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Abstract
Causal discovery aims to automatically uncover causal relationships from data, a capability with
significant potential across many scientific disciplines. However, its real-world applications remain
limited. Current methods often rely on unrealistic assumptions and are evaluated only on simple
synthetic toy datasets, often with inadequate evaluation metrics. In this paper, we substantiate these
claims by performing a systematic review of the recent causal discovery literature. We present ap-
plications in biology, neuroscience, and Earth sciences—fields where causal discovery holds promise
for addressing key challenges. We highlight available simulated and real-world datasets from these
domains and discuss common assumption violations that have spurred the development of new meth-
ods. Our goal is to encourage the community to adopt better evaluation practices by utilizing realistic
datasets and more adequate metrics.
Keywords: Causal discovery, evaluation metrics, real-world applications

1. Introduction

In many scientific endeavors, researchers are not merely interested in identifying statistical patterns,
but in understanding the underlying causal relationships that govern complex systems. They want
to answer causal questions such as “What would be the impact of changing a specific variable on
this system?”. This kind of question cannot be answered by purely statistical models. For instance,
in healthcare, understanding causal relationships is essential to determine the efficacy of treatments
leading to better patient outcomes and more efficient resource allocation. If a purely statistical model is
used instead, the model might rely on spurious correlations, leading to erroneous conclusions. Causal
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discovery aims at recovering causal relations directly from data, allowing us to answer causal queries.
While causal inference is challenging, most scientific fields could benefit from that capability.

That being said, the field of causal discovery is predominantly method-driven rather than application-
driven (Rolnick et al., 2024): the community produces new methods and algorithms at high speed
but still relies on toy datasets and simple metrics for their evaluation (Gentzel et al., 2019), impeding
its development and applicability to real-world problems. Recently, a plethora of surveys of causal
discovery have covered existing causal discovery methods (Wang et al., 2024; Hasan et al., 2023;
Zanga et al., 2022; Assaad et al., 2022; Vowels et al., 2022; Zhou and Chen, 2022; Nogueira et al., 2021;
Guo et al., 2020; Glymour and Zhang, 2019; Malinsky and Danks, 2018; Singh et al., 2017), but none
focused on the datasets and real-world applications to which these methods were applied. However,
using good datasets and benchmarks is just as crucial as having good algorithms. For example, this
has been pivotal in the recent deep learning boom with datasets such as ImageNet (Deng et al., 2009)
and its associated challenge (Russakovsky et al., 2015). Beyond the choice of datasets, there is also
a need for deeper consideration of the types of problems to which causal discovery can and should
be applied. Over-reliance on simple settings makes the field disconnected from real-world challenges,
and without practical applications, causal discovery risks becoming merely theoretical storytelling.

The goal of this review is to incite the community to be more application-driven: we do that by
surveying the recent literature and highlighting key methodological shortcomings to be improved,
as well as identifying fields that seem ripe to benefit the application of causal discovery. First, by
performing a systematic review, we show in Section 4 that the field of causal discovery still relies
on synthetic datasets and a low diversity of real-world datasets. Also, in most studies, inadequate
metrics are used for evaluation. Second, in Section 5, we show that many alternatives exist to simple
synthetic datasets, both pseudo-real and real-world datasets, and we provide a list of some common
datasets that are used to assess new causal discovery methods (see our github repo). Finally, we
highlight a few key scientific fields — biology, neuroscience, and Earth sciences — where a significant
amount of real-world data is generated and causal discovery should be a short-term target. Overall,
the resulting overview reveals that real-world applications frequently challenge established causal
discovery assumptions and may serve as catalysts for innovation, underscoring the importance of
grounding research in practical scenarios and utilizing real-world datasets over purely synthetic ones.

2. Background

Causal models make formal predictions about the effects of intervention, i.e., external manipulations
that set a variable to some specific value or distribution. While many approaches exist to this end, this
section briefly presents one specific class of causal models that is popular in the field. We detail the
entailed assumptions and introduce causal discovery (for details, see Peters et al. (2017); Pearl (2009)).

Causal Bayesian Network. A Causal Bayesian Network (CBN) consists of a directed acyclic
graph (DAG) G= (V,E) with |V |= d and a random vector X = (X1,...,Xd)∼PX whose entries
correspond to the nodes of G. The distribution PX is connected to the graph G by the Markov property
which asserts that PX factorizes as

PX=

d∏
i=1

P (0)(Xi |paGi ), (1)

where paGi are the parents of Xi in the graph G. Up to this point, this model is a standard Bayesian
network. The causal semantics stem from the interventional interpretation of the edge directions
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and the fact that interventions on variables can also be considered. Let (I1,...,Ik) be a collection of
interventional targets. Each interventional target Ij⊆ [d] represents a set of variables that have been
intervened upon during intervention j. The distribution induced by the j-th intervention is given by

P
(j)
X =

∏
i/∈Ij

P (0)(Xi |paGi )
∏
i∈Ij

P (j)(Xi |paGi ), (2)

where P (0) are the observational conditionals that stay invariants (i.e., same as in Eq 1) and P (j) are
conditionals intervened upon which are specific to the interventional distribution j. This is a general
formulation, with perfect interventions being a notable specific case that corresponds to a setting where
the conditional P (j)(Xi) does not depend on its parents paGi .

Causal discovery. The task of recovering the graph G from a dataset D (possibly containing inter-
ventional data) is called causal discovery. Constraint-based methods such as the PC algorithm (Spirtes
et al., 2001) perform conditional independence tests to recover G, while score-based methods achieve
this by finding the graph that maximizes a score, such as the Bayesian Information Criterion (BIC)
(Chickering, 2002). Some hybrid methods combine aspects of both approaches. Other methods make
parametric assumptions on the functional form of the causal mechanisms or the variable distributions
and orient edges based on detected asymmetries. For a more complete presentation, see for example
Glymour and Zhang (2019). All of these methods are only guaranteed to recover the correct “ground-
truth” graph in the infinite sample limit if the data-generating mechanism satisfies specific assumptions.

Common assumptions. Causal discovery relies on many assumptions, some directly induced
by the CBN approach: 1) acyclicity of the graph over variables, 2) causal sufficiency which refers
to the fact that there are no unobserved confounders, i.e., variables that are parents to more than one
Xi, 3) the faithfulness assumption that stipulates that conditional independencies in the distribution
PX implies the corresponding d-separation in the graph G, and 4) the random variables provide an
appropriate representation to reason about the problem of interest (Spirtes, 2009; Eberhardt, 2016).
As already mentioned above, many methods also assume a particular functional form of the causal
mechanisms (e.g., linearity). In practice, as we will explain in more detail in Section 5.4, most of these
assumptions are violated in real-world problems.

Even when all these assumptions are satisfied, causal discovery is a hard task, both combinator-
ically and statistically. The space of DAGs scales super-exponentially with respect to the number of
variables, and the assumptions above only guarantee correctness in the infinite sample limit, while in
practice, one also has to deal with finite sample errors. Moreover, when the data is purely observational,
without further assumptions one can at best identify an equivalence class of graphs, called the Markov
Equivalence Class. Utilizing interventions represents the optimal strategy for overcoming obstacles
in causal identifiability since it can greatly shrink the size of the equivalence class. If single-target
interventions are performed on every node except one, the ground-truth graph is identifiable and, in
general, fewer interventions are required (Eberhardt et al., 2005).

Evaluation. To evaluate the performance of causal discovery algorithms, there are, broadly speak-
ing, four classes of metrics: structural, qualitative, observational, and interventional. Structural metrics
consist of comparing the learned graph to the ground-truth graph using distances, such as the structural
Hamming distance (SHD) which counts the total number of edges that are missing, superfluous, and
reversed. Qualitative assessments consist of experts in the field who will discuss, based on their domain
knowledge, the plausibility of some causal relations. This is similar to structural measure, but it is used
when the ground-truth graph is not known. Observational and interventional metrics correspond to
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evaluating how well the learned model predicts held-out observational data and data from an unseen in-
tervention, respectively. The latter is arguably closest to what most practitioners care about: the ability
to predict the effect of unseen interventions. Appendix D provides further details on these metrics.

3. From Purely Synthetic Datasets to Real-World Datasets

We first describe different families of datasets that are available for evaluating causal discovery methods
before analyzing their use in recent papers.

3.1. Synthetic Datasets

We need to address the elephant in the room: many causal discovery methods are evaluated only
on simple synthetic datasets that do not reflect any real-world phenomenon (Gentzel et al., 2019)
(a claim that we will also demonstrate in Section 4). Moreover, many of these synthetic datasets
even use exactly the same generator as the model fitted. Still, synthetic datasets are used since they
offer many advantages: the ground-truth causal graph is known, a large sample size can be used and
different properties of the causal model can be precisely controlled (e.g. density of the graph, number
of vertices, functional form, etc) to assess a method. By design, the generated data will perfectly
respect many stringent assumptions such as causal sufficiency, faithfulness, a particular functional
form, etc. Moreover, a motivation for using synthetic datasets might come from the misconception
that real-world datasets are scarce or impossible to evaluate quantitatively, a notion we aim to refute.

Synthetic datasets are usually generated by following these steps: first, the causal graph is sampled,
then the causal mechanisms parameters, and finally, the data is sampled using ancestral sampling
(i.e., by sampling the variables following their topological ordering). Common approaches to sam-
ple a DAG include the Erdős-Rényi scheme, which samples directed edges with a fixed probability,
and scale-free networks (Barabási and Albert, 1999), which samples edges following a preferential
attachment process (Barabási, 2009). The causal mechanisms parameters often follow a particular
functional form assumed by the causal discovery method. For instance, one of the most common
causal mechanisms is linear relations with Gaussian noise. Alternatives include nonlinear (Peters et al.,
2014) and post-nonlinear additive noise models (Zhang and Hyvarinen, 2012) which are often used
since they lead to identifiability results.

However, as highlighted in Reisach et al. (2021) and Reisach et al. (2024), the way these datasets
are generated can sometimes be problematic as it introduces artifacts that some causal discovery
methods may exploit. Namely, Reisach et al. (2021) showed that one can recover the causal ordering
of some synthetic datasets simply by sorting the variables according to their variances. Even when
these pitfalls are avoided by changing the data generating process (Andrews and Kummerfeld, 2024;
Ormaniec et al., 2024), synthetic datasets are much simpler than their real-world counterpart and thus,
the performance of proposed causal discovery methods is overestimated (Eigenmann et al., 2020). As
we will elaborate in Section 5.4, real-world problems rarely conform to many of the assumptions built
into synthetic datasets. We finish by noting that synthetic datasets can still be used for more realistic
evaluation by benchmarking causal discovery methods in scenarios where these stringent assumptions
are violated, as in Montagna et al. (2024).
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Figure 1: The realism of datasets spans a spectrum, from purely synthetic to real-world datasets.

3.2. Real-World Datasets

In the end, what we really care about is the application of causal discovery to real-world problems.
Real-world datasets are particularly interesting since they often break common assumptions and
inform the causal discovery community of what are remaining and interesting challenges to overcome.
The primary limitation of real-world datasets, compared to synthetic and pseudo-real datasets, is the
difficulty in evaluating the quality of discovered structures due to the absence of a known ground truth,
making most assessments qualitative. However, when interventional data are available, we stress the
fact that quantitative evaluation is possible via interventional metrics.

3.3. Pseudo-Real Datasets

Pseudo-real datasets are designed to be similar to real-world data while retaining the benefits of syn-
thetic datasets: a known ground-truth graph, adherence to common assumptions, and control over gen-
eration parameters. As a result, some strongly advocate to use this type of data (Glymour et al., 2019).

Many pseudo-real datasets rely on a data generation process inspired by mathematical models, such
as ordinary or stochastic differential equations, used in their respective fields. In biology, many simula-
tors that generate synthetic gene expression data have been proposed: SynTReN (Van den Bulcke et al.,
2006), GeneNetWeaver (Schaffter et al., 2011), BEELINE (Pratapa et al., 2020), SERGIO (Dibaeinia
and Sinha, 2020). Similarly, in neuroscience, various simulators have been proposed such as simulated
spiking interactions between neurons from hippocampus (Bezaire, 2015), simulated network dynamics
between network areas approximated by mean-field dynamics along with fMRI signal generation
and calibrated against some brain data (Smith et al., 2011). Additionally, several datasets derive from
variants of the virtual brain project (Sanz Leon et al., 2013). In Earth sciences, Ebert-Uphoff and Deng
(2017) simulate data that reflects typical advection and diffusion processes in the planet’s atmosphere
to investigate unexplained connections found by causal discovery algorithms on real-world data.

Alternatively, some pseudo-real datasets are generated by directly learning a model from real-world
datasets. Once fitted, the model can produce examples similar to the original data under different
conditions, with the model’s graph serving as the ground truth. This often leads to datasets that, by
design, respect most common causal discovery assumptions. The most popular resource of that type
is the bnlearn repository (Scutari, 2009; Friedman et al., 1997) that contains several datasets from a
wide range of fields. More recently, in the medical setting, Tu et al. (2019) created a simulator for
neuropathic pain diagnosis. In the field of manufacturing (Vuković and Thalmann, 2022), Göbler et al.
(2023) proposed a Benchmark called Causalassembly where a model has been fitted to real production
line data. Runge et al. (2019) propose the platform CauseMe that contains several time-series datasets,
some pseudo-real and some real with a consensus graph. Finally, Lawrence et al. (2021); Cheng et al.
(2024) propose more general frameworks where several datasets from different fields can be combined
for generating realistic time-series data. Simply put, their methods can be applied to any real-world
dataset and yield a new simulator.

5838

https://www.bnlearn.com/bnrepository/


BROUILLARD SQUIRES WAHL KÖRDING SACHS DROUIN† SRIDHAR†

The realism of datasets can be viewed as a spectrum, with purely synthetic datasets at one end and
real-world datasets at the other (see Fig. 1). Pseudo-real datasets fall in between and they can greatly
vary in their realism: on one end, they can resemble purely synthetic datasets by respecting all common
assumptions and integrating little information from real-world data (e.g., only the graph), at the other
end, they can represent a significant improvement over synthetic datasets as they resemble real-world
problems and can violate common causal assumptions. As an example of the latter, the simulator of
Smith et al. (2011) generates cycles and the simulator of Tu et al. (2019) can generate data with unknown
confounders, selection bias, and missing data. In short, a good simulator should faithfully replicate real-
world datasets in all their complexity and, hopefully, causal discovery methods that perform well on the
simulator should also transfer to real-world datasets. To do so, considering real-world problems and
datasets is essential when designing pseudo-real datasets to ensure their realism and practical relevance.

4. Systematic Review of the Causal Discovery Literature

To better understand the trends in the causal discovery community regarding dataset use and evaluation
metrics, we conducted a systematic literature review similar to the one of Gentzel et al. (2019). Using
the Semantic Scholar API (Kinney et al., 2023), we collected scientific articles on causal discovery
published between 2019 and 2024 at major machine learning conferences (NeurIPS, ICLR, ICML,
AISTATS, UAI, AAAI, and CLeaR). We collected a total of 221 papers and, after manually filtering
them, we retained 167 papers. A detailed presentation of our methodology, along with some additional
results, can be found in Appendix A. The list of selected papers and the analysis code are available
at our github repo.

Fig 2 shows the distribution of dataset types used in the selected studies. We observe that 20%
of these only make use of purely synthetic datasets, while 62% rely on real-world datasets. Most
real-world datasets are small, with 80% containing 20 or fewer variables. Fig 3 shows the field of
provenance of pseudo-real and real-world datasets. Biology is by far the most prevalent field. This is
partly explained by the ubiquitous use of the flow cytometry dataset, often simply named Sachs (Sachs
et al., 2005). It is the only real-world dataset considered for 35% of all the papers relying on real-world
datasets (we redo our analysis excluding it in Appendix A.4). For the pseudo-real datasets, the most
commonly used datasets come from the bnlearn repository (Scutari, 2009; Friedman et al., 1997).

These two widely used datasets have some notable limitations. For the Sachs datasets, the consensus
network used is not fully consistent with the one given in Sachs et al. (2005), in particular, the cycles are
often omitted; the ground truth provided is not definitive (see Ramsey and Andrews (2018); Mooij et al.
(2020)), and varies between studies. Unfortunately, the existence of a ground truth network leads to an
over-reliance on structural metrics (less than 5% of studies use interventional metrics) - even though the
dataset includes several interventions. Also, some studies rely on a pseudo-real version of the dataset
generated by fitting a model to a consensus network (without cycles) (Scutari, 2009). Finally, the
dataset is often not discriminatory for causal discovery methods: the reported performance has peaked
at an SHD of around 12. For the pseudo-real datasets from bnlearn, most studies rely only on structural
metrics and we note that the way the datasets are generated, all common assumptions are respected.

Table 1 summarizes the types of metrics used to evaluate performance on simulated (synthetic and
pseudo-real) versus real-world datasets. Structural metrics dominate for simulated datasets, where
the ground-truth graph is known (100% of studies use them). In contrast, evaluations on real-world
datasets depend more heavily on qualitative assessments (36% vs. 3%). Structural metrics are also
widely used for real-world datasets (67%) which can be explained by the overreliance on real-world
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Figure 2: Distribution of papers
based on used dataset types.

Biology (56%)
Neurosciences (16%)
Earth Sciences (6%)
Social Sciences (6%)
Economy (5%)

Figure 3: Common fields of the
pseudo-real and real-world datasets.

Real-
Simulated world

Structural 100.0% 67.3%
Qualitative 3.0% 36.4%
Observational 5.5% 5.6%
Interventional 9.1% 7.5%

Table 1: Percentage of studies
using evaluation metrics.

datasets that contain a ground-truth graph. Both observational and interventional metrics are rare
across dataset types, used in fewer than 10% of studies. Overall, most studies rely solely on structural
metrics: 86% for the simulated data and 54% for the real-world data. We also note that for real-world
datasets that do contain interventions, interventional metrics were not used 89% of the time.

In summary, we observed that 1) the choice of datasets could be improved to be closer to realistic
settings and 2) most studies rely only on structural or qualitative evaluations. We want to emphasize
that the community can readily improve its approach. First, by incorporating a broader range of
real-world tasks such as some suggested in the following section. Second, by using interventional
metrics as they assess the outcomes we truly care about — namely, the effects of unseen interventions.

5. Real-World Datasets: Examples and Unique Challenges

This section highlights three scientific fields—biology, neuroscience, and Earth sciences—that offer
numerous real-world datasets for the causal discovery community. We outline key datasets where
new methods have been applied and suggest others as promising candidates (see Appendix C for lists
and links to datasets). For each field, we explain the nature of the datasets, their challenges, and some
potential opportunities. Finally, we also present some works that expand causal discovery methods
by tackling unique challenges of real-world datasets where most common assumptions do not hold.

5.1. Biology: Biomolecular Networks

The field of cellular biology stands out as a key area for applying causal discovery (Lagani et al., 2016;
Uhler, 2024): first since biologists already analyze cellular processes like metabolism and DNA repair
through the lens of networks and pathways (Pavlopoulos et al., 2011; Alberts et al., 2022), but also
because it is driven by recent advances in technology that have enabled the creation of large-scale
datasets, often including samples generated under interventional conditions. An enhanced under-
standing of these networks can shed light on development, disease, and other biological processes
(Emmert-Streib et al., 2014). Many technologies now exist for inferring cellular activity, with some
focusing on messenger RNA (mRNA) levels, others on protein levels, and some targeting entire cell
populations (bulk methods), while newer methods allow observation of individual cells. One prevalent
approach is single-cell RNA sequencing (scRNA-seq). Gene-editing techniques like CRISPR (Qi
et al., 2013) are also of great interest, as they can naturally be framed as interventions. Technologies
such as Perturb-seq (Dixit et al., 2016) combine gene perturbations with single-cell RNA-sequencing,
making them ideal for generating datasets well-suited to causal discovery. We discuss in more depth
the field-specific characteristics of such data in Appendix B.
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Table 2: Commonly used biomolecular network datasets. Int, n, and d represent respectively the number of
interventions, data points, and features commonly used in causal discovery papers.

Dataset Description Int. n d
Wille et al. (2004) Gene expression microarray (A. thaliana) - 118 39
Dixit et al. (2016) Perturb-seq (bone marrow-derived dendritic cells) 8 14427 24

Replogle et al. (2022) Perturb-seq (cell line K562) 1158 310385 8552
Replogle et al. (2022) Perturb-seq (cell line RPE1) 651 247914 8833
Frangieh et al. (2021) Perturb-CITE-seq (melanoma cells) 249 218331 1000

Sachs et al. (2005) Flow cytometry (CD4+ T cells) 6 5846 11

Biomolecular datasets. In Table 2, we summarize several biological datasets that have been studied
in causal discovery, with an emphasis on gene expression datasets. Prior to the development of scRNA-
seq, the gene expression microarray dataset of Wille et al. (2004) was a common testbed for causal
discovery and other graphical structure learning algorithms (Drton and Perlman, 2007; Bühlmann et al.,
2014). Following the development of Perturb-seq, several papers have applied causal discovery to such
perturbational gene expression datasets. Often, the datasets have to be preprocessed and only a small
subset of the genes are used to perform causal discovery. For instance, the complete dataset of bone
marrow-derived dendritic cells (BMDCs) from Dixit et al. (2016) contains over∼30,000 measurements
of 32,777 genes under CRISPR/Cas9 gene deletion perturbations. Following the authors’ practice,
researchers in causal discovery focus on 24 genes that code for highly influential transcription factors
and use a shortened version of the datasets that passed a quality control (Wang et al., 2017; Yang et al.,
2018; Varici et al., 2021).

More recently, Replogle et al. (2022) introduced three much more comprehensive Perturb-seq
datasets, including a dataset of 2.5 million K562 cells under thousands of interventions, and two
smaller datasets focused on more putatively important genes. These datasets have primarily been used
for directly predicting the effects of genetic perturbations (Lopez et al., 2023; Roohani et al., 2024),
but have also been considered in causal discovery (Xue et al., 2023; Lagemann et al., 2023). Indeed,
Chevalley et al. (2022) use these two datasets as the basis of CausalBench, a benchmarking suite for
causal discovery. Lastly, the Perturb-CITE-seq datasets from Frangieh et al. (2021) have been widely
used in causal discovery (Lopez et al., 2022; Sethuraman et al., 2023; Rohbeck et al., 2024); these
datasets also include protein expression data, which is typically ignored.

As mentioned in Section 4, the Sachs dataset (Sachs et al., 2005) is by far one of the most commonly
used real-world datasets in the causal discovery community. Sachs et al. (2005) pioneered the use of
individual cells as the smallest observational unit of intact biological systems, catapulting the available
dataset size from dozens or hundreds (of mice, patients, etc) to thousands of cells. This is a flow
cytometry dataset that includes abundance measurements for 11 proteins and phospholipids over
7466 CD4+ T cells exposed to nine perturbation conditions. Causal discovery algorithms are often
applied to a limited version of the dataset that includes only the 5846 measurements from these seven
conditions, see e.g., Wang et al. (2017), Yang et al. (2018), and Squires et al. (2020). The popularity
of this dataset is partially accounted for by the fact that, in contrast with the papers above, Sachs et al.
(2005) introduced a consensus network based on existing biological literature. In the absence of such a
network, one often resorts to comparing against partial ground truth, e.g., as done by Frot et al. (2019),
who compare against the reference database TRRUST (Han et al., 2015).
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Caveats, challenges, and opportunities. We note that while graphs are prevalent in biology, the
“textbook” examples are significantly different from the kinds of networks learned through causal
discovery (Tejada-Lapuerta et al., 2023). In a way, causal sufficiency never holds since biologists
typically conceive of networks that involve several different types of molecules, such as membrane
channel proteins, enzymes, various other kinds of proteins, and RNA. Meanwhile, causal discovery
methods are typically applied to datasets that contain measurements of only a single type of molecule,
e.g. gene expression datasets. Thus, the networks returned by typical causal discovery algorithms only
explicitly involve genes, though some recent methods are also designed to include other latent factors
(Squires et al., 2022; Lopez et al., 2023). There is also an opportunity to use datasets involving more
direct quantification than latent correlates such as mRNA (see Fig 6). Technologies such as CRISPR
are amazing as they yield many interventional data. We note however that these interventions are often
imperfect; in particular, a knocked-out gene may persist in the system, even when it was theoretically
completely removed. It is not common practice in the literature to check the perturbations for efficacy,
leading to potential issues with both training and validation.

5.2. Neuroscience

Neuroscience is often concerned with understanding mechanisms, which ultimately is about causality
(Ross and Bassett, 2024). It distinguishes the connectome, which describes the wires – the observable
physical connections between neurons or brain areas – from the effectome, which describes the causal
influences between brain regions (Pospisil et al., 2024). And when it comes to causality, there is a wide
spectrum of approaches, including those that assume that correlation is causation and those that ask for
perturbations (Siddiqi et al., 2022). There has been growing interest in how we can uncover genuine
causal relationships from neuronal recordings, establishing causal inference as a central paradigm in
neuroscience research (Reid et al., 2019).

Observational data. Most causal discovery studies in neuroscience are almost entirely focused
on observational data where there is no known ground truth. Most branches of neuroscience produce
datasets that are used to obtain insights into causal relations. This includes spiking data (Stevenson
et al., 2008), signals typically recorded at milliseconds resolution of which we currently record about
3000 simultaneously from many brain regions and that is high signal to noise (Stevenson and Körding,
2011). This includes fMRI datasets that are typically recording either about 104 voxels or roughly
102 brain areas at roughly 1Hz resolution (Smith et al., 2011). There are many other modalities
including Ca2+ imaging, EEG, MEG, and fNIRS. The key is that there are plenty of datasets available
and they are generally either purely observational (and without ground truth causal labels) or come
from simulations. We give a list of some frequently used datasets in the field of causal discovery in
Appendix C.1. We note that while there are no ground-truth graphs for most datasets, for some, we
can rely on the known anatomical connectivity. For example, if there are no anatomical connections,
there can not be a direct causal connection (Monti et al., 2020; Bird and Burgess, 2008).

Challenges and opportunities. There are major problems for causal inference from brain data. To
start with, none of the recording methods obtains data from more than a vanishing subset of underlying
variables (e.g., thousands out of many billions of neurons). As such, all observational datasets have
dramatically more confounders than observed variables (Mehler and Körding, 2018). Many causal
inference techniques popular in neuroscience also assume an absence of cycles (Friston et al., 2011;
Zeki and Shipp, 1988) however, the existence of feedback loops is arguably a key principle of brain
connectivity (Braitenberg, 1985). For a more complete list of challenges, see Ramsey et al. (2010);
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Mehler and Körding (2018); Stevenson and Körding (2010); Ocker et al. (2017); Das and Fiete (2020),
who list specific problems of applying causal discovery to brain signals.

Recent advancements are also paving the way for performing targeted interventions. Recently,
concurrent electrical stimulation with fMRI (es-fMRI) has been proposed (Oya et al., 2017) and causal
discovery, namely fGES, has been applied on such dataset (Dubois et al., 2020). Combining large-scale
perturbations with transcranial magnetic stimulation (TMS) with brain imaging is an interesting avenue
to acquire interventional data (Oathes et al., 2021). Electrical and optogenetic stimulation, which uses
light to stimulate genetically modified neurons, is also a promising way to obtain interventional data
on animal models (Stroh and Diester, 2012; Lepperød et al., 2023; Lu et al., 2024). All these studies
produce interventional data allowing for a more reliable evaluation of causal discovery methods by
verifying if they correctly predict the effects of perturbations.

5.3. Earth sciences

In the Earth sciences, a field in which controlled experimentation is virtually impossible, researchers
rely on a mixture of observational data and physics-based simulations of varying degrees of complexity.
Most data is time series or spatio-temporal data and as a consequence, time series causal discovery
methods dominate the field, see Runge et al. (2019, 2023).

Reanalysis and observational data. Due to the intricacies of measuring atmospheric and surface
variables across large spatial and temporal scales (e.g., irregular measurement locations or measurement
times, meteorological conditions affecting remote sensing capabilities), most studies involving causal
discovery in the Earth sciences do not use purely observational data. Instead, the most commonly used
type of data, in particular for atmospheric variables, is reanalysis data. Reanalysis data is imputed by
fitting observations to numerical meteorological prediction models and is thus pseudo-real in the sense
of Section 3.3. There are several large reanalysis projects led by national research institutes that make
reanalysis data available to the public, including the NCEP/NCAR 40-year reanalysis project and the
ERA reanalysis project (Hersbach et al., 2020). These databases contain a wide range of atmospheric
parameters such as temperature, humidity, pressure, and wind speed direction (Kalnay et al., 2018).
Runge et al. (2019) discuss some of the general challenges of these datasets: strong autocorrelation,
time delays, time aggregation, unobserved variables, and more. Examples of causal discovery applica-
tions on reanalysis data include Kretschmer et al. (2017); Saranya Ganesh et al. (2023); Iglesias-Suarez
et al. (2024) in which causal discovery is used as a feature selection pre-processing step for downstream
prediction tasks and neural network parameter selection. Kretschmer et al. (2018) investigate interac-
tions between global modes of climate variability in the Earth system, so-called teleconnections, using
ERA reanalysis data. Di Capua et al. (2020b) combine reanalysis data with climate indices available
in the KNMI Climate Explorer to investigate teleconnections in boreal summer; see also Saggioro et al.
(2020) for another causal discovery application to teleconnections using climate indices. Di Capua
et al. (2019, 2020a) use causal discovery on observational data from the Climate Prediction Center
(CPC) global rainfall dataset as well as ERA reanalysis surface temperature data to examine causal
drivers of Indian summer monsoon rainfall. Engelke and Hitz (2020); Améndola et al. (2021); Tran
et al. (2024) apply causal discovery methods targeting extreme events to a river flow network dataset.

In Environmental Science, causal discovery has been applied in Krich et al. (2021, 2022) to atmo-
spheric flux data from the FLUXNET dataset (Pastorello et al., 2020). FLUXNET contains measure-
ments of carbon, water vapor and energy exchange in different regions of the planet. Guo et al. (2024)
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investigate the influence of ozone levels on influenza with three causal discovery approaches, using
data from the Tropospheric Ozone Assessment Report (TOAR) database and the CDC Influenza report.

Physics-based model data. In addition to direct observations and reanalysis data, climate scientists
employ large-scale global or regional climate models to simulate interventions, most notably to investi-
gate global warming under different carbon emission scenarios. Global climate models are coordinated
within the Climate Model Intercomparison Project (CMIP), currently in its 6th phase (Eyring et al.,
2016). However, these simulators are so computationally demanding that it can take months to run
a single simulation (Balaji et al., 2017), making it hard to simulate an abundance of interventional data.
Additionally, while there is a huge amount of data that has been produced by climate model runs, differ-
ent datasets are often inconsistent (e.g., due to a different space or time resolution) and may be hard to
retrieve. Recently, an effort has been made to make curated versions of these datasets available (Watson-
Parris et al., 2022; Kaltenborn et al., 2024). Applications of causal discovery to CMIP data include
Karmouche et al. (2024) who compare the output of the causal discovery method PCMCI+ across dif-
ferent climate models and Nowack et al. (2020) who investigate whether CMIP6 models whose causal
discovery output graphs are similar to the graph found on reanalysis data exhibit better performance on a
downstream prediction task. Simpler data simulators for climate-specific causal discovery that are faster
to run but far less detailed have been developed in Ebert-Uphoff and Deng (2017) and Tibau et al. (2022).

Evaluation of causal discovery output graphs. Due to the unfeasibility of interventions, it is
usually impossible to directly validate the output of a causal discovery method. In addition, as in almost
all real-world applications causal discovery assumptions are almost certainly violated, and the degree
of violation is often difficult to estimate. Therefore, Earth scientists resort to softer plausibility criteria,
for instance by asking whether the returned network is consistent with physical laws. Sometimes more
than one causal discovery algorithm is applied to verify whether conclusions are consistent across
methods, e.g. in Guo et al. (2024). As Earth scientists are well aware that such validations need to be
handled with care due to the danger of confirmation bias, causal discovery is predominantly used for
feature selection (Kretschmer et al., 2017; Saranya Ganesh et al., 2023; Iglesias-Suarez et al., 2024)
or model comparison (Nowack et al., 2020; Karmouche et al., 2024).

5.4. Challenges of Real-World Datasets

In this section, we highlight several causal discovery works that have been designed specifically to
answer challenges arising in the field of biology and neuroscience. By exploring these works, we
aim to illustrate how the violation of standard assumptions can drive innovation, offering insights that
purely synthetic or pseudo-real datasets alone might not provide.

High-dimensionality. Real-world datasets often present a high number of features. For instance,
brain imaging datasets can contain tens of thousands of features corresponding to individual voxels.
Ramsey et al. (2017) proposed fGES, a modification of the popular score-based method GES that
assumes linearity, that can scale to a million variables. Gene regulatory network (GRN) datasets, which
frequently encompass the entire human genome with around 20,000 features, pose a similar compu-
tational challenge, especially for nonlinear causal discovery methods. This is why most applications
usually focus on a much smaller subset of genes (often less than a hundred). Recently, a few works have
focused on adapting existing nonlinear methods to scale to a much higher number of features (of the or-
der of thousands) (Lee et al., 2019; Lopez et al., 2022). One specificity of the data that can be leveraged
is its modularity. Gene regulatory networks form modules or programs of genes that act together. Segal
et al. (2005); Lopez et al. (2022) have used this prior to learning more efficiently causal structures.
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Heterogeneity. The heterogeneity of biological data often necessitates the integration of multiple
datasets to achieve a comprehensive understanding of the underlying biological processes. To address
this, Triantafillou and Tsamardinos (2015) and Huang et al. (2020) introduced methods for combining
datasets that share a subset of variables, allowing for the leveraging of complementary information
across datasets. The heterogeneity can also arise from datasets generated under different populations,
such as cell types or disease states. Recognizing this, researchers have proposed methods to model
biological data as a mixture of DAGs, each representing a distinct causal structure corresponding to
a specific population (Saeed et al., 2020b). Finally, brain imaging datasets are often collected from
a cohort of subjects. Although there are strong shared connectivities across the subjects (Damoiseaux
et al., 2006), each subject also exhibits unique brain connectivity patterns. Exploring methods to
conduct multisubject analyses presents a compelling research challenge that has been explored in
Oates et al. (2014, 2016), Monti and Hyvärinen (2018), and Huang et al. (2019).

Cyclic models. While GRNs and brain connectivity networks contain undoubtedly feedback loops
(Ferrell Jr, 2013), most causal discovery methods assume acyclicity. Recent works motivated by GRNs
(Rohbeck et al., 2024; Sethuraman et al., 2023; Sethuraman and Fekri, 2024) and by the brain examples
(Sanchez-Romero et al., 2019) have continued the exploration of cyclic causal models.

Off-target interventions. While a gene knockout is usually considered as an intervention targeting
a specific gene, in reality, gene knockouts exhibit off-target effects (Fu et al., 2013). In causality terms,
this phenomenon is called fat-hand interventions and has been investigated in different biological
contexts (Eaton and Murphy, 2007; Choo et al., 2024).

Measurement error. Technologies such as scRNA-seq can fail to detect some RNA at low levels
and will report mistakenly many expression levels at zeros (a phenomenon called dropout) (Hicks
et al., 2018). Saeed et al. (2020a); Ke et al. (2023); Dai et al. (2024) have proposed causal discovery
methods that take into account this type of measurement error.

6. Conclusion

We systematically surveyed recent work in causal discovery research, focusing on datasets and eval-
uations used in these studies. Our findings reveal that not much has changed since the study of Gentzel
et al. (2019), indicating that the time is well overdue for a critical change in the field. Most studies
still only use structural metrics instead of interventional ones. Several studies only include synthetic
datasets and while several do include real-world datasets, they often rely on the same ones which have
some major limitations. Furthermore, most causal discovery methods rely on strong assumptions that
real-world datasets rarely satisfy. Overall, causal discovery still has considerable progress to make
before it can be directly applied; practitioners tend to be aware of its limitations and they employ it
pragmatically, for instance as an exploratory tool, rather than as a means to derive an irrevocable causal
truth. Finally, although we focused on causal discovery, in Appendix E we discuss how similar prob-
lems are also present in the emerging field of causal representation learning where simple toy datasets
are mostly used and where the common assumptions of the field probably don’t hold in real-world
settings. We offer recommendations and urge researchers in this field to also use more realistic datasets.

We also explored in more detail the real-world datasets used in causal discovery. A key observation
from our exploration is the increased availability of these kinds of datasets, alongside a trend towards
larger and more detailed real-world datasets in recent years. In the field of biology, biomolecular
network datasets contain even more interventions than before thanks to new technological advances.
These datasets present an invaluable opportunity for the advancement of causal discovery and could
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also be used in tandem with optimal experimental design as explored in Cho et al. (2016); Ness et al.
(2017); Agrawal et al. (2019); Tigas et al. (2022); Zhang et al. (2023). Additionally, we showed that
real-world domains provide a fertile ground for pushing the boundaries of causal discovery methods
since they challenge existing assumptions.

Our conclusion in recommending the use of empirical datasets echoes the one from Gentzel et al.
(2019). To be clear, synthetic datasets are useful, but they should be complemented by more realistic
evaluations on pseudo-real and real-world datasets. When interventional data are present, good quanti-
tative evaluation on real-world datasets exists. However, in many fields besides biology, interventional
data are hard to come by and thus pseudo-real datasets might be more adequate. They conserve most of
the synthetic datasets’ advantages while being more realistic. Still, the creation of pseudo-real datasets
should always remain grounded by considering real-world datasets and the assumptions they violate.
Through this review, which compiles an extensive list of both simulators and empirical datasets, we aim
to motivate researchers to diversify their dataset usage, moving beyond the confines of synthetic data
to embrace the complexity and richness of the real world in their causal discovery endeavors. We hope
this effort will also foster the collaboration between causal discovery researchers and practitioners,
leading to even more relevant real-world datasets and better integration of domain knowledge.
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Appendix
Appendix A. Systematic Review

A.1. Methodology

As explained in the main text we used the Semantic Scholar API to collect papers (Kinney et al.,
2023). Specifically, we used the bulk method to find scientific articles containing the keywords “Causal
discovery”, “Causal structure learning”, “DAG learning”, and “DAG structure learning” in their title
or abstract. The list of papers was retrieved on September 19, 2024. We did not include articles from
workshops at the selected conferences. We manually verified the relevance of each of the 221 papers.
We removed articles that were not doing causal discovery or that did not contain any experiments.
After this filtering, we kept 167 papers. The whole list of articles and their properties are accessible
at our github repo as a CSV file (curated_papers.csv).

A.2. Description of each field

In this section, we describe briefly each field of the CSV filecurated_papers.csv. The title, year,
and conf represent the title of the article, the year it was made accessible (note that this is not necessarily
the date of publication if, for example, it was put on an open-access repository such as arXiv), and the
name of the conference where the article was published. For the field column, we report the field of the
provenance of the pseudo-real and real-world datasets. We used the following fields: biology (bio), neu-
roscience (neuro), Earth Sciences (earth), economy (econ), computational systems (comp), social sci-
ences (socio), health sciences (health), and others. For some common datasets, we noted their use in the
pseudo_datasets and real_datasets columns, respectively for pseudo-real and real-world datasets. We
noted in time_series and interv_setting if the proposed causal discovery method operated respectively
in a time series and/or interventional setting. In synthetic, pseudo_real, and real, we noted if any exper-
iments were performed on these types of datasets. In interventions, we report if the real-world datasets
used contained interventional data. In the columns small, medium, and big, we reported the biggest
real-world datasets used in each study. Small means 20 variables or less, medium is between 20 and
100 variables, and big is more than 100 variables. The columns synth_structural, synth_observational,
synth_interventional, and synth_qualitative correspond to the type of evaluation that was used on syn-
thetic and pseudo-real datasets. By structural, we refer to measures comparing the learned graph to the
ground-truth graph such as SHD, SID, AUROC, F1-score, etc. By qualitative, we refer to any qualitative
judgment that was done to assess the performance of the algorithm. Most of the time, it was about some
edges of the learning graph based on some domain knowledge. By observational and interventional,
we refer to metrics such as the negative log-likelihood that evaluate the learned model respectively
on held-out data in the observational setting and data in an unseen interventional setting. We give more
details of our classification of metrics in Appendix D. The four following columns (real_structural,
real_observational, real_ interventional, and real_qualitative) are similar, but refer to the evaluation
on real-world datasets. Finally, included denotes whether the article was included or not in our analysis.
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Figure 4: Distribution of papers
based on used dataset types.
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Figure 5: Most common fields
of the pseudo-real and real-world
datasets.

Real-
Simulated world

Structural 100.0% 54.3%
Qualitative 3.1% 47.1%
Observational 5.5% 7.1%
Interventional 9.4% 11.4%

Table 3: Percentage of studies
using evaluation metrics.

A.3. Scope and limits of the systematic review

We limited our review to papers published at major machine-learning conferences. Of course, this is
not necessarily representative of what practitioners do in their respective fields. The bulk method of
Semantic Scholar seems adequate for our use as it leads to only a few false positives, but, on the other
hand, we might have missed some relevant articles. The choice of categories for the type of datasets
was subjectively created on the prevalence of some datasets. Finally, the review was performed by
two different reviewers. To alleviate possible bias, the reviewers reviewed a similar subsample to make
sure their judgment were similar.

A.4. Additional results

Excluding papers with only Sachs. We perform the same analysis as in the main text but we exclude
the papers containing only Sachs as their real-world datasets (a total of 37 papers). Overall, the results
are similar, but we can notice a few interesting differences. The proportion of papers using only
synthetic datasets is higher at 26% (see Fig. 4). The field of biology is still the most popular, but it
is now more closely followed by the field of neuroscience (see Fig. 5). Finally, for the real-world
evaluations, the use of structural metrics is lower leading to an almost equal use of qualitative and
structural metrics (see Table 3). This can be explained by the frequent use of Sachs where the structural
metrics are used based on the consensus network.

Most popular datasets. In this section, we briefly discuss the most used datasets for real-world
and pseudo-real datasets. For the real-world datasets, besides Sachs, the Tübingen pairs (Mooij et al.,
2016) is the most frequent real-world datasets. We describe in more detail this dataset in Appendix C.2.
This contains only pairs of variables and the ground truth is assumed to be known, driving up the
number of the use structural metrics for real-world datasets. The third most used dataset is the resting
state fMRI data from Poldrack et al. (2015). The recording comes from a single subject over 84
successive days. This is a small graph (6 nodes) representing regions of the hippocampus. We note
that in some studies, the different days are considered as different experimental conditions. The
ground-truth graph is unknown and qualitative metrics are mostly used. Finally, in fourth position is the
perturb-CITE-seq data from Frangieh et al. (2021) coming from three different cell populations, which
contains approximatively 20000 genes (for all studies, only a subset is used ≤1000), and interventions
under the form of gene knockdowns. The most common metric used is the interventional one.

For the pseudo-real datasets, the bnlearn repository (Scutari, 2009) is followed by the simulated
fMRI data from Smith et al. (2011), the DREAM datasets (Marbach et al., 2010; Greenfield et al.,
2010), and SERGIO that generates single-cell expression data of gene regulatory networks from
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Dibaeinia and Sinha (2020). For all of them, since they are simulated, the ground-truth graph is known
and structural metrics are mostly used. Note that the simulated fMRI data violates the acyclicity
assumption by relying on differential equations model.

Appendix B. Biological data

B.1. Gene expression and transcriptomics.

Although a single organism is composed of vastly different types of cells (e.g., skin cells, neurons,
immune cells), all of these cells have the same genetic code (DNA). Within an organism, variation in
cell state is not driven by variation in genetic profiles. Rather, such variation depends heavily upon the
process of transcription, in which (protein-coding) genes from the DNA are transcribed into messenger
RNA (mRNA) molecules, which are then used as a template to synthesize the cell’s proteins. One
of the most important determining factors of a cell’s state is its transcriptome (also called its gene
expression profile), i.e., the total number of mRNA molecules transcribed from each gene. Thus, the
field of transcriptomics is a key part of understanding questions about development, disease, and other
processes (Emmert-Streib et al., 2014).

In causal discovery, one might say, as a shortcut, that Gene A regulates Gene B if changing the
expression of Gene A results in a change in the expression of Gene B. Physically speaking, this
relationship is mediated by other, unmeasured molecules, e.g. Gene A might code for a transcription
factor (i.e., a protein) which in turn binds to a promoter region for Gene B, increasing the expression
of Gene B. Thus, in causal discovery, an edge Gene A→ Gene B represents the existence of such a
mediated causal relationship.

Transcriptomic technologies exist both for measuring and for experimentally manipulating gene
expression. Two common approaches to measuring gene expression are microarrays, which measure a
fixed panel of genes, and the much more comprehensive RNA sequencing (RNA-seq), which sequences
all mRNA transcripts in an untargeted manner. Molecular measurements are either done in bulk,
wherein a population of cells are lysed and an average is measured, or can be performed in single
cells. Single-cell RNA sequencing (scRNA-seq) has obvious advantages with respect to the number of
observational units; however, it should be noted that the data can be extremely sparse. Low abundance
genes - including crucial regulators like transcription factors - may fall below the level of detection in
individual cells, but are readily detectable in bulk. Single-cell experiments are also far more expensive.

B.2. Beyond transcriptomics.

As aforementioned, mRNA readout of gene expression is highly informative of cell state. However,
one has to keep in mind that the relation between genes is always mediated: genes themselves do
not execute functions in the cells, but rather the proteins which are created based on the information
encoded in the genes. Roughly speaking, mRNA (from Gene X) translates into protein (to Protein X).
However, factors such as RNA stability and degradation strongly affect this relationship. Hence, the
Gene Regulatory Networks (GRN) being modeled via transcriptomics are actually carried out not by
the quantified gene mRNAs, but by latent variables: the gene-encoded proteins. One way to model
biomolecular networks more directly is via proteomic datasets, especially ones in which the abundance
of the activated proteins is quantified (Sheng Wu and Radvanyi, 2010; Sachs et al., 2005; Brandi et al.,
2022), though these tend to be more challenging experimentally.

33866



BROUILLARD SQUIRES WAHL KÖRDING SACHS DROUIN† SRIDHAR†

Figure 6: Details of biomolecular datasets. A. Central Dogma of biology. The unique code for each organism is
encoded in the genome, consisting of a sequence of genes encoded in DNA. The uniqueness is due to variations
in genes. Genes are codes or “recipes” for proteins. This code is copied into gene-specific mRNA molecules,
via a process called transcription. The information from mRNA molecules is used to create unique proteins
via a process called translation. Proteins that comprise the nodes of biomolecular regulatory networks must be
activated via processes catalyzed by other (upstream) proteins, in a process called post-translational modification.
Processes are shown in blue, measurement technologies are shown in green. Antibody-based modalities include
flow cytometry and microscopy-based technologies. B. Depiction of lysate-based (bulk) measurements vs. single
cell. Bulk technologies are easier and cheaper, but yield just one vector per sample; single-cell data is sparse in
the context of transcriptomics, or of limited dimensionality in proteomics. C. Activity perturbations such as small
molecule inhibitors (drugs), and abundance perturbations, typically carried out by genetic means such as CRISPR
or ASOs. Activity perturbations leave the protein intact, but block its activity, while abundance perturbations,
typically remove the protein by removing the gene from the DNA (genome), or by removing the gene’s transcript.
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Table 4: Links to pseudo-real datasets

Article Name Link
(Cheng et al., 2024) CausalTime link to dataset
(Göbler et al., 2023) CausalAssembly link to dataset
(Lawrence et al., 2021) - link to dataset
(Pratapa et al., 2020) BEELINE link to dataset
(Dibaeinia and Sinha, 2020) SERGIO link to dataset
(Runge et al., 2019) CauseMe link to dataset
(Sanchez-Romero et al., 2019) - link to dataset
(Tu et al., 2019) Neuropathic Pain Diagnosis Simulator link to dataset
(Schaffter et al., 2011) GeneNetWeaver link to dataset
(Smith et al., 2011) Netsim link to dataset
(Marbach et al., 2010) DREAM4 link to dataset
(Van den Bulcke et al., 2006) SynTReN link to dataset

Lysed vs. single cells. Starting with cells in a dish or test tube, cells are either lysed and measured
in bulk, or measured as individual cells. In transcriptomics, single-cell data may be very sparse, as
genes may not need to be expressed all the time (if the coded proteins are stable), or may fall below the
limit of detection. Bulk data is also far cheaper. In proteomics, mass spectrometry-based modalities
measure the entire proteome, but are still in the very early days of single-cell capabilities, and are
expensive even in bulk measurements. Most such datasets focus on proteome abundance, some also
include post-translational modification (PTM). Antibody or label-based modalities for single-cell
proteomics such as flow cytometry have been around the longest (>50 years) and are neither sparse
nor prohibitively expensive, and readily report an abundance of PTM proteins. However, they must
focus on far more limited sets of proteins, in the tens rather than thousands.

Activity vs. abundance perturbations. It is useful to distinguish between activity perturbations
such as small molecule inhibitors (drugs), and abundance perturbations, typically carried out by genetic
means such as CRISPR or ASOs. Activity perturbations leave the protein intact, but block its activity,
such that it cannot activate further proteins in the signaling cascade or biomolecular network, while
abundance perturbations typically remove the protein by removing the gene from the DNA (genome),
or by removing the gene’s transcript. Details of data modalities and intervention technologies are
summarized in Fig. 6.

Appendix C. Datasets

C.1. Links to datasets

In the following tables, we provide links to the different datasets we discussed in the main text. In
Table 4, 5, 6 and 7 we report the links for pseudo-real, biology, neuroscience and Earth science datasets.
We also keep an updated version of these lists of datasets at our github repo. The lists contain mainly
datasets that have been used in causal discovery studies. Several are particularly interesting since they
contain interventional data and can violate some common assumptions. Still, we advise thoughtful
use in line with our recommendations, rather than applying them blindly. Also, the lists are by no
means exhaustive and we do encourage researchers to explore new applications that are not listed here.
While this section provides links to pseudo-real and real-world datasets, we would also like to share
the synthetic generator Causally (Montagna et al., 2024) where it is natively possible to control the
modelling assumptions (e.g., presence of latent confounders, unfaithful path, etc).
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Table 5: Links to biology datasets

Dataset Description Link
(Replogle et al., 2022) Perturb-seq (cell line K562) link to dataset
(Replogle et al., 2022) Perturb-seq (cell line RPE1) link to dataset
(Frangieh et al., 2021) Perturb-CITE-seq data from melanoma cells link to dataset
(Frot et al., 2019) RNA-seq of ovarian cancer link to dataset
(Dixit et al., 2016) Perturb-Seq of bone marrow-derived dendritic cells link to dataset
(Singer et al., 2016) Naive and activated T cells (Drop-seq) link to dataset
(Sachs et al., 2005) Flow cytometry dataset of immune cells link to dataset
(Wille et al., 2004) Microarray of A. thaliana gene expression link to dataset

Table 6: Links to neural datasets

Dataset Description Link raw data Preprocessed
DANDI Large collection of modern large neuroscience

datasets, including optogenetics (DANDI)
raw dataset link to database

(Dorkenwald et al., 2022) Drosophila connectome (Flywire) raw dataset
(connectome)

simulated Ca2+
activities

(Randi et al., 2023) C. elegans simultaneously record Ca2+ most
neurons while stimulating

raw data link to dataset

(Teeters and Sommer, 2009) Spiking data from various sources (CRCNS) database –
(Thompson et al., 2020) es-fMRI data (intracranial electrodes) raw dataset same link
(Shah et al., 2018) rs-fMRI data from the medial temporal lobe raw dataset –
(Poldrack et al., 2015) Hippocampal rs-fMRI (MyConnectome project) raw dataset –
(Di Martino et al., 2014) rs-fMRI (ABIDE Consortium) raw dataset link to dataset
(Van Essen et al., 2013) rs-fMRI (Human Connectome Project) raw dataset –
(Ramsey et al., 2010) Task fMRI (Rhyme judgment) raw dataset link to dataset
(Wang et al., 2003) Task fMRI (star/plus experiment) – –

We provide the links pointing to the original datasets. However, several of these datasets require
some data preprocessing. In this paragraph, we elaborate on some datasets giving references to
preprocessed versions that have been in causal discovery settings.

The two datasets from Replogle et al. (2022) have been processed and curated by Chevalley et al.
(2022), and made accessible on CausalBench. The dataset from Frangieh et al. (2021) has been
preprocessed by Lopez et al. (2022). The code is available online.

For the simulator SERGIO (Dibaeinia and Sinha, 2020), a modified version has been proposed by
Hägele et al. (2023), making it possible to use custom graphs and generate (perfect) interventional data.

C.2. Miscellaneous Datasets

In this section, we elaborate on a few other source of datasets that are particularly interesting.
Computational systems. Datasets generated by existing computational systems have been re-

cently proposed and used to evaluate causal discovery methods. They are of considerable interest
since they are deterministic yet complex systems composed of many components. Also, compared
to pseudo-real datasets, they are generated from real-world environments. For example, the C++
simulator of the MOS 6502 microprocessor (Jonas and Körding, 2017; Wang and Körding, 2022) is
composed of 3510 transistors and 1904 connection elements where the variables of interest are the
voltage of the different transistors. While the physical connections are known, it is not sufficient to
know the causal graph, instead, it was determined from the perturbation of single transistors. Similarly,
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Table 7: Links to Earth science datasets

Article Name Link
(Kaltenborn et al., 2024) ClimateSet link to dataset
(Nguyen et al., 2024) ClimateLearn contained in ClimateSet
(Subramaniam et al., 2024) ClimSim contained in ClimateSet
(Watson-Parris et al., 2022) ClimateBench contained in ClimateSet
(Rasp et al., 2020) WeatherBench contained in ClimateSet
(de Witt et al., 2021) RainBench contained in ClimateSet
– KNMI Climate Explorer link to database
– NCEP/NCAR 40-year reanalysis project link to database
(Hersbach et al., 2020) ERA reanalysis project link to database
– Climate Prediction Center (CPC) global rainfall dataset link to dataset
(Pastorello et al., 2020) FLUXNET link to database
– Tropospheric Ozone Assessment Report (TOAR) link to database
– CDC Influenza report link to dataset
(Eyring et al., 2016) Climate Model Intercomparison Project (CMIP) link to database

Table 8: Links to Miscellaneous Real-World Datasets

Article Name Link
(Gamella et al., 2025) Causal Chambers link to simulator
(Wang and Körding, 2022) MOS 6502 microprocessor link to dataset
(Gentzel et al., 2019) Software Systems (PostgreSQL, JDK, Networking) link to datasets
(Huang et al., 2018) Archaeology data set –
(Mooij et al., 2016) Cause-effect pairs (Tübingen pairs) link to dataset
(Byrne, 2013) Teacher’s burnout study link to dataset
(Shimizu et al., 2011) General Social Survey link to dataset

data from the analysis of microservice-based applications (Ikram et al., 2022) (from a sock-shop demo
and a production-based microservice system hosted on AWS cloud-native system) has been used to
evaluate root-cause analysis methods. The data can be different metrics such as CPU and memory
utilization, while the interventions can be failures such as CPU hog and memory leak. Gentzel et al.
(2019) also proposed several datasets from such systems: Java Development Kit, PostgreSQL, and
a web server infrastructure. Recently, datasets generated by the activation of neural networks have
also been used in order to interpret their learned representations (Geiger et al., 2021, 2022).

The Causal Chambers. Recently, Gamella et al. (2025) have proposed an interesting new type
of dataset where the data is generated from real-world experiments but the ground-truth graph is
known. Gamella et al. (2025) designed two computer-controlled physical simulators, that can generate
observational and interventional data (i.i.d. as well as time series) with experimentally verified ground-
truth graphs. Due to the recency of its development, as far as we know, no causal discovery method
has been evaluated on Causal Chamber data yet (see Lohse and Wahl (2024) for an investigation on
var-/R2-sortability of Causal Chambers time series data).

Tübingen pairs. The Tübingen pairs (or CauseEffectPairs benchmark) (Mooij et al., 2016) is a
repository regrouping 108 datasets composed of pairs of cause and effect coming from many different
domains. The range of domains is vast: climate data, biology (e.g., growth of abalone), healthcare (e.g.,
arrhythmia and diabetes), economy (e.g., census income), stock market, etc. Note that many of these
pairs are adapted from the UCI Machine Learning Repository (Bach and Lichman) where the complete
datasets are available. While being real-world data, the ground-truth causal direction is given by the
authors since in many cases, it is obvious from common sense (e.g., the altitude causes the temperature).
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TableShift. Recently Gardner et al. (2024) proposed TableShift: a benchmark comprising many
tabular datasets chosen to assess the robustness of machine learning methods to distribution shift.
Although not originally intended for causal discovery, it has been explored in Nastl and Hardt (2024),
where causal discovery methods are used with the aim of finding causal parents of variables of interest.

Appendix D. Metrics to evaluate causal models

Structural metrics. The most commonly used structural metric is clearly the structural Hamming
distance (SHD) (Acid and de Campos, 2003; Tsamardinos et al., 2006). The distance SHD(Ĝ,G)
is defined as the number of edges that should be added, removed or reversed in order to modify an
estimated graph Ĝ to a target graph G. Besides SHD, other similar metrics are also often reported:
precision-recall, false discovery rate, F1 score, AUROC, etc. They can be more useful since the SHD
alone can be misleading (e.g., for a really sparse graph, an empty graph can be better in terms of SHD
than denser graphs that contain many ground-truth edges).

A major limitation of these metrics is that they are purely based on the graph without any notion
of causality. Other structural metrics assess the distance in terms of topological ordering (e.g., Rol-
land et al. (2022)) conditional independencies (Textor et al., 2016), d-separation statements (Wahl
and Runge, 2025), node-permutation tests (Eulig et al., 2023), etc. More focused on the effect of
interventions, Peters and Bühlmann (2015) proposed the Structural Interventional Distance (SID)
which counts the number of interventional distributions that would be wrongly computed using the
parents from the learned structure as its adjustment sets. While considering interventions, this measure
is still about the graph and correlates strongly with SHD (Gentzel et al., 2019). A generalization of
this measure that considers other adjustment sets has also been proposed by Henckel et al. (2024). It
also has the advantage of being directly applicable to CPDAGs as it returns a scalar instead of bounds
and is computationally less demanding.

Interventional metrics. As previously mentioned, interventional metrics do not necessitate a
known ground-truth graph as it evaluates directly how well a causal model can predict data coming
from an unseen interventional distribution (Garant and Jensen, 2016). A common interventional metric
is the interventional negative log-likelihood (I-NLL) (Lopez et al., 2022):

I-NLL=−Ex∼P (j) [logP
(j)
θ (X)], (3)

where data from P (j) were not part of the training set and P
(j)
θ is the learned model. Usually, the

average is taken over multiple interventional distributions. We also note that this metric does not even
require the learned model Pθ to use a graph and can thus be used with a more general class of methods.
While it often takes the form of a likelihood, it can also be any distance between the learned distribution
and the ground-truth one: some have used the mean absolute error (Lopez et al., 2022), total variation
distance (Garant and Jensen, 2016), the KL divergence, etc. It can also take the form of the strength
of a causal relation or the average/conditional treatment effect.

Appendix E. Causal Representation Learning

In this review, we focused on causal discovery where it is assumed that we have access to structured
data. However, many datasets generated by real-world phenomena are unstructured data (e.g., images,
videos, texts, etc). The question of how to deal with such datasets has been central in causal abstraction
(Rubenstein et al., 2017; Beckers and Halpern, 2019; Beckers et al., 2020; Massidda et al., 2023),
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causal feature learning (Chalupka et al., 2014, 2017), causal grouping (Parviainen and Kaski, 2017;
Anand et al., 2023; Wahl et al., 2023, 2024), and causal representation learning (Schölkopf et al., 2021).
In this section, we will briefly present causal representation learning where the main task is identifying
latent causal variables usually from an unstructured input. This recent development opens the doors
to many new practical applications where datasets are unstructured. So far, the field has focused on
proving identifiability results, showing that it is possible to recover the right representation (up to some
minor transformations) under some assumptions.

Formally, we have the observed variableX=(X1,...,Xn) that are generated by applying a function
g to the latent variable Z=(Z1,...,Zd) that is Markov to a graph G. The data-generating process is
as follows:

X=g(Z), PZ=

d∏
i=1

Pi(Zi |paGi ), (4)

where g : Rd → Rn is an injective function called decoder or mixing function. The goal is to find
from X a representation of Z that is causally disentangled. Disentangled representations allow in-
terpretability and can also be useful for many downstream tasks. However, without assumptions, it
is impossible to learn such a representation (Hyvärinen and Pajunen, 1999; Locatello et al., 2019).
Thus, data-generating processes considered follow additional assumptions: assumptions are made
on the distribution of the latent variable Z and its support, additional assumptions, such as sparsity, are
made about g (Moran et al., 2021; Rhodes and Lee, 2021; Zheng et al., 2022; Brouillard et al., 2024)
or the latent graph (Lachapelle et al., 2022) and often the presence of auxiliary information is assumed
(e.g., Locatello et al. (2020); Von Kugelgen et al. (2021); Brehmer et al. (2022); Ahuja et al. (2022);
Lachapelle et al. (2023)). Given these assumptions, many identification results have been discovered
showing that the disentangled representation is unique up to some minor transformation (such as affine
transformations).

However, so far, the field has compared new methods almost exclusively on simple synthetic
datasets. We present in Table 9 a list of commonly used datasets in causal representation learning
and show visual examples in Figure 7. These synthetic datasets are, in many respects, really not
representative of real-world tasks: they focus only on problems where images are the observable input,
the latent variables are always simple properties of objects (e.g., position, color, etc), and the latent
variables are only a few (i.e., less than 10). Liu et al. (2023) also highlight that images coming from
synthetic datasets are too simple: most have plain textures, contain only a small number of objects,
and do not contain object occlusion (see Figure 7, except the image to the right). As for the evaluation
metrics, the situation is similar to causal discovery. Most rely on the Mean Correlation Coefficient
(MCC) that finds the best permutation to evaluate how well the learned latent variables correlate
with the ground-truth latent variables. However, the MCC is, at least in some instances, not directly
related to the models’ performance on downstream tasks. As for the causal discovery evaluation, we
recommend evaluating models on downstream tasks such as predicting the effect of interventions.

A few recent works have used real-world datasets, such as Lopez et al. (2023); Zhang et al. (2024)
for gene regulatory networks, Yao et al. (2024); Brouillard et al. (2024) in the Earth science domain,
and Cadei et al. (2025) in ecology. However, no realistic simulators like the one proposed for causal
discovery exist. We also observe that many real-world datasets reported in Table 5, 6 and 7 are good
candidates for causal representation learning methods since they are high-dimensional unstructured
data before their preprocessing. These datasets offer a more diversified and challenging repertoire
than what is presently used in the field. Furthermore, the common practice in causal discovery applied
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Figure 7: From left to right: Causal3DIdent, CausalCircuit, Causal Pinball, Interventional Pong, Causal triplet
(see Table 9 for the references).

Table 9: List of the most common CRL datasets. dz is the dimensionality of the latent variables.

Dataset Description dz
Von Kügelgen et al. (2021) Causal3DIdent: a 3D object under various conditions 7
Brehmer et al. (2022) CausalCircuit: A robot arm can interact with lights 4
Lippe et al. (2022a) Causal Pinball 5
Lippe et al. (2022b) Interventional Pong 6
Liu et al. (2023) Causal triplet -

to unstructured problems is to use dimensionality reduction methods or to drop features with less
variation. This constitutes an opportunity for causal representation learning since these common
practices probably lead to an incorrect choice of variables.

We conclude by stating that we only focused on causal representation learning, but the realm of
domains where causal methods are applied has grown abundantly yielding many other possible applica-
tions. While deviating from classical causal discovery, they often use more realistic datasets. Some new
methods relying on LLM can directly rely on text metadata to learn relevant causal variables (Liu et al.,
2024). Causally-inspired algorithms have also been proposed to tackle the problem of multidomain
data (e.g., Arjovsky et al. (2019)), where different domains are interpreted as different interventional
environments (for examples of datasets, see Gulrajani and Lopez-Paz (2021)). Finally, we could also
mention the active field of causal reinforcement learning (e.g., Ahmed et al. (2021); Ke et al. (2021)).
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