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Abstract
Traditional causal discovery methods often depend on strong, untestable assumptions, making
them unreliable in real-world applications. In this context, Large Language Models (LLMs) have
emerged as a promising alternative for extracting causal knowledge from text-based metadata, ef-
fectively consolidating domain expertise. However, LLMs are prone to hallucinations, necessitating
strategies that account for these limitations. One effective approach is to use a consistency measure
as a proxy of reliability. Moreover, LLMs do not clearly distinguish direct from indirect causal
relationships, complicating the discovery of causal Directed Acyclic Graphs (DAGs), which are
often sparse. This ambiguity is evident in the way informal sentences are formulated in various
domains. For this reason, focusing on causal orders provides a more practical and direct task for
LLMs. We propose a new method for deriving abstractions of causal orders that maximizes a con-
sistency score obtained from an LLM. Our approach begins by computing pairwise consistency
scores between variables, from which we construct a semi-complete partially directed graph that
consolidates these scores into an abstraction. Using this structure, we identify both a maximally
oriented partially directed acyclic graph and an optimal set of acyclic tournaments that maximize
consistency across all configurations. We further demonstrate how both the abstraction and the
class of causal orders can be used to estimate causal effects. We evaluate our method on a wide
set of causal DAGs extracted from scientific literature in epidemiology and public health. Our re-
sults show that the proposed approach can effectively recover the correct causal order, providing a
reliable and practical LLM-assisted causal framework.
Keywords: Causal Inference, Information Retrieval, Large Language Models

1. Introduction

Traditional causal discovery algorithms rely on observational (or interventional) data to uncover
causal relationships. To do so, they often make strong assumptions (Spirtes et al., 2001; Glymour
et al., 2019; Peters et al., 2017; Assaad et al., 2022), such as causal sufficiency and faithfulness. The
recent rise in popularity of Large Language Models (LLMs) offers a new tool to discover causal
models (Long et al., 2023a,b; Cohrs et al., 2023; Vashishtha et al., 2025; Kiciman et al., 2024). Un-
like traditional causal discovery methods, LLM-aided approaches operate on textual data, leveraging
pre-collected knowledge encoded in their training data. However, LLMs have been frequently ob-
served to provide ambiguous, inconsistent, or prompt-sensitive answers when queried about causal
relationships (Zečević et al., 2023). Moreover, LLMs have limited capabilities when it comes to
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uncovering new knowledge or simply generating novel ideas, which undermines their applicability
in the discovery of causal structures (Si et al., 2025)

Most importantly, as noted in Vashishtha et al. (2025), in natural language, direct and indirect
causes are often conflated, making them difficult to distinguish. This ambiguity is evident in in-
formal statements across various domains, including philosophy, medicine, and epidemiology. For
instance, we commonly assert that a sedentary lifestyle causes type 2 diabetes, when in fact this
link is fully mediated by obesity (Li et al., 2022). More generally, causal relations are frequently
verbally expressed as a simple relationship: ”X causes Y ” or ”X affects Y ” or ”X prevents Y ”,
etc. This oversimplification obscures the complex web of direct and indirect influences, including
immediate ”parents” and distant ”ancestors” of a causal pathway. In this paper, we argue that LLMs
are not effective for discovering causal Directed Acyclic Graphs (DAGs), but rather allow us to
retrieve abstractions of causal orders that can, under certain conditions, be used to estimate total
effects, or Average Treatment Effects (ATE).

In this context, we account for the inherent unreliability of LLMs, which often produce hal-
lucinated or inconsistent responses. We propose to quantify the reliability of the LLM and use
such a metric as a heuristic to identify abstractions of causal orders. Specifically, uncertainty in
the LLM’s responses is captured through self-consistency, defined as the stability of its answers
when queried multiple times about pairwise causal relationships. By maximizing this consistency
measure, we identify an abstraction in the form of a Semi-Complete Partially Directed Graph
(PDG), which can be transformed into a dense Maximally oriented Partially Directed Acyclic Graph
(MPDAG) (Perkovic, 2020). We show that such an MPDAG can be used to establish a simpler cri-
terion for the identifiability of the total effect in settings with a single treatment. Additionally, based
on the Semi-Complete PDG, we propose an exact method to derive all maximally consistent causal
orders.

Unlike traditional causal discovery methods (Spirtes et al., 2001; Glymour et al., 2019; Peters
et al., 2017; Assaad et al., 2022), our approach does not rely on faithfulness, or any parametric
assumption, but only on acyclicity and causal sufficiency. We view the LLM as an inconsistent
knowledge base (Zheng et al., 2024), rather than an imperfect expert (Long et al., 2023a), which
can be used to rapidly access a large amount of information. This perspective reflects the skepticism
toward the ability of LLMs to discover new causal relationships (Zečević et al., 2023; Si et al., 2025).

Contributions

• We show how to derive a dense MPDAG from the knowledge provided by an LLM and how
it can be used to establish a simpler criterion for identifiability of the total effect.

• We provide an effective algorithm to find a class of causal orders maximally consistent with
an LLM. Such a method is based on a top-down search strategy that does not require any
parametric assumptions or faithfulness.

The remainder of the paper is organized as follows: in Section 2, we review relevant literature
related to LLM-aided causal discovery; in Section 3, we provide some of the basic formal notions
used in the paper; in Sections 4 and 5, we present the main contribution of the paper and details
regarding the proposed method; Sections 6 and 7 conclude the paper with experimental results and
final considerations. Further details regarding the experimental setting, the implementation of the
algorithm, and the proofs of the propositions and theorems presented in the paper are provided in
the Appendix.

2



RETRIEVING CLASSES OF CAUSAL ORDERS

2. Related Work

Causal Inference with Background Knowledge. The use of prior knowledge in causal discovery
has been a long-standing research topic aimed at integrating domain-specific information to refine
causal graphs. Meek (1995) proposed a set of rules, known as Meek rules, to orient edges in a
Completed Partially Directed Acyclic Graph (CPDAG) based on prior knowledge. These rules
allow us to refine the CPDAG by orienting edges while preserving the conditional independence
encoded in the graph and the acyclicity constraint. More recently, Maathuis and Colombo (2015);
Perkovic et al. (2017); Perković et al. (2017); Perkovic (2020); Venkateswaran and Perković (2024)
propose a generalization of identifiability by adjustment to abstraction of causal graphs, such as
Partially Directed Acyclic Graphs (PDAGs), CPDAGs, and MPDAGs.

LLMs in Causal Discovery. In causal discovery, LLMs have often been referred to as imperfect
experts (Long et al., 2023a; Vashishtha et al., 2025), since they are trained on vast amounts of
textual data, including scientific literature. In this context, assuming we have a textual description
of a set of variables —for instance, provided by a human expert —numerous works attempted to
use LLMs to uncover causal DAGs (Kiciman et al., 2024; Long et al., 2023a; Cohrs et al., 2023;
Vashishtha et al., 2025; Jiralerspong et al., 2024). However, LLMs tend to provide unreliable replies;
most notably, they can hallucinate. Concerns regarding their capability to effectively reason have
been raised, as they might be just capturing verbal patterns without actually learning the underlying
reasoning (Zečević et al., 2023). To tackle this problem, most of the approaches proposed until now
quantify the reliability of these models. As presented in Cohrs et al. (2025), there are two primary
approaches to compute uncertainties associated with the answers provided by LLMs: the first is
to use the probabilities associated with the response tokens, i.e., the likelihood of the generated
answer; the second is to evaluate the consistency, i.e., the self-coherence, of the LLM output when
queried multiple times. In Cohrs et al. (2023), authors propose an LLM-informed variant of the PC
algorithm, where conditional independencies are detected by the language model. In Long et al.
(2023a), a pairwise prompt strategy is proposed to complete the orientation of edges in a CPDAG.
Each edge is associated with an uncertainty —based on the probabilities assigned to the response
tokens —, then the Markov Equivalence Class (MEC) is refined through a Bayesian optimization
process. Lastly, in Jiralerspong et al. (2024), the authors focus on an optimized query strategy to the
LLMs aimed at reducing computational complexity.

LLMs and Causal Orders. In Vashishtha et al. (2025), the authors propose a method to estimate
causal orders using LLMs. As previously stated, the intuition is that LLMs can be more effective
in identifying causal orders rather than causal DAGs, given the inherent ambiguity of causal rela-
tionships in natural language. The method proposed estimates the topological order and identifies
the total effect using the backdoor criterion (Pearl, 2009). To recover the causal order, the LLM is
asked to provide a DAG for every possible triplet of variables, which are then aggregated to obtain
a single causal order.

In this paper, we argue that identifying abstractions of causal orders rather than full causal DAGs
presents a more direct task for LLMs. However, unlike Vashishtha et al. (2025), our approach
focuses on: 1) using a pairwise prompt strategy to compute the self-consistency of the LLM, 2)
identifying an abstraction of the maximally consistent causal orders, namely a fully connected Semi-
Complete PDG, and 3) refining the abstraction to obtain a dense MPDAG and a class of causal orders
maximally consistent with the LLM. This design explicitly allows the inherent incongruity of the
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LLM to be reflected in the resulting causal representations, rather than forcing a single, potentially
unreliable, structure.

3. Background

Causal Graphs and Causal Orders A causal DAG, G = (V,E), is defined by a set of nodes V
and directed edges E, where an edge Xi → Xj denotes a direct causal effect of Xi on Xj (Pearl,
2009; Spirtes et al., 2001). In this context, the presence of confounding variables can lead to biased
estimates of the causal effect. To address this issue, assuming that all confounders are observed, we
can use the backdoor criterion, which identifies sets of variables that, when controlled for, allow us
to estimate the causal effect of Xi on Xj without biasing the estimate (Pearl, 2009). The backdoor
criterion is always satisfied if the conditioning set Z contains all the parents of Xi. Given a causal
DAG, we can define its causal order as follows:

Definition 1 (Causal Order) Suppose a causal DAG G. A causal order compatible with G is a
bijective mapping π : V 7→ {1, . . . , d} such that if Xj is a descendant of Xi in G, Xi ≻G Xj , then
π(Xi) < π(Xj), ∀Xi, Xj ∈ V.

Note that multiple causal orders can be compatible with the same causal DAG, as a single DAG may
admit several valid topological orderings of its nodes. A graph that admits a unique causal order
does not permit ambiguity in the direction of the causal relationships between any pair of nodes.
We refer to these graphs as acyclic tournaments.

Definition 2 (Acyclic tournament) An acyclic tournament is a DAG with one direct edge between
every pair of distinct nodes.

Acyclic tournaments provide a graphical representation that fully encodes a unique causal order.
Specifically, the direction of the edge between any two nodes directly reflects their relative position
in the causal order. Crucially, the backdoor criterion is always satisfied for causal orders by con-
ditioning on all the parents of the treatment, assuming causal sufficiency (Pearl, 2009; Vashishtha
et al., 2025). In the case of tournaments, the set of parents coincides with the set of predecessors in
the causal order, eliminating the need to enumerate all paths between treatment and the outcome to
identify a valid backdoor set.

Maximally Oriented Partially Directed Graphs (MPDAGs) In general, when causal sufficiency
holds, and only observational data are available, if we do not make any parametric assumption, the
best one can recover is a CPDAG (Spirtes et al., 2001). A CPDAG is a partially directed graph
that represents the equivalence class of all DAGs that are Markov equivalent to each other, meaning
they encode the same conditional independences. In the presence of background knowledge — for
instance, provided by an expert — we can refine a CPDAG into an MPDAG (Perkovic et al., 2017)
by incorporating the additional edge orientations and applying the Meek rules to propagate their
implications (Meek, 1995). In the scope of this paper, we will mainly focus on the second Meek
rule (R2), which enforces acyclicity in the graph, i.e., if orienting an undirected edge Xi − Xj as
Xi → Xj creates a directed cycle, then the edge must be oriented as Xj ← Xi.

The backdoor criterion cannot be directly applied to these abstractions, which include undirected
edges; to this end, the generalized backdoor criterion (Maathuis and Colombo, 2015; Perkovic et al.,
2017) allows us to identify causal effects in CPDAGs.
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Definition 3 (Generalized Backdoor Criterion) Let Xi and Xj be two disjoint sets of variables
in a CPDAG C. A set of variables Z satisfies the generalized backdoor criterion relative to (Xi,Xj)
if:

1. Z contains no possible descendants of Xi in any DAG consistent with C;

2. Every path between Xi and Xj in C that contains an edge pointing into Xi is blocked by Z.

If Z satisfies this criterion, then the causal effect of Xi on Xj is identifiable and given by:

P (Xj | do(Xi = x)) =
∑
z∈Z

P (Xj | Xi = x,Z = z)P (Z = z). (1)

The generalized backdoor criterion naturally extends to MPDAGs, which are enriched CPDAGs
where all conditional independencies are preserved, and edge orientations are refined based on
additional knowledge. Whenever a backdoor set can be identified for an MPDAG, the total effect is
identifiable and can be estimated using the standard adjustment formula (1).

4. Inconsistent Knowledge Base

The aim of this paper is to identify factual knowledge embedded in the LLMs from commonsense
knowledge and established literature regarding cause-effect relationships in a specific domain. We
assume that these relationships do not directly indicate the presence of an edge in a causal DAG,
but rather a causal ordering of the variables involved. This knowledge is then used to identify
abstractions of causal orders maximally compatible with the information provided by the LLM. In
this context, the LLM acts as a knowledge base (Zheng et al., 2024) that: 1) has access to a large
body of knowledge and 2) may provide incorrect responses, e.g., hallucinated responses. Measuring
the reliability of an LLM’s response is a well-established practice, which aims at quantifying the
trustworthiness of the information provided by the model (Cohrs et al., 2025). In this paper, we rely
on self-consistency as a proxy of uncertainty —which has been shown to outperform other metrics,
such as entropy, confidence elicitation, and token probabilities (Manakul et al., 2023; Savage et al.,
2024).

The goal is to define a consistency matrix encapsulating a measure of self-consistency of the
LLM over pairwise causal relationships, which can be leveraged to identify maximally consistent
causal orders. Following the approach adopted in Long et al. (2023a); Kadavath et al. (2022),
we assume that we have a set of variables X1, ..., Xd associated with a set of textual descrip-
tions, µ1, ..., µd. The consistency is the degree of agreement of the LLM when queried multiple
times about the causal relationship between two variables, Xi and Xj , with semantically equivalent
queries. The queries are generated by the LLM itself, which is asked to rephrase an initial sen-
tence, such as ”Is µi a cause of µj?”, into a set of semantically equivalent questions. To reduce the
number of incorrect responses, we restrict the possible answers to a Yes or a No —more details
in Appendix D. The consistency score is then computed as the proportion of positive responses to
the prompts. Specifically, when an LLM is queried n times, the consistency score for Xi ≻ Xj is
calculated as:

CXi≻Xj =
1

n

n∑
k=1

rk,
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where rk is the response of the LLM to the k-th query, and rk = 1 if the response is Yes, rk = 0
if No. Note that CXi≻Xj and CXj≻Xi are computed independently of each other, i.e., there is no
complementarity between the two. As shown in Figure 1 (a), we can derive a consistency matrix,
C, from the LLM’s responses over a set of variables. We formalize notions of consistency for a
knowledge base as follows:

Definition 4 (Consistent Knowledge Base) Given a causal DAG, G, a knowledge base is con-
sistent if, for every pair of variables Xi and Xj , such that Xi ≻G Xj the consistency score
CXi≻Xj ≥ CXj≻Xi .

Definition 5 (Strictly Consistent Knowledge Base) Given a causal DAG, G, a knowledge base is
strictly consistent if, for every pair of variables Xi and Xj , such that Xi ≻G Xj the consistency
score CXi≻Xj > CXj≻Xi .

5. Retrieving Maximally Consistent Abstractions of Causal Orders

The consistency matrix can be leveraged to construct a maximally consistent graph. Specifically,
we can build a partially directed graph, S, such that: a directed edge Xi → Xj is included in S
if CXi≻Xj > CXj≻Xi , and an undirected edge Xi − Xj is included if CXi≻Xj = CXj≻Xi . In
Figure 1, we illustrate how the consistency matrix can be used to derive such graph —in bold the
consistencies that determine the orientation and the type of the edges. Note that S can contain
directed cycles, since there is no explicit mechanism preventing them. This can be seen in Figure 1
(b), where the directed edges W → V , V → Y , and Y → W form a directed cycle. We refer to a
graph defined in this fashion as semi-complete partially directed graph.

Definition 6 (Semi-Complete Partially Directed Graph) A semi-complete partially directed graph,
or semi-complete PDG, is a dense graph in which every pair of distinct nodes is connected by ex-
actly one edge, which may be either directed or undirected.

5.1. Maximally Consistent Semi-Complete Partially Directed Graphs

The maximally consistent semi-complete PDG, S, holds specific properties based on the consistency
of the knowledge base used to construct it. Indeed, we can show that S is a dense MPDAG if the
LLM is consistent (Definition 4).

Proposition 7 The maximally consistent semi-complete PDG, S, does not contain directed cycles
if the consistency matrix is provided by a consistent knowledge base.

Proposition 8 The maximally consistent semi-complete PDG, S, obtained from a consistent knowl-
edge base and by applying R2 of the Meek rules, is an MPDAG.

Note that a dense MPDAG, i.e., with an edge between every pair of variables, has no v-
structures, but only shielded colliders; this implies that we only require R2 for maximal orientation.
Unfortunately, we have no guarantees on the consistency of the LLM; thus, the semi-complete PDG
may contain directed cycles. In this case, we can still derive an MPDAG from S by unorienting
directed cycles and enforcing acyclicity.
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Y W V X Z

Y - 0.6 0.2 0.3 1.0

W 0.3 - 0.7 0.4 0.4

V 0.7 0.5 - 0.5 0.6

X 0.4 0.9 0.9 - 0.7

Z 1.0 0.4 0.6 0.8 -

(a)

Y

X

V

Z

W

(b)

Y

X

V

Z

W

(c)

Y

X

V

Z

W

(d)

Figure 1: (a) Consistency Matrix. (b) Maximally consistent Semi-Complete PDG. (c) MPDAG
derived from the Semi-Complete PDG. (d) Maximally consistent acyclic tournament. In
bold edges modified with respect to the Semi-Complete PDG.

Proposition 9 Assuming a semi-complete PDG, S, containing directed cycles, C1, . . . , Cm, we
can derive an MPDAG from S by:

1. Unorienting every edge in a cycle Ck, i.e., for every pair of nodes Xi and Xj , such that
Xi → Xj is part of a cycle Ck, we substitute the directed edge with an undirected one,
Xi −Xj .

2. Maximally orient undirected edges applying R2 of the Meek rules.

An application of Proposition 9 is illustrated in Figure 1 (c), where the directed cycle involving
nodes Y , W , and V is unoriented, and then R2 is applied to orient additional edges. Note also that
the one-to-one correspondence between tournaments and orders does not hold for MPDAGs, which
rather map to a set of partial orders.

Reasoning with Dense Maximally Oriented Partially Directed Graphs. As per Maathuis and
Colombo (2015); Perković et al. (2017), we can use MPDAGs to identify the total effect through
the generalized backdoor criterion. We show that a dense MPDAG, obtained from the maximally
consistent Semi-Complete PDG, as per Proposition 7, 8, and 9, allows us to establish a simpler
identifiability criterion for univariate treatments:

Proposition 10 Given a dense MPDAG and the treatment variable Xi, the total effect is iden-
tifiable, using the adjustment formula (1), if and only if there are no undirected edges related to
Xi.

This implies that it suffices to examine whether any undirected edges are incident on the treat-
ment variable Xi to determine if the total effect can be identified via adjustment. Note that some
nodes in S may be order invariant, meaning that they are connected to every other node with
undirected edges. These nodes do not provide any information about the causal order and prevent
identifiability.
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Corollary 11 Given a dense MPDAG, if it contains an order invariant node, Xi, any causal effect
between Xi and every other variable is not identifiable.

The key assumption underlying the construction of a dense MPDAG from the consistency ma-
trix is that the LLM provides reliable information about pairwise causal relationships. While this
assumption may not always hold, Proposition 9 allows us to handle inconsistencies in the knowledge
base by unorienting directed cycles. Alternatively, one could interpret cycles within S as potential
errors, which can be addressed by applying corrective procedures that enforce acyclicity.

5.2. Maximally Consistent Causal Orders

Orienting all edges while enforcing acyclicity and maximizing consistency over the semi-complete
PDG, S, allows us to identify a class of maximally consistent acyclic tournaments (MCAT). Each
acyclic tournament corresponds to a unique causal order, and vice versa (Section 3). To establish
a connection between semi-complete PDGs and acyclic tournaments, we introduce the notion of
compatibility:

Definition 12 (Compatible Acyclic Tournament) Given a semi-complete PDG, S, an acyclic
tournament, T , is said to be compatible with S if:

1. T is obtained by reversing certain directed edges of S to produce an acyclic directed graph,
while leaving all other edges unchanged.

2. T contains an acyclic orientation of all undirected edges.

We can then identify a causal order that maximally aligns with the knowledge provided by the
LLM by finding all MCATs compatible with the semi-complete PDG.

Definition 13 (Maximally consistent acyclic tournament) Given a semi-complete PDG, S, an acyclic
tournament, T , compatible with S, is said to be maximally consistent if it maximizes the consistency
score relative to all other acyclic tournaments compatible with S.

In this context, if S contains directed cycles or undirected edges, we need to obtain an acyclic
transformation. Finding such a transformation is a well-studied problem in graph theory, known
as the Feedback Arc Set (FAS) problem (Karp, 1972). In its general form, the FAS problem con-
sists of identifying a minimal set of edges whose removal eliminates all cycles in a directed graph.
The same set can be used to obtain an acyclic graph by reversing the edges instead of removing
them (Barthélemy et al., 1995). In our setting, we aim to find the acyclic transformation of S that
maximizes the consistency score. To this end, we consider a weighted version of the FAS, seeking
the minimal set of edges whose reversal achieves the highest score. Instead of considering consis-
tency scores as edges’ weights, we define a cost score, Bi→j , for each edge, Xi → Xj , in S:

Bi→j = ξ − CXi≻Xj + CXj≻Xi .

where ξ is the total consistency score of S, calculated as the sum of the consistency scores of all
edges. The cost score Bi→j represents the cost of reversing the edge Xi → Xj in S. The goal is to
find the solution to the FAS that maximizes the total cost score, which is equivalent to maximizing
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the total consistency score of the resulting acyclic tournament. Thus, we can identify the set of
edges, A, whose reversal leads to an MCAT by solving the following optimization problem:

A = arg max
Â∈FS

∑
Xi≻Xj∈Â

Bi→j (2)

where FS is the set of all FAS of S. The second step consists of orienting the undirected edges in S.
Since undirected edges have equal consistency scores in both directions, we can consider all acyclic
orientations of the undirected edges as equally consistent —for more details, see Appendix B. In
Figure 1 (d), we illustrate an MCAT compatible with the semi-complete PDG in Figure 1 (b).

Finding All Maximally Consistent Acyclic Tournaments. The FAS maximizing the total cost
score and compatible with S is not necessarily unique. We can find all such sets by iteratively
solving the weighted FAS while excluding previously found solutions. Let A be an optimal solution
to (2), meaning that there is an MCAT, T = (V,ET ), such that ET = (ES ∩ A) ∪ AT . We want
to find all the acyclic tournaments T ′ = (V,E′

T ) such that E′
T = (ES ∩ A′) ∪ A′T and A′ ̸= A,

such that A′ is a solution to (2). This can be obtained by excluding subsets of edges of the optimal
solution, F ∈ P(A), from the search space, i.e., we will search through all solutions to the FAS
where the edges in F are prohibited from being reversed. If the exclusion of F leads to a suboptimal
solution —non-maximal —then any other solution containing F will be suboptimal. This allows
us to prune the search space efficiently. We denote this method as Maximal Weighted Acyclic
Tournaments Search, or MATS —more details about the procedure can be found in Appendix B.

Theorem 14 The MATS algorithm is sound, complete, and terminates.

Proposition 15 If the consistency matrix is provided by a consistent knowledge base, the MATS
algorithm is guaranteed to return a class of acyclic tournaments containing the true causal order.

Proposition 16 If the consistency matrix is provided by a strictly consistent knowledge base, the
MATS algorithm is guaranteed to return the true causal order.

Reasoning with Classes of Causal Orders. If a treatment variable Xi is part of a cycle in the
Semi-Complete PDG, the total effect is not identifiable by deriving the associated MPDAG (Propo-
sition 9 and 10). In this case, we can estimate the total effect using the class of maximally consistent
causal orders. Given an estimated causal order, π̂, we can use the predecessors of the treatment, Xi,
to estimate the total effect over another variable, Xj , assuming that π̂(Xi) > π̂(Xj) and causal
sufficiency (Pearl, 2009; Vashishtha et al., 2025). This allows for efficient identification of the ad-
justment set without enumerating all backdoor paths from Xi to Xj . Moreover, we do not require
the correct causal order to identify the total effect as long as all the predecessors are correctly or-
dered with respect to the treatment variable. We can generalize this to every maximally consistent
causal order in the recovered class. In this context, two or more orders might share the same prede-
cessors, e.g, if π̂(Z) > π̂(Xi) > π̂(M) > π̂(Xj) and π̂(Z) > π̂(Xi) > π̂(M′) > π̂(Xj), meaning
that the total effect is the same for both orders. This implies that we can efficiently estimate the
total effect once for multiple orders sharing the same backdoor set. Ultimately, the total effect for
an MPDAG is uniquely identifiable, whereas for a class of causal orders, we might have multiple
estimations.
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Graph PC GES NOTEARS BOSS GRaSP GOBNILP Triplet MATS (Our)
MPDAG π

Asia 3.66±2.47 1.75±1.20 4.08±0.92 1.50±0.87 1.50±0.87 4.31±1.20 2.75±3.03 2.87±1.81 1.22±1.03

Cancer 0.00±0.00 0.00±0.00 0.83±0.12 0.00±0.00 0.00±0.00 2.00±0.86 0.16±0.37 3.53±1.86 0.00±0.00

Climate 0.14±0.35 1.67±3.13 1.83±0.17 0.00±0.00 0.83±0.50 4.42±1.21 2.00±0.00 0.60±0.80 0.40±0.80

Covid 1 0.00±0.00 0.00±0.00 0.25±0.08 0.00±0.00 0.17±0.14 1.00±0.74 1.00±0.0 0.55±0.78 0.00±0.00

Covid 2 0.50±0.50 0.50±0.50 1.08±0.49 0.50±0.50 0.50±0.50 1.67±0.88 1.66±0.47 0.00±0.00 0.00±0.00

Covid 3 0.50±0.50 1.62±1.41 0.75±0.42 1.25±0.42 1.17±0.75 2.64±1.25 0.00±0.00 1.00±0.50 1.00±0.50

Covid 4 1.00±0.73 1.03±0.72 2.25±0.67 1.00±0.71 1.00±0.71 3.49±1.49 0.83±0.68 0.00±0.00 0.00±0.00

Genetic 0.00±0.00 0.00±0.00 0.50±0.00 0.00±0.00 0.25±0.25 2.75±0.93 0.00±0.00 1.10±0.70 1.20±0.40

MSU 1.29±0.70 1.56±1.07 1.33±0.17 1.00±0.00 1.00±0.00 3.00±1.32 1.33±0.74 3.22±1.73 2.00±0.58

Neighbor 5.65±3.12 0.00±0.00 2.33±0.12 0.88±0.14 1.21±0.14 4.30±1.59 3.00±0.00 5.96±2.64 4.89±2.42

Sachs 9.83±3.17 10.02±3.12 8.77±1.73 7.38±1.97 8.42±1.61 9.31±2.57 10.33±9.19 7.40±2.04 5.50±0.50

Supermarket 6.38±2.63 9.11±3.64 4.31±1.30 5.12±1.19 4.21±0.88 6.49±1.83 5.0±2.23 6.45±2.58 1.56±1.26

Table 1: Dtop (↓) of the estimated causal orders. Best results are highlighted in gray.

Graph PC GES NOTEARS BOSS GRaSP GOBNILP Triplet MATS (Our)
MPDAG π

Asia 8.37±2.27 6.62±0.99 6.06±0.36 7.44±0.29 7.25±0.08 6.94±0.37 2.75±3.03 2.87±1.81 1.22±1.03

Cancer 3.67±0.47 3.00±0.00 2.62±0.49 3.92±0.08 3.92±0.08 3.25±0.63 0.16±0.37 3.53±1.86 0.00±0.00

Climate 8.00±2.52 8.00±0.00 5.98±0.43 7.92±0.08 7.67±0.00 8.00±0.00 2.00±0.00 0.60±0.80 0.40±0.80

Covid 1 0.00±0.00 1.00±0.00 2.00±0.00 2.00±0.00 2.00±0.00 1.54±0.37 1.00±0.0 0.55±0.78 0.00±0.00

Covid 2 1.50±0.50 1.00±0.00 2.75±0.20 3.00±0.00 3.00±0.00 2.25±0.59 1.66±0.47 0.00±0.00 0.00±0.00

Covid 3 2.00±0.00 2.00±0.00 4.46±0.34 5.00±0.00 5.00±0.00 4.45±0.45 0.00±0.00 1.00±0.50 1.00±0.50

Covid 4 3.17±1.67 4.00±0.00 3.82±0.31 5.50±0.14 5.50±0.14 5.67±0.33 0.83±0.68 0.00±0.00 0.00±0.00

Genetic 4.00±0.00 6.00±1.26 2.90±0.73 4.92±0.08 4.92±0.08 3.65±0.73 0.00±0.00 1.10±0.70 1.20±0.40

MSU 1.50±0.50 3.40±0.80 4.74±0.71 5.92±0.08 5.92±0.08 4.22±0.91 1.33±0.74 3.22±1.73 2.00±0.58

Neighbor 6.67±1.25 7.20±1.60 5.65±0.54 7.75±0.08 7.75±0.08 7.00±0.58 3.00±0.00 5.96±2.64 4.89±2.42

Sachs 7.75±1.20 10.02±3.12 13.50±0.99 15.15±0.61 14.95±0.76 15.00±1.08 10.33±9.19 7.40±2.04 5.50±0.50

Supermarket 12.33±2.36 12.50±0.50 8.08±0.58 10.92±0.08 10.83±0.17 11.50±0.50 5.0±2.23 6.45±2.58 1.56±1.26

Table 2: Dtop (↓) of the estimated causal orders with non-linear synthetic data. Best results are
highlighted in gray.

6. Experimental Results

The code1 is designed to be compatible with OpenAI API and open-source LLMs available through
the Ollama platform. Results presented in Table 1 are obtained using gpt-4.1-nano2, a fast and
lightweight version of gpt. Additional results relative to mistral:7b3 and llama3.1:8b4

are available in Table 10 of Appendix C. To minimize hallucinations and ensure a higher degree
of consistency, all the experiments relative to LLMs have been conducted with temperature set to
0.1 —more details in Appendix C. Graphs are implemented using igraph, a C++ library that
offers an implementation of ExactFAS based on an integer programming formulation, which is
guaranteed to yield an optimal result (Baharev et al., 2021) —more details in Appendix B. Note
that finding a FAS is NP-complete, even though for larger graphs, one could also resort to heuristic
methods (Eades et al., 1993), also available on igraph.

1. https://github.com/Federic0Bald0/MATS
2. https://platform.openai.com/docs/models/gpt-4.1-nano
3. https://ollama.com/library/mistral
4. https://ollama.com/library/llama3.1
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Baselines. Concerning LLM-aided approaches, we compare to a state-of-the-art method for re-
covering causal orders, proposed in Vashishtha et al. (2025), which we refer to as the triplet method,
or Triplet5. Moreover, we evaluate our approach against more traditional causal discovery methods.
In particular, we consider the PC algorithm with Fisher’s conditional independence test in the linear
case and KCI for the non-linear one, GES6, NOTEARS7, GRaSP (Lam et al., 2022), BOSS (An-
drews et al., 2023), and GOBNILP (Cussens, 2020), using 1000 data samples. Finally, we experi-
mented with a hybrid approach that orients edges in the skeleton recovered by PC, using the orders
obtained from MATS and Triplet —results in Appendix C.

Graphs & Datasets We tested MATS and the baselines on 12 causal graphs. Among these,
3 are well-known causal DAGs included in the bnlearn library, namely Asia (Lauritzen and
Spiegelhalter, 2018), Cancer (Korb and Nicholson, 2004), and Sachs (Sachs et al., 2005). Addi-
tionally, we tested 9 causal graphs sourced from scientific literature in the fields of epidemiology
and public health. These causal DAGs include Covid 1, Covid 2, Covid 3 (Griffith et al., 2020),
Covid 4 (Glemain et al., 2025), Genetic (Palmer et al., 2012), MSU (Piccininni et al., 2023), Neigh-
borhood (Chaix et al., 2009), Climate (Barrero Guevara et al., 2025), and Supermarket (Chaix et al.,
2012). The datasets used for data-driven causal discovery, i.e., for PC, GES, and NOTEARS, and
total effect estimation, are generated based on the true causal DAG. We rely on both linear and
non-linear synthetic data, which is meaningful since text-driven methods do not require parametric
assumptions —more details on the graphs and the synthetic datasets in Appendix B and D.

Evaluation Traditional metrics fall short in evaluating the error over the estimated causal orders.
Indeed, there can be multiple causal orders that are consistent with the same causal DAG (Section 3).
To this end, we rely on a metric proposed in Rolland et al. (2022) that measures how well an
estimated ordering respects the true causal graph, G. A correct causal order respects the ordering
constraints of G, meaning that if Xi ≻G Xj , then Xi must precede Xj in the estimated order π̂. The
metric is then defined as follows:

Dtop(π̂,G) =
∑

(Xi,Xj)∈C

1[π̂(Xi) > π̂(Xj)] where C = {(Xi, Xj)|Xi ≻G Xj}

where 1 is an indicator function measuring the number of violated constraints in C. We have that
Dtop(π̂,G) = 0 when π̂ is a correct causal order for G. Evaluating the estimated MCAT using more
traditional metrics, such as SHD, does not capture the quality of the estimated orders, since the
graph is dense. For completeness, we provide a comparison using SHD in Appendix C. Concerning
causal effect estimation, we measure the absolute error between the estimated and true total effect,
ϵATE .

Results. Table 1, 2, and 3 report evaluation results for causal order recovery in the linear case, the
non-linear case, and total effect estimation, respectively. Both tables show the mean and standard
deviation over 5 runs for each method, using different random seeds. For methods that return ab-
stractions (CPDAGs produced by PC, GES, BOSS, GRaSP, and GOBNILP; MPDAGs; or classes
of causal orders) rather than a single causal order, the reported error is computed by averaging over
all admissible orders across configurations. In the case of NOTEARS, which returns a single DAG,

5. We implemented this method based on the paper and discussions with the authors.
6. https://github.com/py-why/causal-learn
7. https://github.com/xunzheng/notears
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Graph PC GES NOTEARS BOSS GRaSP GOBNILP Triplet MATS (Our)
MPDAG Causal Orders

Asia 0.26±0.18 0.26±0.18 0.16±0.13 0.16±0.12 0.17±0.13 0.19±0.09 0.00±0.00 - 0.00±0.00

Cancer 0.03±0.01 0.03±0.01 0.01±0.00 0.01±0.00 0.01±0.00 0.14±0.08 0.00±0.00 - 0.00±0.00

Climate 0.03±0.03 0.03±0.03 0.03±0.01 0.01±0.00 0.08±0.06 0.20±0.11 0.01±0.00 - 0.14±0.24

Covid 1 0.03±0.01 0.03±0.01 0.01±0.00 0.01±0.00 0.01±0.00 0.01±0.00 0.01±0.00 0.00±0.00 0.00±0.00

Covid 2 0.52±0.24 0.52±0.24 0.01±0.00 0.01±0.00 0.01±0.00 0.01±0.00 0.01±0.00 0.00±0.00 0.00±0.00

Covid 3 0.03±0.02 0.13±0.23 0.02±0.01 0.01±0.00 0.08±0.06 0.17±0.15 0.00±0.00 0.03±0.06 0.03±0.06

Covid 4 0.03±0.01 0.05±0.04 0.14±0.02 0.07±0.08 0.07±0.08 0.12±0.05 0.13±0.15 0.01±0.01 0.00±0.00

Genetic 0.02±0.01 0.02±0.01 0.01±0.00 0.01±0.00 0.01±0.00 0.01±0.00 0.00±0.00 - 0.00±0.00

MSU 0.19±0.14 0.19±0.14 0.26±0.00 0.26±0.00 0.26±0.00 0.41±0.12 0.25±0.14 - 0.25±0.14

Neighbor 0.45±0.37 0.26±0.17 0.17±0.00 0.18±0.00 0.14±0.00 0.25±0.07 0.28±0.17 - 0.16±0.07

Sachs 0.08±0.08 0.15±0.10 0.23±0.14 0.18±0.12 0.21±0.02 0.18±0.08 0.04±0.05 - 0.11±0.07

Supermarket 0.40±0.35 0.47±0.52 0.43±0.15 0.37±0.07 0.42±0.09 0.45±0.14 0.30±0.31 - 0.46±0.25

Table 3: ϵATE (↓) of total effect estimation. Best results are highlighted in gray. If non identifiable
the value is set to ’-’.

we first recover the corresponding CPDAG and evaluate the error over that, so as not to penalize it
for returning a single representative of its equivalence class —results relative to the recovered DAG
are provided in Appendix C. Additionally, this evaluation may penalize methods that return large
equivalence classes with high variance. To provide a more complete picture, additional intraclass
estimation results are reported in Appendix C. The results in Table 1, for PC, GES, NOTEARS,
BOSS, GRaSP, and GOBNILP, as well as for total effect estimation, are obtained using linearly
generated data, a setting that is favorable to traditional causal discovery methods. Indeed, as shown
in Table 2, their performance deteriorates substantially when data are generated from a non-linear
model. In contrast, text-based methods such as MATS and Triplet do not rely on parametric assump-
tions. In the linear setting, MATS achieves the lowest Dtop error in 7 out of the 12 graphs, while
in the non-linear setting it outperforms all other methods in 8 out of the 12 graphs. Moreover, in 4
graphs, MATS recovers a class containing exclusively correct causal orders, both in the linear and
non-linear case; in two additional cases, the resulting MPDAG is an acyclic tournament and there-
fore requires no further edge orientation. Total effects are estimated using the adjustment formula
in (1), implemented via linear regression. Adjustment sets for data-driven methods are identified on
the estimated graph using the generalized backdoor criterion (Definition 3). The resulting estima-
tion errors are reported in Table 3. Overall, we observe a clear correlation between the topological
distance Dtop and the absolute error in total effect estimation, ϵATE . Finally, we note that in the
majority of cases, the estimated MPDAG does not permit identification of the total effect.

7. Discussion & Conclusion

The method described in this paper offers an approach leveraging LLMs as knowledge bases for re-
trieving abstractions of causal orders. This approach relies solely on textual descriptions of the vari-
ables and does not require faithfulness, parametric assumptions, or observational data. A key insight
behind the method is that natural language often leaves causal mechanisms implicit. This implies
that some causal relationships may not be directly stated in the text, yet the causal order remains in-
tact. We compared our methods with traditional approaches, such as PC, GES, NOTEARS, BOSS,
GRaSP, and GOBNILP, as well as an LLM-aided method recovering causal order (Vashishtha et al.,
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2025). The results show that our approach can provide an accurate estimation most of the time,
outperforming other methods.

Background Knowledge. Note that the proposed method is compatible with the use of back-
ground knowledge —for instance, orientations provided by human experts or temporal priority. In
particular, we can force orderings among variables by assigning specific values in the consistency
matrix. For instance, if we know that Xi is a predecessor of Xj : we can set CXi≻Xj = 1, being
maximally consistent, while CXj≻Xi = −∞, effectively removing the edge Xj → Xi from every
maximally consistent graph.

Limitations. The MATS algorithm has several limitations that should be taken into account. In-
deed, the accuracy of the estimation strongly relies on the consistency of the LLM. In the presence
of an inconsistent knowledge base, we cannot guarantee the correctness of the class of orders re-
trieved. Moreover, the computational complexity of the method can increase significantly with
larger graphs. This is primarily due to the computation of the consistency matrix, which has a
quadratic complexity in relation to the number of nodes, and the ExactFAS algorithm, which is an
NP-hard problem. Note, however, that MATS can be made more efficient by introducing heuristic
solvers for the FAS problem.

Future Work. Extensions of this work will focus on reducing computational complexity and en-
hancing the reliability of the LLM. The use of chain-of-thought based LLMs (Wei et al., 2022)
could potentially improve the accuracy of the method. Moreover, in scenarios where a collection of
documents relevant to a specific domain is available, we can enhance the reliability of the knowl-
edge base by using Retrieval-Augmented Generation (RAG), proposed by Lewis et al. (2020). This
approach grounds replies generated by the LLM on a specific corpus of documents.
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Appendix

The appendix is organized as follows:

• Appendix A, contains the proofs of the propositions and theorems presented in the main text.

• Appendix B, contains details regarding the implementation of the MATS algorithm.

• Appendix C, contains additional results.

• Appendix D, contains details on the graphs used in the experiments and the prompts used to
query the LLM.
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Appendix A. Proofs

Proof [Proposition 7] Given a DAG G = (V,E), a consistent knowledge base induces a consistency
matrix W such that: for every pair of variables Xi and Xj , if Xi ≻G Xj then CXi≻Xj ≥ CXj≻Xi .
If we build a semi-complete PDG S from the consistency matrix W , it follows that:

• If CXi≻Xj > CXj≻Xi , then we orient the edge as Xi → Xj ; the ensemble of edges oriented
in this way does not contain directed cycles since it is a directed reflection of the DAG G.

• If CXi≻Xj = CXj≻Xi , then we orient the edge as Xi − Xj ; this does not introduce any
directed cycle.

Proof [Proposition 8] The proof follows from Proposition 7. If the expert is consistent, the maxi-
mally consistent semi-complete PDG S does not contain directed cycles, meaning that it is a dense
Partially Directed Acyclic Graph (PDAG). Additionally, since the graph is fully connected, there
cannot be unshielded colliders. Thus, we can use R2 exclusively to maximize the orientation of the
PDAG.

Proof [Proposition 9] Substituting directed edges in a cycle with undirected ones transforms the
Semi-Complete PDG into a dense PDAG. Applying the Meek rules, in particular R2, to the PDAG,
we get a maximally oriented PDAG (Proposition 8).

Proof [Proposition 10] Since the MPDAG is dense, between every pair of variables there is an edge,
either directed or undirected. If the treatment and the outcome are connected by an undirected edge,
it means that the total effect is not identifiable by adjustment. If the treatment and the outcome are
connected by a directed edge, we can reduce the problem of identifiability to triplets of variables. If
any of the subgraphs containing the treatment, the outcome, and any other variables are of the form
in Figure 2, we can see that we cannot distinguish between a collider and a non-collider. Thus, the
total effect is not identifiable.

Proof [Corollary 11] The proof follows from Proposition 10.

Proof [Theorem 14] We define the following notation in reference to Algorithm 1:

• maxScore is the maximal consistency score; thus, given a maximally consistent acyclic
tournament T = (V,ET ):

maxScore =
∑

(i,j)∈ET

W [i, j]

• The method ExactFAS returns a FAS of a directed graph G, which is a set of edges that can
be reversed to make G acyclic and of maximal weight. If applied to a maximally consistent
semi-complete partially directed graph S, it returns a set Ai for S with respect to the con-
sistency matrix W . If Ai is optimal, meaning that leads to a maximally consistent acyclic
tournament, then it holds that:

Ti = (V, (ES \ Ai) ∪ AT
i )

where AT
i is the transpose of Ai.

score(Ti) = maxScore
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Soundness. Every tournament T in Results is a maximally consistent acyclic tournament.

• Initialization: The algorithm starts by computing the maximally consistent semi-complete
partially directed graph S. Then, it computes a FAS A0 of S with respect to the consistency
matrix W . By definition of ExactFAS, a FAS A0 is a set of edges that can be reversed to
transform S into a maximally weighted acyclic tournament, T 0; the tournament is then added
to Results and the maximal consistency score maxScore is computed.

• Iteration: At every iteration, we compute a FAS of the semi-complete partially directed graph
S with respect to the consistency matrix W ′ in which some edges have been excluded from
the solution space. a FAS A is computed by ExactFAS(ES ,W

′). The acyclic tournament
TA and its score are then computed. If the score of TA is equal to maxScore, it is maximally
consistent, thus it is added to Results.

Completeness. Every maximally consistent acyclic tournament T is in Results.
The solution space is explored by exclusion. The idea is that any maximally consistent solution

is unique, thus removing from the solution space subsets of optimal FAS will force ExactFAS to
search for other maximally consistent solutions. This is achieved by iterating over the power set
of the optimal FAS, contained in maximalFAS. To exclude a set of edges F from the admissible
solutions, we set the cost of reversing edges in F to −∞, making them suboptimal by construction.
So we can build W ′ as a copy of W where W [j, i] = −∞ for every edge (i, j) ∈ F. If there
is another maximally consistent solution, A′, such that F ̸⊂ A′, then it will be found in the next
iteration of the algorithm by ExactFAS(S,W ′). We define F as the union of subsets of optimal
solutions, Ai ∈ maximalFAS.

F = F0 ∪ F1 ∪ . . . ∪ Fk

where Fi ⊂ Ai. Given an undiscovered set F of forbidden edges:

• F = ∅, which corresponds to the case where the algorithm has not yet explored any subset of
the optimal FAS. The algorithm will compute the first FAS A0 and add it to Results.

• F ̸= ∅, meaning that the algorithm has already explored some subsets of the optimal FAS.
In this case, the algorithm will compute a FAS Ai that is either: 1) optimal, meaning that
it is a maximally consistent acyclic tournament, or 2) suboptimal, meaning that it is not a
maximally consistent acyclic tournament. In the first case, Ai will be added to Results;
moreover, we will add to the Queue the combinatorial union between F and all the subsets
of Ai, which represents a tighter constraint on the admissible solutions. Eventually, this will
lead to the discovery of a new maximally consistent acyclic tournament.

Termination. The MATS algorithm terminates.
MATS systematically explores the power set of the optimal FAS, which is finite. Thus, the

algorithm will eventually terminate. Additionally, the algorithm adopts a caching mechanism to
avoid exploring the same subsets multiple times. Also, any set leading to a suboptimal solution
allows us to identify sets of edges that can be excluded from the search space. Indeed, any set
containing a subset of edges that leads to a suboptimal solution will not be explored.

Proof [Proposition 15] Following Proposition 7, the maximally consistent semi-complete PDG, S,
does not contain directed cycles. Moreover, since the consistency matrix is provided by a consistent
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Figure 2: Non-identifiable subgraphs. In bold, the undirected edges are related to the treatment
variable.

knowledge base, it holds that for every pair of variables Xi and Xj , if Xi ≻ Xj then CXi≻Xj >
CXj≻Xi . The MATS algorithm will find all acyclic orientations of the undirected edges in S that do
not introduce new cycles. Among these, at least one will be the true causal order. Note that in the
limit case where every edge is undirected, MATS will return the list of all acyclic tournaments.

Proof [Proposition 16] The proof follows from Proposition 10. A strictly consistent expert guaran-
tees that for every pair of variables Xi and Xj , such that Xi ≻ Xj , it holds that CXi≻Xj > CXj≻Xi .
Meaning that the maximally consistent semi-complete partially directed graph S is an acyclic tour-
nament, since there cannot be undirected edges.

Appendix B. Implementation Details

Undirected Edges. To reduce computational time, undirected edges are handled separately. Be-
fore applying Algorithm 1, all undirected edges are removed from the graph S. After generating
a class of acyclic tournaments, each undirected edge is reintroduced as a directed one, oriented in
one of its possible directions, as long as it doesn’t create new cycles. Since undirected edges con-
tribute equally to consistency, their orientation does not change the consistency score of the maximal
acyclic tournament, but reduces the size of the SCCs processed by ExactFAS.

Data Generation. For each node x in the DAG,

x = fx(Parents(x)) + ϵx,

where ϵx is sampled from a Gaussian distribution, Parents(x) is the set of parents of x in the graph;
fx in the linear case is of the form fx =

∑k
i=1 ximi, whereas in the non-linear one is a function

randomly picked from {sin(.), cos(.), square(.)}.

Appendix C. Additional Results

This section provides further experimental results and analysis that complement those presented in
the main text.

• Figure 3 shows the results of MATS using gpt-4.1-nano with different temperatures. We
can see that a lower temperature leads to a lower Dtop. Indeed, a lower temperature leads to
more deterministic outputs, reducing hallucinations.
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Algorithm 1 Maximally Weighted Acyclic Tournaments Search (MATS)
Input: V, variables; W , weights
Output: Results, a set of maximally weighted acyclic tournaments

1: S ← MAXIMALLYWEIGHTEDGRAPH(V,W )
2: (V,ES)← S
3: A← EXACTFAS(ES ,W ) {Find feedback arc set}
4: ET ← (ES \ A) ∪ AT

5: maxScore←
∑

(i,j)∈ET
W [i, j]

6: Queue← P(A) {Power set of A}
7: maximalFAS ← {A}
8: Results← {ET }
9: Cache← ∅

10: while Queue ̸= ∅ do
11: F← POP(Queue)
12: Cache← Cache ∪ F
13: W ′ ← COPY(W )
14: for (i, j) ∈ F do
15: W ′[j, i]← −∞
16: end for
17: A← EXACTFAS(ES ,W

′)
18: ET ← (ES \ A) ∪ AT

19: newScore←
∑

(i,j)∈ET
W [i, j]

20: if newScore = maxScore and A /∈ maximalFAS then
21: maximalFAS ← maximalFAS ∪ {A}
22: Results← Results ∪ {ET }
23: for F′ ∈ P(A) do
24: if F′ ∪ F /∈ Cache and F′ ∪ F /∈ Queue then
25: PUSH(Queue, F′ ∪ F)
26: end if
27: end for
28: else
29: for F′ ∈ Queue do
30: if F ⊂ F′ then
31: REMOVE(Queue, F′)
32: end if
33: Cache← Cache ∪ {F′}
34: end for
35: end if
36: end while
37: return Results
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Figure 3: Boxplot intraclass Dtop of MATS using gpt-4.1-nano with different temperatures.
Error is bounded to values higher than 0. Note that when the median is not visible signifies
it is equal to 0.

• Tables 4 complements results in Table 1 by providing SHD results on linear data. As argued
in the main text, MATS provides a fully connected DAG, which leads to higher SHD values
compared to data-driven baselines that return sparser graphs.

• Tables 5 provides the SHD associated with non-linear data for data-driven methods. We can
see how MATS does not consistently outperform other methods, mainly due to the fact that
we are recovering tournaments.

• Tables 6 and 7 present results of the hybridized approach using PC to estimate the skeleton,
while using the approximated orders from MATS and Triplets to orient the edges. In this
context, we can see a general improvement of the error associated with the estimated DAG.

• Table 8 and 9 compare MATS to NOTEARS. In this context, we display both the error asso-
ciated with the DAG discovered by NOTEARS and the relative CPDAG.

• Table 10 showcases the best results obtained for intraclass Dtop using different LLMs to
compute the consistency matrix. We can see that generally, gpt-4.1-nano and mistral
perform similarly, followed by llama3.1. Most importantly, in many instances, MATS
recovers only correct orders.
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Graph PC GES NOTEARS BOSS GRaSP GOBNILP Triplet MATS (Our)
MPDAG π

Asia 4.39±2.34 3.00±1.73 5.83±1.84 3.00±1.73 3.00±1.73 14.50±2.41 19.75±3.90 24.00±2.25 22.00±1.63

Cancer 0.00±0.00 0.00±0.00 1.00±0.24 0.00±0.00 0.00±0.00 7.50±1.72 3.50±0.76 9.73±1.61 6.00±0.00

Climate 0.44±0.68 1.56±2.95 2.00±0.33 0.00±0.00 2.50±1.01 12.83±2.33 24.00±0.00 21.20±1.60 20.80±1.60

Covid 1 0.00±0.00 0.00±0.00 0.33±0.17 0.00±0.00 0.50±0.27 2.33±1.49 3.00±0.00 1.00±0.00 1.00±0.00

Covid 2 1.00±1.00 1.00±1.00 1.67±0.97 1.00±1.00 1.00±1.00 3.67±1.76 6.33±0.94 3.00±0.00 3.00±0.00

Covid 3 1.00±1.00 3.25±2.82 1.17±0.83 1.00±1.00 2.33±1.51 5.33±2.28 1.67±1.49 3.00±1.00 3.00±1.00

Covid 4 2.00±1.35 2.14±1.57 3.17±1.10 2.00±1.41 2.00±1.41 6.50±2.24 5.50±1.12 4.00±0.00 4.00±0.00

Genetic 0.12±0.33 0.00±0.00 0.50±0.00 0.00±0.00 2.00±0.50 8.50±1.87 10.00±0.00 12.20±1.40 12.40±0.80

MSU 2.44±0.96 3.33±2.54 2.17±0.33 2.00±0.00 2.00±0.00 6.17±2.59 5.50±0.76 9.76±2.99 8.00±1.15

Neighbor 5.59±3.49 1.00±0.00 3.67±0.29 1.00±0.00 4.83±0.17 12.17±2.53 13.00±0.00 13.57±3.38 10.71±1.28

Sachs 16.85±3.73 15.26±3.77 13.67±2.97 14.33±3.92 16.00±3.17 24.73±4.26 21.83±2.11 50.59±2.48 49.00±1.00

Supermarket 8.04±2.56 13.25±6.44 8.67±2.04 11.83±2.29 9.83±1.65 17.43±3.29 16.50±1.12 18.84±3.70 11.59±2.14

Table 4: SHD (↓) of the estimated causal orders with linear synthetic data. Best results are high-
lighted in gray.

Graph PC GES NOTEARS BOSS GRaSP GOBNILP Triplet MATS (Our)
MPDAG Causal Orders

Asia 8.80±1.78 8.75±1.48 15.83± 0.33 10.00±0.53 9.50±0.17 8.67±0.77 19.75±3.90 24.00±2.25 22.00±1.63

Cancer 2.67±0.47 4.00±0.00 6.83± 1.16 4.00±0.17 4.00±0.17 5.00±1.00 3.50±0.76 9.73±1.61 6.00±0.00

Climate 7.67±0.47 8.00±0.00 13.33± 0.40 8.50±0.17 8.33±0.00 8.00±0.00 24.00±0.00 21.20±1.60 20.80±1.60

Covid 1 0.00±0.00 2.00±0.00 2.67± 0.00 2.00±0.00 2.00±0.00 2.17±0.64 3.00±0.00 1.00±0.00 1.00±0.00

Covid 2 3.00±1.00 3.00±1.00 4.50± 0.40 3.17±0.00 3.17±0.00 3.25±1.18 6.33±0.94 3.00±0.00 3.00±0.00

Covid 3 3.00±0.00 5.00±0.00 5.17± 0.57 5.00±0.00 5.00±0.00 5.20±0.77 1.67±1.49 3.00±1.00 3.00±1.00

Covid 4 6.00±1.29 6.00±0.00 7.50± 0.44 5.83±0.27 5.83±0.27 6.00±0.67 5.50±1.12 4.00±0.00 4.00±0.00

Genetic 1.00±0.00 5.00±0.63 9.50± 0.94 5.00±0.17 5.00±0.17 5.80±1.46 10.00±0.00 12.20±1.40 12.40±0.80

MSU 2.50±0.50 6.00±0.63 7.67± 1.23 6.00±0.17 6.00±0.17 6.20±1.66 5.50±0.76 9.76±2.99 8.00±1.15

Neighbor 6.00±0.82 8.00±0.63 9.83± 0.89 8.17±0.17 8.17±0.17 9.00±1.15 13.00±0.00 13.57±3.38 10.71±1.28

Sachs 18.75±1.56 17.00±0.63 21.83± 1.21 18.83±1.16 18.33±1.35 17.00±2.16 21.83±2.11 50.59±2.48 49.00±1.00

Supermarket 11.00±0.00 13.50±1.50 15.20± 0.95 12.00±0.17 11.50±0.33 12.00±1.00 16.50±1.12 18.84±3.70 11.59±2.14

Table 5: SHD (↓) of the estimated causal orders with non-linear synthetic data. Best results are
highlighted in gray.
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Graph PC GES NOTEARS BOSS GRaSP GOBNILP Triplet + PC MATS + PC (Ours)

Asia 3.66±2.47 1.75±1.20 4.08±0.92 1.50±0.87 1.50±0.87 4.31±1.20 2.00±1.73 1.00±0.82

Cancer 0.00±0.00 0.00±0.00 0.83±0.12 0.00±0.00 0.00±0.00 2.00±0.86 0.17±0.37 0.00±0.00

Climate 0.14±0.35 1.67±3.13 1.83±0.17 0.00±0.00 0.83±0.50 4.42±1.21 2.00±0.00 0.50±0.87

Covid 1 0.00±0.00 0.00±0.00 0.25±0.08 0.00±0.00 0.17±0.14 1.00±0.74 1.00±0.00 0.00±0.00

Covid 2 0.50±0.50 0.50±0.50 1.08±0.49 0.50±0.50 0.50±0.50 1.67±0.88 1.67±0.47 0.00±0.00

Covid 3 0.50±0.50 1.62±1.41 0.75±0.42 1.25±0.42 1.17±0.75 2.64±1.25 0.00±0.00 0.88±0.60

Covid 4 1.00±0.73 1.03±0.72 2.25±0.67 1.00±0.71 1.00±0.71 3.49±1.49 0.83±0.37 0.17±0.37

Genetic 0.00±0.00 0.00±0.00 0.50±0.00 0.00±0.00 0.25±0.25 2.75±0.93 0.00±0.00 1.25±0.43

MSU 1.29±0.70 1.56±1.07 1.33±0.17 1.00±0.00 1.00±0.00 3.00±1.32 1.33±0.75 2.00±0.58

Neighbor 5.65±3.12 0.00±0.00 2.33±0.12 0.88±0.14 1.21±0.14 4.30±1.59 3.83±0.37 3.00±1.41

Sachs 9.83±3.17 10.02±3.12 8.77±1.73 7.38±1.97 8.42±1.61 9.31±2.57 5.83±2.73 5.00±1.22

Supermarket 6.38±2.63 9.11±3.64 4.31±1.30 5.12±1.19 4.21±0.88 6.49±1.83 6.67±0.47 1.50±1.32

Table 6: Dtop (↓) of the estimated causal graphs (obtained hybridizing MATS and Triplets with PC)
with linear synthetic data. Best results are highlighted in gray.

Graph PC GES NOTEARS BOSS GRaSP GOBNILP Triplet + PC MATS + PC (Our)
Asia 4.39±2.34 3.00±1.73 5.83±1.84 3.00±1.73 3.00±1.73 14.50±2.41 2.83±0.69 2.22±1.81

Cancer 0.00±0.00 0.00±0.00 1.00±0.24 0.00±0.00 0.00±0.00 7.50±1.72 4.20±0.40 0.33±0.47

Climate 0.44±0.68 1.56±2.95 2.00±0.33 0.00±0.00 2.50±1.01 12.83±2.33 2.00±0.00 1.25±1.64

Covid 1 0.00±0.00 0.00±0.00 0.33±0.17 0.00±0.00 0.50±0.27 2.33±1.49 3.50±1.12 0.00±0.00

Covid 2 1.00±1.00 1.00±1.00 1.67±0.97 1.00±1.00 1.00±1.00 3.67±1.76 1.00±1.83 0.17±0.37

Covid 3 1.00±1.00 3.25±2.82 1.17±0.83 1.00±1.00 2.33±1.51 5.33±2.28 4.33±2.36 1.88±1.05

Covid 4 2.00±1.35 2.14±1.57 3.17±1.10 2.00±1.41 2.00±1.41 6.50±2.24 0.83±0.37 0.67±0.75

Genetic 0.12±0.33 0.00±0.00 0.50±0.00 0.00±0.00 2.00±0.50 8.50±1.87 0.17±0.37 2.75±0.83

MSU 2.44±0.96 3.33±2.54 2.17±0.33 2.00±0.00 2.00±0.00 6.17±2.59 4.33±0.75 4.33±1.25

Neighbor 5.59±3.49 1.00±0.00 3.67±0.29 1.00±0.00 4.83±0.17 12.17±2.53 6.33±0.94 4.00±1.20

Sachs 16.85±3.73 15.26±3.77 13.67±2.97 14.33±3.92 16.00±3.17 24.73±4.26 13.67±1.89 11.75±1.92

Supermarket 8.04±2.56 13.25±6.44 8.67±2.04 11.83±2.29 9.83±1.65 17.43±3.29 8.67±1.70 3.47±2.12

Table 7: SHD (↓) of the estimated causal graphs (obtained hybridizing MATS and Triplets with PC)
with linear synthetic data. Best results are highlighted in gray.
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Graph
NOTEARS MATS (Our)

Linear Non-Linear MPDAG π
DAG CPDAG DAG CPDAG

Asia 0.75±0.97 4.08±0.92 7.40±1.50 6.06±0.36 2.87±1.81 1.22±1.03

Cancer 1.20±0.98 0.83±0.12 4.20±0.75 2.62±0.49 3.53±1.86 0.00±0.00

Climate 3.38±2.69 1.83±0.17 8.33±2.49 5.98±0.43 0.60±0.80 0.40±0.80

Covid 1 0.00±0.00 0.25±0.08 1.33±0.47 2.00±0.00 0.55±0.78 0.00±0.00

Covid 2 0.20±0.40 1.08±0.49 1.00±0.82 2.75±0.20 0.00±0.00 0.00±0.00

Covid 3 0.12±0.33 0.75±0.42 2.00±0.00 4.46±0.34 1.00±0.50 1.00±0.50

Covid 4 0.50±0.71 2.25±0.67 3.33±1.25 3.82±0.31 0.00±0.00 0.00±0.00

Genetic 1.00±1.73 0.50±0.00 3.00±1.41 2.90±0.73 1.10±0.70 1.20±0.40

MSU 0.00±0.00 1.33±0.17 2.67±1.89 4.74±0.71 3.22±1.73 2.00±0.58

Neighbor 1.62±1.58 2.33±0.12 5.33±2.05 5.65±0.54 5.96±2.64 4.89±2.42

Sachs 3.62±2.78 8.77±1.73 7.67±0.94 13.50±0.99 7.40±2.04 5.50±0.50

Supermarket 2.00±2.40 4.31±1.30 9.00±3.74 8.08±0.58 6.45±2.58 1.56±1.26

Table 8: Dtop (↓) comparing MATS to NOTEARS using linear and non-linear data. We display
both the Dtop associated with the DAG found by NOTEARS and the relative CPDAG.
Best results are highlighted in gray.

Graph
NOTEARS MATS (Our)

Linear Non-Linear MPDAG π
DAG CPDAG DAG CPDAG

Asia 2.50±1.58 5.83±1.84 13.40±1.96 15.83±0.33 24.00±2.25 22.00±1.63

Cancer 0.50±0.71 1.00±0.24 6.40±1.85 6.83±1.16 9.73±1.61 6.00±0.00

Climate 1.75±0.83 2.00±0.33 14.33±2.62 13.33±0.40 21.20±1.60 20.80±1.60

Covid 1 0.12±0.33 0.33±0.17 3.00±0.82 2.67±0.00 1.00±0.00 1.00±0.00

Covid 2 0.88±0.78 1.67±0.97 2.67±1.25 4.50±0.40 3.00±0.00 3.00±0.00

Covid 3 0.50±0.71 1.17±0.83 4.67±0.47 5.17±0.57 3.00±1.00 3.00±1.00

Covid 4 1.88±1.0 3.17±1.10 7.67±2.49 7.50±0.44 4.00±0.00 4.00±0.00

Genetic 0.62±0.86 0.50±0.00 7.67±2.49 9.50±0.94 12.20±1.40 12.40±0.80

MSU 2.00±0.71 2.17±0.33 7.00±4.24 7.67±1.23 9.76±2.99 8.00±1.15

Neighbor 2.62±1.32 3.67±0.29 10.33±2.05 9.83±0.89 13.57±3.38 10.71±1.28

Sachs 7.12±1.76 13.67±2.97 24.33±4.03 21.83±1.21 50.59±2.48 49.00±1.00

Supermarket 4.62±2.39 8.67±2.04 15.67±1.25 15.20±0.95 18.84±3.70 11.59±2.14

Table 9: SHD (↓) comparing MATS to NOTEARS using linear and non-linear data. We display
both the Dtop associated with the DAG found by NOTEARS and the relative CPDAG.
Best results are highlighted in gray.
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Graph gpt-4.1-nano mistral:7b llama3.1
Asia 0.00± 0.00 0.00± 0.00 2.00± 0.00

Cancer 0.00± 0.00 0.00± 0.00 2.00± 0.00

Climate 0.00± 0.00 0.00± 0.00 3.00± 0.00

Covid 1 0.00± 0.00 0.00± 0.00 0.00± 0.00

Covid 2 0.00± 0.00 0.00± 0.00 0.00± 0.00

Covid 3 0.50± 0.50 0.50± 0.50 0.00± 0.00

Covid 4 0.00± 0.00 0.00± 0.00 1.00± 0.00

Genetic 1.00± 0.00 1.00± 0.00 0.00± 0.00

MSU 1.00± 0.00 1.00± 0.00 1.00± 0.00

Neighbor 1.00± 0.00 - -
Sachs 0.50± 0.50 0.50± 0.50 13.00± 0.00

Supermarket 5.00± 0.00 5.00± 0.00 4.50± 0.00

Table 10: Best intraclass Dtop (↓) of MATS for causal orders using different LLMs. In gray best
performing method. ’-’ indicates that the method did not return a valid causal order.

Graph Nodes Edges
Asia 6 8 8
Cancer 7 5 4
Climate 8 8 8
Covid 1 9 3 2
Covid 2 10 4 5
Covid 3 11 4 3
Covid 4 12 4 6
Genetic 13 6 5
MSU 14 5 6
Neighborhood 15 5 8
Sachs 16 11 17
Supermarket 17 7 12

Table 11: Causal DAGs used in the experiments.

Appendix D. Prompts & Graphs
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RETRIEVING CLASSES OF CAUSAL ORDERS

Provide {n rephrase} rephrased versions of
the following sentence: {sentence}.
The rephrased sentences should preserve the
semantic meaning, even if absurd, of the
original one. The answers should be in the
following format:
1. rephrased sentence 1
2. rephrased sentence 2
3. rephrased sentence 3

Figure 4: Prompt used to query the LLM for rephrasing.

You are an expert in the field of {field}.
The task is to provide causal relationships
between variables. Keep your answers concise
and to the point.
Does {vari} cause {varj}?
(A) Yes
(B) No
Answer:

Figure 5: Prompt used to query the LLM for causal relationships.

Visiting Asia

Tuberculosis Lung Cancer

Either Tuberculosis or Lung Cancer Bronchitis

Smoker

X-ray Dyspnea

Figure 6: Asia causal DAG from bnlearn.

Pollution

Cancer

Smoking

X-ray Dyspnea

Figure 7: Cancer causal DAG from bnlearn.
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Temperature

Dew Point

Relative Humidity Transmission Rate Incidence Rate

Susceptible Population

Infected Population

Observed Incidence Rate

Figure 8: Climate causal DAG.

Age

App usage

COVID-19 infection

Figure 9: Covid 1 causal DAG.

Smoking

COVID-19 testing

COVID-19 severity

Healthcare worker

Figure 10: Covid 2 causal DAG.

ACE-inhibitors

Hospitalisation Death

Frailty

Figure 11: Covid 3 causal DAG.

Prevalence of diabetes

Infection hospitalization rateCOVID-19 incidence

Number of intensive

care beds per inhabi-

tant

Proportion of population over 60

Figure 12: Covid 4 causal DAG.

28



RETRIEVING CLASSES OF CAUSAL ORDERS

Gene FTO

Gene MC4R

Gene TMEM18

Gene GNPDA2

Fat mass

Bone mineral density

Figure 13: Genetic causal DAG.

Time to thrombolysisMobile stroke unit Functional outcome

Stroke severity Systolic blood pressure

Figure 14: MSU causal DAG.

Low neighborhood socioeconomic position

Lack of services

Exposure to high criminality levels

Reduced walking in one’s neighborhood

Low accessibility to green spaces

Proximity to polluting industry

Figure 15: Neighborhood causal DAG.
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PKC

PKA

Raf

Mek

ERK

Akt

Jnk p38

Plcg

PIP2

PIP3

Figure 16: Sachs causal DAG from bnlearn.

Neighborhood education and income

Education

Income Supermarket characteristics

Food preferences Purchased food

Weights status and adiposity

Figure 17: Supermarket causal DAG.
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