. G and P satisfy the Faithfulness Condition iff the only conditional
independencies in P are the ones entailed by the CMC applied to G. In this case, we say
that P is faithful to G.

Given a graph G, the CMC yields a list of conditional independencies for P to satisfy.
Nevertheless, additional independencies can emerge due to specific parameter choices
or constraints, leading to unfaithful distributions. A further discussion about these con-
ditions connecting causality to probability can be found in [41]. We conclude by defin-
ing causal sufficiency, which is a theoretical assumption that is rarely satisfied in real-
world settings, despite being often required to ensure CD identifiability.

Definition 3. A set X of rvs is Causally Sufficient (CS) iff every common cause of any
two or more variables in X is in X.

2.2 Causal Discovery Benchmark

In this work, we consider 8 classical CD algorithms, which can be classified into 4
categories: constraint-based, score-based, functional-based, and permutation-based. All
these methods are implemented in the Python library causal-learn, which we will
use for the results section. The code and datasets are all publicly available on GitHub.
Below, we provide a brief description of each considered CD algorithm, of which a
summary is given in Table 1.

Constraint-based. Constraint-based methods rely on statistical tests for conditional
independence to discover the causal graph. Among constraint-based methods, we con-
sider the following candidates:

PC. Peter-Clark (PC) [41] is one of the most popular CD algorithms. It starts with a
complete undirected graph and recursively prunes off edges based on conditional
independence. PC assumes Faithfulness and Causal Sufficiency. Its output is a
Partially Directed Graph, consisting of both directed and undirected edges, undi-
rected edges being those for which PC wasn’t able to establish any orientation.

https://github.com/u2839170165-ai/Consensus_causal_model.git
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FCI. Fast Causal Inference (FCI) [42] is a relaxation of the PC algorithm that does not
assume Causal Sufficiency. FCI outputs a Partial Ancestral Graph, which can con-
tain different types of edges, including partially oriented edges or bidirected edges,
which indicate the possible existence of unobserved common causes (confounders).

Several conditional independence tests can be used, and should be carefully considered
depending on the data. Specifically, the χ2-test and G2-test [44] are better suited for
discrete data. For continuous data, we should use e.g., the Fisher-z test [15], which is
particularly well suited for data with linear causal relationships and a Gaussian dis-
tribution, or a kernel-based test [48], which is more flexible in terms of the expected
functional form of the causal relationship.

Score-based. Score-based algorithms rely on the definition of a score for measuring
the goodness of fit of the graph with respect to the observed distribution. We consider
the following score-based methods:

GES. Greedy Equivalent Search (GES) [8] starts from an empty graph, and iteratively
adds edges entailing an improved score result (forward phase). It then performs a
backward search, where edges are removed whenever this operation implies a better
scoring. GES assumes Faithfulness and Causal Sufficiency.

ExactSearch. ExactSearch [39] relies on decomposable scores and uses dynamic pro-
gramming to compute every local score (i.e., a score for each pair of variables and
its candidate set of parents). causal-learn also implements a refined version
of ExactSearch (A∗) [47], which further improves the search method efficiency.

As for constraint-based algorithms, several scores can be proposed and adapted to the
data types. The BIC score [37] is classically proposed, and is particularly well-suited for
continuous data with linear causal relationships and Gaussian distributions. For discrete
data, the Dirichlet score (BDeu) [5] can be used. Finally, a general score [19] based on
kernels can be proposed for continuous data, without requiring assumptions on the form
of the causal relationships.

Functional-based. Functional-based methods rely on a functional definition of causal-
ity, which means specifying a function f which describes the form of the causal depen-
dency: given f , X causes Y is denoted by Y = f(X) + ϵ, where ϵ is a noise variable,
independent of X and typically centered. We consider the following methods, based on
linear assumptions:

DirectLiNGAM. DirectLiNGAM [38] assumes a linear non-Gaussian acyclic model
(LiNGAM), meaning a linear function f to describe causality, and a non-Gaussian
random noise. DirectLiNGAM performs least squares regressions of each variable
on the others, computes the residuals, and tests independence between residuals
and variables to finally establish the causal order. It assumes Causal Sufficiency.

RCD-LiNGAM. Repetitive Causal Discovery LiNGAM (RCD-LiNGAM) [27] relaxes
the causal sufficiency assumptions of DirectLiNGAM, and admits the existence of
unobserved variables. As its name suggests, this method is also based on a linear
non-Gaussian assumption.
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Permutation-based. Within this category, we consider methods based on Sparsest Per-
mutation (SP) [35]. SP proposes to use conditional independence to associate a unique
DAG to a causal order of the set of variables, investigated through permutation. The aim
is to identify the permutation yielding the sparsest DAG (i.e., the one with the smallest
number of edges). SP’s identifiability requires Causal sufficiency and a strictly weaker
Faithfulness constraint.

GRaSP. Greedy Relaxations of SP (GRaSP) [23] replaces the exhaustive permutations
search of SP with a more efficient permutation space travelling method, making the
algorithm more scalable for highly connected graphs.

BOSS. Best Order Score Search (BOSS) [2] introduces and leverages a novel technique
known as Grow-Shrink Trees (GST) [2] to construct the unique DAG associated to
a permutation, ensuring scalability for high-dimensional data.

Permutation-based methods also require the specification of a score to assess the quality
of the considered graphs. The same scores already discussed for score-based methods
apply here.

Algorithm Type Faithfulness CS Reference
PC

Constraint-based
✓ ✓ [41]

FCI ✓ ✗ [42]
GES

Score-based
✓ ✓ [8]

ExactSearch ✓ ✓
[39]
[47]

DirectLiNGAM
Functional-based

✗ ✓ [38]
RCD-LiNGAM ✗ ✗ [27]
GRaSP

Permutation-based
✗ ✓ [23]

BOSS ✗ ✓ [2]
Table 1. CD algorithms benchmark. (CS = Causal Sufficency)

2.3 Consensus Causal Model

To build our consensus causal model, we first perform a homogenisation step, and map
all output causal graphs to a universal causal graph representation characterized through
a binary adjacency matrix, enabling coherent information exchange between CD algo-
rithms and aggregation of their heterogeneous outputs. Indeed, as detailed in Sec. 2.2,
CD algorithm outputs may present different types of predicted edges (directed, bidi-
rected, undirected, partially directed). For the sake of interoperability, bidirected and
undirected edges are mapped into two symmetric 1 entries in the corresponding binary
adjacency matrix, under the convention that symmetric entries in the consensus ma-
trix will be interpreted as an identified association between the two involved nodes,
which can be either causal (directed or mediated) or anti-causal (e.g., through latent
confounding); symmetric entries on the consensus will be graphically represented as
undirected. On the other hand, partially directed edges are homogenized to directed,
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to strengthen the information contained therein of a forbidden direction. A similar ap-
proach was adopted e.g. in [36], for scoring purposes and comparison against ground
truth.

Given a set of homogenized binary adjacency matrices sharing the same edge-type
conventions, the consensus causal model is computed by their arithmetic average. This
leads to a weighted consensus graph, where weights denote edge observation frequen-
cies, and bring information on the consistency of the discovered causal associations. It
is worth noticing that our choice of a binary mapping is particularly effective here since
it naturally encourages orientation over simple skeleton discovery. Finally, for the sake
of a cleaner graphical representation, we consider a majority voting strategy to solve
orientation conflicts, whenever possible: we retain the edge direction corresponding to
the larger weight between the two possible directions, and keep an edge undirected
whenever the two directions have equal weight. Of note, our consensus graph is not
constrained to be acyclic, and may allow for cyclic relationships if not actively prohib-
ited (only self-loops are forbidden by construction). Nevertheless, consensus weights
provide valuable information for edge pruning. Fig. 1 schematically illustrates how the
consensus is built.

Aggregating multiple causal graphs has already been proposed (e.g., [10]), but this
procedure is typically performed by adding/removing edges based on a threshold (typ-
ically set to 50%). The resulting graph is then interpreted as a binary structure. On the
contrary, our consensus model learns from all considered CD methods and combines all
discovered edges within a weighted structure that conveys a heuristic measure of con-
fidence: higher (respectively, lower) weights indicate more (respectively, fewer) occur-
rences across the set of causal graphs. The resulting consensus structure is both denser
and more informative, providing potentially new insights together with an associated
level of uncertainty. While the main focus of the current study concerns the analysis of
the lung cancer data described in the following section, Appendix 5.3 contains some ex-
emplifying results in a controlled simulation study, comparing the performance of the
consensus graph with individual algorithms. Overall, experiments conducted on syn-
thetic data show that our consensus graph and its weighted structure effectively allows
to drive attention towards the most relevant causal structures, reaching performances
comparable to the best-scoring models.

2.4 Lung Cancer Data

Dataset Creation. The data extraction and dataset construction follow the same pipeline
used in [34]. We combined patient- and tumor-level data obtained from a lung cancer
study [6] available on cBioPortal [16] with genomic information derived from somatic
mutations and with the hierarchical organization of cellular pathways provided by Re-
actome [30]. Using the concept of Super Pathways [13], which groups cellular functions
into hierarchical structures, we intersected their gene sets with each patient’s mutated
driver genes. Only mutations in known driver genes [11,29] were considered, reducing
the dimensionality of the genomic feature space and increasing the biological relevance
of the associations. For each patient and for each Super Pathway or Sub-pathway, we
evaluated whether the intersection between mutated genes and pathway genes was sta-
tistically significant, retaining only statistically significant associations. Table 2 shows
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Fig. 1. Diagram explaining the construction of the consensus causal model

the cellular pathways that have been finally retained, and the reference number we will
use for graphical representations in Sec. 3. This procedure yielded a reduced and struc-
tured dataset that integrates clinical and tumor information (6 features), and genomic
data (12 cellular pathways), illustrated in Table 3. We dispose of 1044 subjects in total.

Ref. Description Super/
Sub

SP1 Cell-Cell communication Super
SP2 Cellular responses to stimuli – Oncogene Induced Senescence Sub
SP3 Chromatin organization – PKMTs methylate histone lysines Sub
SP4 Developmental Biology Super
SP5 Extracellular matrix organization Super
SP6 Gene expression (Transcription) – Transcriptional regulation by RUNX3 Sub
SP7 Immune System – Dectin-2 family Sub
SP8 Metabolism of proteins – SUMOylation Sub
SP9 Neuronal System Super
SP10 Programmed Cell Death – Activation of NOXA and translocation to mitochondria Sub
SP11 Signal Transduction Super
SP12 Vesicle-mediated transport – Scavenging by Class H Receptors Sub

Table 2. Description of each super-/sub- cellular pathway retained for this study.

Further details on the variable reduction, subgroup decomposition, and aggregation
steps can be found in [34], which fully documents the original pipeline.

Missing data handling. Most existing CD algorithms need to be fed with complete
datasets (i.e., with no missing entries), to learn the underlying causal DAG. While the
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Patient- and tumor-level data Genomic level data
Patient Sex Age Smoking SPY Stage Status SP1 SP2 · · · SP12

p1 Male 41 Ref>15 20 IA Living 2 0 0 0
p2 Male 51 Ref≤15 10 IIIA Deceased 0 5 0 1
p3 Female 65 Ref 12 IIIB Living 2 0 7 0
. . . Female 83 Current 32 V Deceased 1 0 0 1

p1044 Male 67 Ref>15 40 IIA Living 3 2 1 0
Table 3. Dataset encompassing patient- and tumor-level data, adapted from [34]. SPY: Smoking
Pack Years. SP: Super-/Sub-pathway. Sex, Smoking, Status, and Stage are by nature binary or
categorical variables, while the remaining variables are continuous (Ref = Reformed).

cellular pathways data is complete (a missing record implies no mutation has been ob-
served for this sample, so we can safely replace it with 0), the 6 features reporting
patient- and tumor-level data are of heterogeneous nature (continuous and categorical)
and contain up to 20% of missing values (see Supplementary Fig. 6). A simple, straight-
forward solution consists of removing every sample containing at least one missing en-
try. Nevertheless, this entails a significant loss of information, since more than 30% of
the samples are partially corrupted. An alternative approach implies performing missing
data imputation prior to the CD task. Several methods of missing data imputation exist,
and can be broadly classified into two categories: univariate and multivariate imputa-
tion. The first one independently considers one feature at a time and uses the observed
values in each feature containing missing entries to replace them, such as the mean im-
putation. Multivariate imputation instead uses all the observed features in the dataset to
impute missing values, such as the k-Nearest Neighbors (k-NN) algorithm [3], which
we decided to use in this work. To account for heterogeneous data types, we chose the
Heterogeneous Euclidean-Overlap Metric (HEOM) [45] to define the nearest neighbors.

Definition 4. Let x = (xd)d=0,...,D and y = (yd)d=0,...,D be two D-dimensional sam-
ples, composed of continuous and categorical features. Their HEOM distance, dHEOM(x,y),
is defined as follows:

dHEOM(x,y) =

√√√√ D∑
d=1

d(xd, yd)2,where d(xd, yd) =



{
0 if xd = yd
1 otherwise if d is categorical

|xd − yd|
maxd −mind

if d is continuous

maxd (resp. mind) are the maximum (resp. the minimum) of the d-th feature across all
samples.

We equipped the k-NN algorithm with the HEOM distance to find the k nearest neigh-
bors (k = 5 in this work) of each sample x = (xd)d=0,...,D with a missing entry for
at least one feature, xd∗ in our dataset. If xd∗ is continuous, we impute its value using
the mean of the d∗th feature over the set of nearest neighbors; otherwise, we impute
by the most frequent value. This process has the advantage of preserving the original
distribution of the data (see Supplementary Fig. 5).
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In Sec. 3 we will refer to the dataset from which partially observed samples have
been removed as Filtered, and the dataset in which missing entries have been imputed
as Imputed.

Prior knowledge. Some CD algorithms allow for the injection of prior knowledge about
existing (resp. forbidden) causal relationships: this can greatly facilitate the causal dis-
covery task in terms of both accuracy and computational load. Concerning our specific
application, we dispose of limited, yet informative, prior information concerning some
variables about patient and tumor data. Specifically, we can assert that Age and Sex
should have no parents variable (i.e., their in-degree is 0), while Status should have no
children (i.e., its out-degree is 0) as the patients’ outcome should not cause any of the
variables considered. In Sec. 3 we will associate the mention prior whenever this prior
knowledge has been provided as additional input to the CD algorithm.

3 Results

3.1 Individual causal models display substantial heterogeneity

We generated a total of 44 causal graphs relating the 6 features of patient and tumor
data and the 12 cellular pathways. Each graph resulted from the application of a CD
algorithm with specific hyperparameter choices (i.e., the conditional independent test
or the score, as described in Sec. 2.2). To prevent over-weighting a given CD method,
we deduplicate identical causal graphs whenever they result from the same method run
with different hyperparameter choices, leading to a final population of 38 candidate
individual causal models. We propose several strategies to merge the obtained causal
graphs, detailed in Tab. 4. We build a consensus causal model for each strategy.

Strategy Which graphs to be merged together? n

St.1 All causal graphs 38
St.2 Causal graphs obtained using prior knowledge 9
St.3 Causal graphs obtained on the Filtered dataset 18
St.4 Causal graphs obtained on the Imputed dataset 18

Table 4. Strategies for causal graph merging. n denotes the number of graphs included in each
set.

Fig. 2 shows several interesting metrics evaluated within each set of causal graphs
from Tab. 4, which offer a quantitative measure of the observed heterogeneity across
individual causal models. We firstly consider the Structural Hamming Distance (SHD,
top left panel), a reference distance to compare the structure of two (partially) directed
graphs, which counts the number of edge deletions, insertions, or flips needed to turn
one graph into the other. We evaluate the SHD between each pair of causal graphs
within every merging strategy. One can see that the minimum obtained SHD between
any 2 discovered causal graphs is 25 for St.2, with an average SHD above 30 for the
other merging strategies. This highlights the high variability of the discovered causal
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structures and, consequently, emphasizes the challenge of relying on a specific causal
graph candidate. Supplementary Fig. 7 further supports the heterogeneity statement.
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Fig. 2. Boxplot reporting some graph metrics per merging strategy. (Top left) Structural Hamming
distance (SHD). (Top right) Skeleton density. (Bottom left) Directionality index. (Bottom right)
Spectral radius.

Fig. 2 also conveys another relevant piece of information: the importance of prior
knowledge. Indeed, causal graphs in St.2, obtained by specifying the role of some strate-
gic nodes (Sec. 2.4), display a significantly higher directionality index (the ratio be-
tween purely directed vs undirected edges) and skeleton density (the overall number of
discovered edges) with respect to the other strategies. This suggests that the injected
prior knowledge has strongly contributed to orienting edges, while supporting CD in
robustly identifying meaningful relationships across the observed variables. To further
stress the relevance of prior knowledge, we have also assessed the spectral radius of all
discovered causal graphs. St.2 shows a milder spectral radius: of note, a small spectral
radius corresponds to a graph closer to being acyclic, and a small total vertex degree.

Finally, one can observe that the imputation process performed in St.4 does not seem
to lead to more stable discovered causal structures compared to St.3, where incomplete
entries have been removed, with a consequent significant reduction of the dataset size.
One possible explication can come from the nature of the missing mechanism, whose
analysis is out of the scope of the current work.

3.2 The consensus causal model offers rich biological insights

We build the consensus causal model following the procedure described in Sec. 2.3.
We use St. 2 to build the consensus, because, as commented in Sec. 3.1, it shows a
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Fig. 3. (a) Most frequent edges (%) connecting patient and tumor level data with cellular pathways
variables in St.1. (b) Average out-degree of the ’Smoking’ variable by strategy stratified by patient
and tumor variables vs cellular pathways variables.

significantly higher directionality index. In Fig. 4, we compare the consensus model,
where edge weights are denoted by color intensity, with the causal graph obtained by
[34] applying PC. For the sake of completeness, Supp. Fig. 7 further shows the full
weighted consensus matrices as heatmaps, before applying the voting strategy for ori-
entation. The consensus causal model appears substantially denser than the reference
one, in some cases explaining some previously found direct associations (e.g., SP12—
SP4) through more complex paths. This opens up a deeper discussion on the complex
network relating cellular pathways and patient-level information in lung cancer.

Several edges observed in the consensus model are supported by previous external
studies. For instance, in clinical oncology, cancer stage is one of the strongest predic-
tors of survival, with advanced stages generally associated with poorer outcomes. In
the consensus causal model, we observe a collider structure Stage → Status ← Smok-
ing, meaning the edge Smoking → Status persists even after conditioning on stage and
all other available features. This pattern suggests that smoking contributes indepen-
dently to survival outcomes rather than acting solely through the stage progression.
Evidence from independent studies supports this interpretation, since continued smok-
ing after cancer diagnosis has been associated with significantly higher mortality [7,9].
This causal association was not identified in the individual causal model from [34].

The causal relationships from the patient and tumor level data towards cellular path-
ways are mostly mediated by Age, Sex, and Smoking, as underlined in Fig. 3 (a). Specif-
ically, more than 40% of the considered individual causal models have identified the
causal association Age→SP5: Extracellular Matrix Organization, which were not ob-
served in [34]. Extracellular Matrix (ECM) is a large network of proteins and other
molecules that surround, support, and give structure to cells and tissues in the body.
Previous studies show that aging is strongly linked to changes in the ECM, including
reduced remodeling capacity, altered collagen structure, and increased stiffness of the
surrounding tissue environment [21,43]. With increasing age, the ECM undergoes ir-
regular and progressive modifications across different tissues, and these alterations are
increasingly recognized as contributors to disease states, including cancer [28]. Impor-
tantly, the remodeled matrix in aged tissue can create physical and biochemical condi-
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Fig. 4. (Left) Causal graph from [34] and (Right) our consensus causal graph from St.2. Dashed
edges are undirected edges; edge color intensity in the consensus causal model corresponds to
the frequency of the edge occurrence.

tions that support tumor growth and metastatic spread. In addition, these ECM changes
may act as a barrier to therapeutic response, limiting the effectiveness of both conven-
tional treatments and immune-based interventions [4]. Similarly, the causal association
Sex→SP10: Programmed Cell Death – Activation of NOXA and translocation to mi-
tochondria, absent in the reference graph from [34], has been recovered by over 30%
of individual causal discovery algorithms queried for consensus. The existence of this
causal relationship is supported by several external works (e.g., [25]), highlighting sex
differences in cell death pathways, including in cancer, with implications on sex-related
differences in anti-programmed cell death protein 1 therapy [12].

Also, smoking habits are identified as strongly altering several cellular pathways,
underlying the key role it plays in lung cancer: this central role is further stressed by
Fig. 3 (b), where we report the average out-degree of Smoking per merging strategy.
Among consistently discovered causal relationships, Smoking→SP10 was already ob-
served in [34]. It is well documented that cigarette smoke causes mitochondrial damage
and can trigger intrinsic cell-death programs [14,40]. Meanwhile, NOXA is a stress-
responsive pro-apoptotic protein that acts at the mitochondria. When activated, it helps
initiate mitochondrial cell death by blocking survival proteins, which ultimately triggers
apoptosis [31,1]. Our consensus model also suggests that Smoking causally influences
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the cellular pathway SP8: Metabolism of proteins – SUMOylation. SUMOylation is a
general protein-modification process that helps regulate fundamental cellular functions
such as cell growth, migration, responses to stress, and processes related to pulmonary
diseases, including cancer [46,49]. Studies have shown that exposure to cigarette smoke
alters SUMOylation patterns in different cell types, including lung cells and immune
cells, indicating that smoking can directly interfere with this protein-regulation system
[18,50]. This relationship was missing in the individual model from [34]. Of note, in the
consensus model plot in Fig. 4, the reverse direction (SP10→Smoking) is reported due
to the voting strategy used for edge orientation. Nevertheless, as depicted in Fig. 3 (a),
the more reasonable causal flow Smoking→SP10 is correctly recovered by more than
30% of the considered CD algorithms: in this case, prior knowledge should have been
preferred over voting to discriminate the best orientation. The voting strategy could also
have been responsible for some observed edge reversals between our consensus graph
and that of [34]. This is, for instance, the case for SP2 and SP10, for which our consen-
sus associates a stronger weight to the SP10→SP2 direction (0.7) with respect to the
other one (0.4).

A remark should be spent on the role within the consensus model (as well as the
reference graph by [34]) of the tumor-level nodes Stage and Status. Surprisingly, there is
no discovered direct or indirect relationship between such nodes and any of the cellular
pathways, indicating that corruption of the cellular functions is not identified as causally
affecting cancer development or the outcome of the patient. This behavior has also been
observed when summarizing the information on genetic disregulation into a single node,
Tumor Mutational Burden (TMB - see Supplementary Sec. 5.2): TMB is identified in
the consensus model as a direct effect of Smoking, Age, and Sex, with no children.
This may be partially explained by the fact that our dataset only comprises diseased
samples: the inclusion of healthy samples in the study would have possibly allowed
highlighting the counterfactuals and hence, other mechanistic relationships between
cellular pathways deregulation and lung cancer.

Finally, as noted earlier, the consensus causal graph appears substantially denser
than the graph reported in [34], especially in the cellular pathways subgraph. All causal
relationships identified between pathways can be explained thanks to the intersection of
cancer driver genes: cellular pathways sharing deregulated molecular components are
more likely to appear as connected in the causal graph. One example of these patterns
is the causal edge observed from SP10: Programmed Cell Death – Activation of NOXA
and translocation to mitochondria to SP2: Cellular responses to stimuli – Oncogene
Induced Senescence. In the Reactome hierarchy, these belong to broader functional cat-
egories (Programmed Cell Death and Cellular Responses to Stimuli), while the ones
analyzed here represent more specific sub-pathways nested within them. These two
sub-pathways share the cancer drivers TP53 and TFDP1 [11], which have been asso-
ciated with regulatory roles in both apoptotic and senescence-related mechanisms. The
presence of shared driver genes suggests potential biological cross-talk, and the fact
that this relationship appears as a directed edge in our model indicates that the CD al-
gorithms successfully captured this underlying functional dependency. Moreover, all
causal pathways across cellular pathways include at least one among SP5, SP8, SP10,
SP12, all related to Smoking.
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More generally, despite density might be perceived as a drawback in CD in relation
to a higher false positive rate, the trade-off between sensitivity and specificity in causal
discovery for biomedical data remains an open question, and largely depends on the in-
tended downstream task. The weighted causal structure of our consensus causal model
conveys richer information than a classical binary adjacency matrices, enabling tuning
the level of sparsity. For instance, if the graph is intended to be used to guide experi-
mental validation, sparser structures are preferable in order to focus resources on a small
number of targets. In this case, only edges with high weights would be retained. Con-
versely, when aiming for a more comprehensive, system-level understanding, overly
aggressive pruning may discard important regulatory relationships: edges with lower
weights may still be relevant and should be kept. A related discussion on the trade-off
between false positives and false negatives in a medical context is provided in [26],
where it motivates the development of a variant of the PC algorithm that allows the user
to control the false discovery rate rather than the independence test power. Notably,
in our experiments on simulated data (see supplementary Fig. 14), a threshold of 50%
provides a reasonable balance between these two objectives.

4 Conclusions

Our work tackles the challenging problem of causal discovery in complex biomedi-
cal contexts, where the ground truth is missing, and the compliance of data with the
strong assumptions required for causal identifiability are hard to prove. To overcome
the difficulties encountered by causal discovery in such contexts, we propose a con-
sensus causal model obtained by aggregating the outputs of multiple causal discovery
algorithms based on the consistency of their causal associations. The construction of
the consensus departs from the usual binary representation in causal discovery in favor
of a continuous perspective, which enables a heuristic quantification of uncertainty in
the inferred relationships. The case study of lung cancer allows us to demonstrate the
effectiveness of our ensemble strategy as the consensus model recovers most causal re-
lationships previously established by [34] while also providing additional rich and bio-
logically valid insights into the causal relationships linking Age and Smoking to cellular
functions. Overall, the proposed consensus representation aggregates multiple levels
of causal evidence into a single object, thereby offering greater flexibility and inter-
pretability for downstream applications. Despite the consensus model already yields an
informal measure of confidence, in future work we aim to fully embrace the paradigm
of ensemble causal learning and investigate more refined strategies for merging causal
graphs, together with a rigorous approach to uncertainty quantification for causal dis-
covery and mechanisms to enforce acyclicity in the aggregated structure.
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5.1 Supplementary Figures
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Fig. 7. Mean adjacency matrices per merging strategy on the full dataset (patient and tumor data,
and genetic level information). Causality direction corresponds to: row → column. A brighter
color denotes a higher occurrence of the corresponding edge in the considered set of causal
graphs. Two strongly connected components emerge, one relating patient and tumor level data
and one relating cellular pathways.

5.2 A focus on patient- and tumor- level variables

Here, we restrict ourselves to the 6 features of patient and tumor level data, and addi-
tionally consider Tumor Mutational Burden (TMB) as a proxy of the total degree of
genetic mutations affecting cellular pathways, available for all samples in our dataset.
As for the main study, consensus causal models are built following the merging strate-
gies introduced in Sec. 3.

Fig. 8 shows the mean adjacency matrices within each group of causal graphs, high-
lighting again the variability of the discovered causal structures. This can be further
appreciated by looking at Fig. 9, upper left panel, which shows pairwise Structural
Hamming Distance (SHD). As for the main study, a straightforward conclusion one can
draw from the results shown in Fig. 9 is the importance of injecting some (limited) prior
knowledge into the CD approach. Indeed, causal graphs analysed in St.2 (with priors)
display a significantly high skeleton density and directionality index, coupled with a
smaller spectral radius, suggesting the discovery of a more stable acyclic and still dense
graph. Fig. 10 also shows the fraction of strongly connected graphs (i.e., where each
node is accessible from any other node in the graph): none of the graphs discovered
using prior knowledge are strongly connected, while approximately 5.5% of the graphs
from the other merging strategies are.
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Finally, Fig. 11 compares the causal graph obtained in the original work by [34]
using PC with our consensus causal model obtained using St.2. Again, the reference
graph appears as a subgraph of our consensus model, and misses some very relevant
causal associations, such as the collider structure Stage → Status ← Smoking, already
commented in Sec. 3.2. Moreover, one can clearly see that Smoking, Age, and Sex are
all parent nodes of TMB, thus supporting their role in the causal deregulation of cellular
pathways.
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Fig. 11. (Left) Causal graph from [34] and (Right) our consensus causal graph from St.2. Dashed
edges denote undirected edges; edge color intensity in the consensus causal model corresponds to
the frequency of the edge occurrence. [34] did not consider TMB in their study, so it only appears
on the consensus model.
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5.3 Controlled simulation experiments
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Fig. 12. SHD and F1 score comparing the benchmark CD algorithms and the consensus one.
10 independent datasets of 1000 samples each were randomly generated from 8-node causal
graphs, using linear causal relationship (f(x) = x), and independent centered Gaussian noise
with standard deviation σ = 0.1. Filled dots represent the mean score over the 10 runs for each
method, and error bars represent the corresponding standard deviations. The size of each filled
dot is proportional to the average density of the algorithm’s output. The empty dot in the top-right
corner provides a measure of the average density of the ground truth, as a reference.

To assess the performance of our consensus approach, we perform controlled exper-
iments using synthetic data, with a known ground-truth causal graph, since in real-world
settings, this is usually not available. To do so, we proceed as follows :

1. We generate a DAG by randomly generating its adjacency matrix using Erdős–Rényi
model for DAGs, and ensuring acyclicity. To do so, we specify the mean density
of the desired causal graph through a parameter p ∈]0, 1[, that corresponds to the
parameter of a Bernoulli law for each entry in the adjacency matrix.

2. Given the DAG, samples for each variable Xi are obtained from its parents’ set
PAi through a functional transformation fi and a random independent additive
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Fig. 13. SHD and F1 score comparing the benchmark CD algorithms and the consensus one. 10
independent datasets of 1000 samples each were randomly generated from 8-node causal graphs,
using non-linear causal relationship (f is randomly chosen among non-linear functions), and
independent Uniform noise scaled by σ = 0.1. Filled dots represent the mean score over the 10
runs for each method, and error bars represent the corresponding standard deviations. The size
of each filled dot is proportional to the average density of the algorithm’s output. The empty dot
in the bottom-right corner provides a measure of the average density of the ground truth, as a
reference.

noise variable ϵi:
Xi =

∑
Xj∈PAi

fi(Xj) + ϵi (2)

In our experiments, we use fi = f , for different specifications of f .

In Figures 12-13 we show results from two simulation studies. In both cases, we
fixed the number of variables in each random graph to 8, and the parameter of the
Bernoulli distribution to p = 0.4, which means that the average number of edges in
the ground truth is 8(8−1)

2 0.4 = 11.2. Figure 12 refers to the simple case of linear
Gaussian data, while Figure 13 refers to the non-linear non-Gaussian one, in the case of
the non-linear non-Gaussian, the function f in (2) is randomly chosen among the fol-
lowing functions: ReLU, sigmoid, logarithmic, exponential, sinus, hyperbolic tangent
and quadratic. For each setting, we randomly generated 10 datasets following the steps
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described above, and compare each individual causal discovery algorithm and our con-
sensus model against the ground truth by reporting the Structural Hamming Distance
(SHD), the F1 score, and a relative measure of the density of the output graph. Since all
features were continuous in all synthetic dataset discussed here, PC were run with the
Fisher-Z independence test, while the BIC score was used for GES, GRaSP, and BOSS.
Finally, we used the search method ’astar’ for Exact search.

As a reference, in both Figures, we plot the score of the consensus model where
each edge was kept irrespective of its weights (Consensus_0, in pink), which, as ex-
pected, obtains a high SHD and low F1 score due to its high density. Nevertheless,
one can clearly see that if we fixed a 0.5 threshold for edge pruning, the consensus
model (Consensus_05, in gray) significantly improves both scores, indicating that the
weights provide relevant information about the pertinence of each edge (and their di-
rections, accounted by SHD). This is particularly striking in the non-linear case (Figure
13), where Consensus_05 consistently improves both scores, outperforming the indi-
vidual approaches. This also demonstrates the flexibility of the consensus since dataset
in the non-linear setting are generated through different functional form of the causal
relationship (i.e. the function f ). Concerning the density of the learned graphs (given
by the dots’ sizes in both figures), the thresholded consensus graph shows a density
consistent with that of the ground truth DAG (the empty dot).

Additional extensive controlled simulation experiments were performed (results not
shown) by varying several key parameters: number of nodes, sample size, noise coeffi-
cient, noise distribution, functional form of the causal relationship, data discretization.
In all settings, we were able to reach similar conclusions as the ones shown here. Over-
all, these results support the relevance of our proposed consensus approach and provide
motivation for ensemble causal discovery.
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Fig. 14. False positives and False negatives for different threshold consensus. 10 independent
datasets of 1000 samples each were randomly generated from 8-node causal graphs, using linear
causal relationship (f(x) = x), and independent centered Gaussian noise with standard deviation
σ = 0.1. Filled dots represent the mean score over the 10 runs for each method, and error bars
represent the corresponding standard deviations. The size of each filled dot is proportional to the
average density of the consensus. The empty dot in the top-right corner provides a measure of the
average density of the ground truth, as a reference.
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