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Abstract

Causal graph recovery is essential in the field of
causal inference. Traditional methods are typi-
cally knowledge-based or statistical estimation-
based, which are limited by data collection bi-
ases and individuals’ knowledge about factors
affecting the relations between variables of in-
terests. The advance of large language models
(LLMs) provides opportunities to address these
problems. We propose a novel method that uti-
lizes the extensive knowledge contained within
a large corpus of scientific literature to deduce
causal relationships in general causal graph re-
covery tasks. This method leverages Retrieval
Augmented-Generation (RAG) based LLMs to
systematically analyze and extract pertinent in-
formation from a comprehensive collection of
research papers. Our method first retrieves rele-
vant text chunks from the aggregated literature.
Then, the LLM is tasked with identifying and
labelling potential associations between factors.
Finally, we give a method to aggregate the asso-
ciational relationships to build a causal graph.
We demonstrate our method is able to construct
high quality causal graphs on the well-known
SACHS dataset solely from literature.

1 Introduction

Estimating causal effect between variables from
observational data is fundamental to problems in
many domains including medical science (Hofler,
2005), social science (Angrist et al., 1996), and
economics (Imbens and Rubin, 2015; Yao et al.,
2021). It enables reliable decision-making from
complex data with entangled associations.

There are two main frameworks for causal in-
ference: the potential outcome framework (Ru-
bin, 1974) and the structural causal model
(SCM) (Pearl, 1995). Directed Graphical Causal
Models (DGCMs) (Pearl, 2000; Spirtes et al., 2001)
is a powerful SCM method for representing and
analyzing the causal relationships among factors.

Causal graphs, which are integral to DGCMs, vi-
sually depict the hypothesized causal connections
between nodes (factors) with directed edges.

Causal graph recovery (Spirtes and Glymour,
1991) usually seeks information from domain
knowledge or data to uncover the structure of
causal graphs. The task is often done through
Causal Discovery (CD) (Glymour et al., 2019)
methods using a statistical estimation-based ap-
proach through observational data analysis when
interventions or randomized experiments are not
viable. Various algorithms along this line (Spirtes
et al., 2001; Chickering, 2002; Shimizu et al., 2006;
Sanchez-Romero et al., 2018) utilize statistical tests
to assess associational relationships between fac-
tors as evidence to infer causal connections. Con-
sequently, the reliability of these algorithms is af-
fected by the quality of data, which can be compro-
mised by issues such as measurement error (Zhang
et al., 2017) and selection bias (Bareinboim et al.,
2014). Furthermore, the unmeasured confounders
and assumptions underlying the construction of
causal models, such as the Gaussian data distribu-
tions, may not reflect the complexity of real-world
scenarios. These shortcomings contribute to the
susceptibility of CD methods to biases arising from
both the data collection process and the model as-
sumptions, underscoring the need for careful con-
sideration and validation of the methods used in
causal inference.

Recently, to mitigate the limitations of data qual-
ity in statistical estimation-based causal graph re-
covery tasks, Large Language Models (LLMs)
(Zhao et al., 2023) have been employed for causal
graph recovery (Zhou et al., 2023) in two main
ways: directly outputting causal graphs or assisting
in refining causal graphs generated by statistical
or ML-based solutions. A straightforward method
directly queries LLMs about every possible pair
of factors (Choi et al., 2022; Long et al., 2022;
Kiciman et al., 2023) to recover causal graphs. To



solve the high complexity issue, Jiralerspong et al.
(2024) proposed a breadth-first search approach
to reduce the number of required queries. How-
ever, such methods require LLMs to have extensive
background knowledge and robust causal reason-
ing skills, which are still being critically assessed
(Zecevic et al., 2023). Alternatively, Vashishtha
et al. (2023); Ban et al. (2023) employ LLMs
to inject domain causal knowledge into statistical
estimation-based methods, yet similar issues exist
with these methods.

To address these challenges, we propose to re-
cover causal connections by information extracted
from a knowledge base containing related lit-
erature that contains valuable insight hidden in
datasets about associational/causal relationships
among variables. By leveraging LLMs to accom-
plish the information extraction from large docu-
ment databases, we introduce the LLM Assisted
Causal Recovery (LACR) method, which harnesses
the collective insights from a large corpus of scien-
tific literature. Instead of relying on LLMs’ causal
reasoning capability, our approach leverages the
Retrieval Augmented Generation (RAG) (Lewis
et al., 2020; Borgeaud et al., 2022) of LLMs to sys-
tematically analyze and extract relevant informa-
tion from a comprehensive collection of research
papers. Since the quality of the causal relationships
existing in the literature varies, we utilize LLMs to
extract associational relationships from related sci-
entific literature, which are further used to induce
causal relationships. Moreover, LACR is purely
data-driven: we do not rely on task-specific knowl-
edge for document retrieval or prompt design, and
therefore, it can serve as a causal graph recovery
tool for generic tasks.

LACR first retrieves relevant text chunks from
the aggregated literature, and then, the LLM is
tasked with identifying and reasoning the associa-
tional relationships between factors. Subsequently,
we construct a causal graph where each node is a
factor and each edge represents a causal connec-
tion between two factors. The causal connection is
derived from associations identified by the LLM.

This methodology provides a more structured
and less biased approach to inferring causal rela-
tionships, as it is grounded in a broader evidentiary
base and subject to systematic validation. The ro-
bustness of our solution is further enhanced by the
selection of a compatible knowledge base to the
LLM that reduces the uncertainty of associational
relation extraction from the LLM.

In summary, LACR shows a significant advance-
ment in the causal graph recovery tasks, offering a
method that is both grounded in scientific evidence
and less susceptible to the biases that have histori-
cally challenged this area of research. We validate
our method against the well-established SACHS
dataset (Sachs et al., 2005) and conduct a compar-
ative analysis with existing statistical estimation-
based CD algorithms, demonstrating its efficacy in
general causal graph recovery tasks.

Our Contributions:

e We introduce a novel LLM-based causal graph
recovery framework that leverages the extraction of
associational relations from the scientific literature
to reduce the bias inherent in traditional statistical
estimation-based causal graph recovery methods.
e We give a generic LLM prompt structure to ex-
tract associational relations without relying on do-
main knowledge, instead, the domain knowledge
is dynamically retrieved through RAG to form
the context of LLM queries. We also apply self-
consistency techniques when prompting the LLM
to reduce the uncertainty in causal graph recovery.
e We conduct a comprehensive experimental evalu-
ation of our framework using a real-world dataset
under various parameter settings. Our approach
outperforms baselines in terms of accuracy and re-
liability. Based on these experimental results, we
offer insights and discuss potential strategies for
further enhancing the efficacy of our solution.

2 Background

In this section, we introduce the preliminaries of
the directed graphical causal models (DGCM) and
causal graph recovery problems.

2.1 Directed Graphical Causal Models

A Directed Graphical Causal Model (DGCM) is
atuple M = (G, P). In the model, G = (V, E)
is a Directed Acyclic Graph (DAG), also known
as a causal graph, where the set of nodes V' =
{v1,--- ,v,} represents random variables (with
V| = n), and E C {(v;,vj) | v;,v; € V}is
a set of directed edges that encode causal rela-
tionships. The joint probability distribution of all
variables is denoted by P. Given a directed graph
G,letl = (vj,,vj,, - ,vj, ) denote a path, which
is a sequence of distinct nodes, such that for each
i € 1,2,---,m— 1, either (v;;,v;,,,) € E or
(vjis1,vj;) € K. The subscript i is the position of
the node within ¢, and m is the length of £.



Constraints of causal graphs. A causal graph
subjects to a series of constraints. Especially, the
directed edges specify the causal relationships be-
tween variables. Given v;,v; € V, if (v;,v;) € E,
v; 18 a direct cause of v;. That is, fixing the other
variables constant, varying the value of v; triggers
a change of v;’s value correspondingly, but not
vice versa. This causal relationship thus entails the
associational relationship between the variables,
i.e., their marginal probability distributions P(v;)
and P(v;) are correlated, which does not have the
direction attribute. Notice that two variables can
be associated even though they do not have direct
causal relationship between each other. Typical ex-
amples are that the two variables have an indirect
causal relationship through other variables, or they
share the same parent node in G, which is usually
called confounding in causal inference.

The structure of a causal graph should imply a
conditional associational relationship between vari-
ables by a graphical constraint called d-separation
(Pearl, 2000).

Definition 2.1 (d-separation) A set of variables
S C V blocks a path € if (i) £ contains at least one
arrow-emitting variable belonging to S, or (ii) £
contains at least one collision variable (v; is a colli-
sion variable if (vj,_,,vj,), (vj, ., vj,) € E, where
Vj,_1,Vj;, and vj,, | are three adjacent nodes on {)
that does not belong to S and has no descendant
belonging to S. If S blocks all paths from variable
v; to variable vj, S is said to d-separate v; and v;.
Then, v; and v; are independent conditioned on S.

Assumptions of causal graphs The Markov
property of the causal graph interprets that d-
separation in causal graphs indicates conditional
independence between variables. This is a necessary
assumption based on which the DGCM works.

Assumption 2.2 (Causal Markov Assumption)
In each DGCM, each variable is independent of its
non-descendants conditioned on its parents in the
causal graph.

Practically, the joint probability distribution may
contain additional independent information that is
not induced by the d-separation constraints. Due
to the sake of DGCM’s validation, we assume that
there is no such additional independency informa-
tion, formalized as the following assumption.

independence other than those entailed by the
d-separation.

3 Methodology

Based on the above definitions of causal graphs,
we are ready to introduce our solution. Tradi-
tional data-driven methodologies for causal graph
recovery typically hinge on statistical estimation-
based approaches. Based on Assumption 2.2 and
Assumption 2.3, for each variable pair, such ap-
proaches rely on data to search variable sets that
can d-separate (Definition 2.1) the pair, or in other
words, whether the association between the pair
can be blocked by other variables, to recover causal
connections. However, they face challenges due to
strict assumptions, data demands, and biases from
confounding and measurement errors. These issues
can compromise the accuracy of inferred causal
relationships. To address these challenges, in this
section, we propose the LLM Assisted Causal Dis-
covery (LACR) method, leveraging a vast array of
research literature to overcome the limitations of
individual studies. LACR integrates diverse evi-
dence and methodologies to verify the blockability
of the association between each pair of variables,
to form a more reliable causal graph.

In the following, we first introduce how to ex-
tract associational relationships from the literature
and then verify the blockability of the extracted
associational relationships to induce causal rela-
tionships.

3.1 Extract Association

With the above target to extract the association be-
tween each variable pair indicated in documents
and verify its blockability, we instruct LLM to ver-
ify not only whether each pair of variables are as-
sociated, but also the association type that has dif-
ferent blokability. By the intuition of d-separation,
we divide the association between two variables v;
and v; into the following three types:

1. Independent: The absence of reported associa-
tions in the literature, or evidence of non-existence
of association implies independence between the
two variables.

2. Indirect Associated: A reported association
which is triggered or linked by other variables in
the literature implies indirect association between
the two variables.

Assumption 2.3 (Causal Faithfulness Assumption) 3. Direct Associated: A reported association that

In each DGCM, there is no additional conditional

always exist even though we control any other vari-



ables constant in the literature implies direct asso-
ciation between the two variables.

We then design an association context (see the
original prompt in Appendix A.6) as part of the
query prompt for the LLM to understand the in-
tuition of each of the above association types, as
well as their common representation in the litera-
ture. Thereafter, for each pair of variables v; and v;,
we let LLM to read each retrieved document ¢ (see
Section 3.3.1 for details of document retrieval), and
verify the association between v; and v; (denoted
by R;;) (see Section 3.3.2 for details of querying
LLM) as one of the following options and give
additional information when applicable:

1. Independent: Chunk c suggests that v; and v;
are independent. We denote this association type
as R, =1).

2. Indirectly Associated: Chunk c suggests that
v; and v; are indirectly associated through one or
more intermediary variables. When LLM selects
this option, it is also instructed to give a list of the
intermediary variables I N'T". This association type
is denoted as R, = IA(INT).

3. Directly Associated: Chunk c suggests that v;
and v; are directly associated, denoted as I2. = A.
4. Unknown: Chunk c does not provide clear infor-
mation about the relationship, denoted as R. = U.

3.2 From Association To Causation:
Causation Verification

Now, we are ready to recover the edges of the
causal graph. Based on Assumption 2.2 and As-
sumption 2.3, we can induce that there is a causal
link between a pair of variables if not all association
between the pair can be blocked by other variables
(Definition 2.1). Apparently, each association type
that we defined in Section 3.1 has a deterministic
blokability. Independence indicates that no associ-
ation exists, or equivalently in terms of blokability,
it indicates any association between the pair can
be blocked. Indirect association and direct associa-
tion indicate that the extracted association can be
blocked and cannot be blocked, respectively.

Notice that direct association and independence
are two conflicting association types in terms of
blockability, but indirect association is not. There-
fore, we use a voting process (Algorithm 1) to
aggregate all chunks’ opinions for each variable
pair and decide the existence of a causal link.

As we do not consider the causal direction in
Algorithm 1, each pair of variables are symmetric,

Algorithm 1 Causation Existence Verification

I: G+ (V,E)where E =10
2: for (vs,v;) € V x V where i # j do

3:  chunks < ChunkRetrieval((vi,v;))

4: le <+~ 0; countij +~— 0

5: for all ¢ € chunks do

6: if R. =1 then

7: dij = dij — 1; count;j = countij + 1
8: if R. = A then

9: dij = dij + 1; count;; = count;j + 1
10: if R = IA(INT) and [INT| == 1 then
11: Uy <— INT

12: d; = din + 1; count;n, = count;n + 1
13: dnj = dnj + 1; countn; = countpj + 1

14: for (vi,v;) € V x V where i # j do
15:  if di; > 0 and count;; >= 3 then
16: E%EU{(UZ‘,UJ)}

17: return G =0

i.e., for v;,v;, d;j = dj; and count;; = countj;.
For each variable pair, we first retrieve a limited
number of the most relevant chunks by function
ChunkRetrieval (Line 3, see function details in
Section 3.3.1). Then, if the chunk’s opinion is
independent, it casts ballot —1, i.e., the associa-
tion is blockable, in terms of the existence of a
causal link between the pair (Lines 6-7); and if di-
rect association, it casts 41, i.e., the association is
non-blockable, (Lines 8-9). If the chunk indicates
indirect association and there is only one intermedi-
ary variable v, it indicates that each of the pair of
variables has a direct association with the interme-
diary! , and thus, it casts +1 for both pairs (v;, v,,)
and (vp,v;) (Lines 10-13). We show more details
of querying LLM association types in Section 3.3.2.
Finally, we build an edge for each pair if the ma-
jority of chunks are supporting the non-blockable
association and there are more than 3 chunks pro-
viding evidence? (Lines 14-16). Notice that the
final decision is slightly biased towards —1, since
the condition that direct association holds is strict.

3.3 Method Details
3.3.1 ChunkRetrival in Algorithm 1

Document Pool Construction. The Chunk Re-
trieval comprises two main steps: 1) an extensive
scientific paper search to create a comprehensive
paper pool; and 2) the chunk pool construction by

"Note that we only use such auxiliary association when
there is only one intermediary variable in the extracted indi-
rect association. When there is more than one intermediary
variable, the indirect association linkage is too complex to
verify by LLM.

’In collective decision-making theory (Grofman et al.,
1983), the decision quality tends to be higher when more
voters’ opinion is aggregated.



chunking papers and filtering relevant chunks for
efficient retrieval. Details are as follows:

1. We conduct a thorough search for each pair of
variables v;, v; € V in public databases using the
query "[the name of v;] and [the name of v;]" to
compile a paper pool that encompasses a broad
spectrum of research findings, aiming to reduce
data bias.

2. Papers are divided into chunks, which are then
filtered to retain only those containing at least two
variables’ names, ensuring relevance to our queries.
These chunks are stored in a vector database to
facilitate efficient retrieval for large variable sets.
This ready-to-use vector store can enhance the effi-
ciency of the following pairwise queries, especially
when |V| is large.

Chunk Selection. For each variable pair v; and
v;, we query the LLM with "Are [the name of v;]
and [the name of v;] associated?" using a subset of
documents from our chunk pool. We employ an en-
semble retriever that combines keyword-based and
semantic-based methods to identify the most rele-
vant chunks for each query. Chunks are ranked
using the weighted reciprocal rank fusion algo-
rithm, and we select a predetermined number of top
chunks for further analysis. To ensure relevance,
we discard any chunks that do not contain both vari-
ables in the query. This retrieval process is crucial
for identifying chunks that provide evidence for the
associational relationships between variable pairs

3.3.2 Query LLM

After retrieving the most relevant chunks from the
chunk pool, we are ready to query LLM the as-
sociational relationship between the variable pair
based on each retrieved document. As mentioned
in Section 3.1, LLM needs to infer the relation-
ship from one of four options. Specifically, LLM
is tasked to recongnize the association type of
pairs based on either LLM’s background knowl-
edge (background-based), or the retrieved docu-
ments (document-based) by the following steps:
Step 1. For each query based on either information
resource, we ask LLM to first read the [association
context] with a general [example] (see prompt and
example details in Appendix A.6) to make LLM
understand the intuition and typical representation
of each association type defined in Section 3.1.

Step 2. For document-based queries, we ask LLM
to read one of the [retrieved documents], but for
background-based queries, we ask LLM to refer to

its training data.

Step 3. Based on the above context, we ask LLM
a question: “Are v; and v; associated? If yes, are
they directly associated or indirectly associated?”,
explain the reason, and specify the evidence shown
in the document for document-based queries.
Step 4. We ask LLM to read its answer, explana-
tion, and evidence, to ensure that its answer aligns
with the [association context].

Step 5. We ask LLM to choose the final answer
from “direct association”, “indirect association”,
and “independent”. If the answer is “indirect as-
sociation”, we ask LLM to list all intermediary
variables that give rise to the association.

3.4 Causation Orientation

Now, we have linked each pair of variables that has
a causal relationship, and hereby, we will decide
the direction of each recovered causal link. For
each variable pair v; and v;, we use a similar strat-
egy for the orienting process in the following steps:
Step 1. We ask LM to read the [causal direction
context] (see details in Appendix A.6) to make
LLM understand the intuition of causal direction.
Step 2. For document-based queries, we ask LLM
to read one of the [retrieved documents], but for
background-based queries, we ask LLM to refer to
its training data.

Step 3. Based on the above context, we let LLM
answer the question: “Is v; a cause of v;, or v;
a cause of v;?", explain the reason, and specify
the evidence shown in the document for document-
based queries.

Step 4. We ask LLM to read its answer, explana-
tion, and evidence, to ensure that its answer aligns
with the [causal direction context].

Step 5. Ask LLM to choose the final answer from
“v; is a cause of v;” and “v; is a cause of v;”.

For each edge, we aggregate each chunk’s opin-
ion (v; — vj; or v; <= v;) by a similar strategy in
Algorithm 1, and decide the direction of each edge.

4 Experiments

In this section, we first introduce the ground truth
datasets and how we collect three research litera-
ture pools. Then we introduce the settings of our
solution and baselines. Finally, we evaluate the
pruning and orienting results, respectively.



4.1 Experiment Data
4.1.1 Ground Truth Datasets

In our study, we conducted experiments utilizing
two ground truth causal graphs, SACHS and BI-
OLOGIST, representing causal protein-signaling
networks derived from Sachs et al. (2005). SACHS
was constructed by incorporating biological do-
main knowledge to revise the causal graph output
by the application of Bayesian network analysis
to multivariate flow cytometry data. BIOLOGIST
corresponds to a consensus causal graph, which is
widely accepted by the biological research commu-
nity as a current representation of protein-signaling
interactions. Both of them contain the same 11
variables (proteins).

4.1.2 Research Literature Pools

In our experiment, we prepare three paper pools,
namely the PubMed, the Sachs, and the Full, for
our solution LACR.

1. PubMed (P): We collected 340 abstracts and
177 full papers from official APIs of the medical
science research database PubMed (PubMed) and
PubMed Central (Central).

2. Sachs (S): The papers in this pool are manually
downloaded. A part of the papers are the refer-
ence papers of (Sachs et al., 2005). However, the
reference papers cannot cover all variables in V,
and hence, we manually search and download ad-
ditional papers to cover all variables in V. In total,
this pool contains 38 papers, and half of them are
the reference papers of (Sachs et al., 2005).

3. Full (F): To construct this paper pool, for each
pair of variables v;,v; € V, we search “v; and v;’
on PubMed, and manually download the top 5 En-
glish papers. Note that there might be overlapped
papers in the search results of different variable
pairs, and thus the total number of papers is fewer
than 275.

Notice that Sachs may present selection bias in
the paper retrieving process. However, this does
not necessarily do harm to our result, since this
kind of paper pool can be seen as a systematic
literature review, which represents the state of the
art of the task. We may reduce the noise of the
input for LACR by using such paper pools.

>

4.2 Our Solution

LLM and Embedding. LLM we use is Google’s
Gemini Pro. The ensemble retriever is constructed
based on two distinct text representation models

with equal weighting: BGE (Xiao et al., 2023) for
the dense representation, and Okapi BM25 (Robert-
son et al., 2009) for the sparse representation. The
embedded chunks were stored and indexed in a
Chroma vector store. We set the chunk sizes of
1000 tokens with overlapping sizes of 150 tokens.

Query strategies. We use two strategies to query
LLM the association types:

1. Single query (SQ): For each chunk, we only
query LLM once, with setting the temperature to 0.
2. Multiple queries (MQ): We set LLM’s temper-
ature to 0.2 to allow a mild level of randomness.
Then, for each chunk, we first query LLM three
times, and select the association type with the most
support. If there is a tie, we conduct one more
query until the tie is broken. If the final decision is
an indirect association, we only list the intermedi-
ary variables that are at least extracted twice. This
technique enables self-consistency check (Wang
et al., 2022) for uncertain reduction.

Compared Methods. We compare LACR with
two statistic-based CD methods, Sachs and FASK.

LACR has adjustable implementation by the
combination of three distinct literature pools (P,
S, and F), and two query strategies (MQ and
SQ). We denote a specific implementation as
"Pools(Aggregation)." For example, P(S) employs
literature pool P with the single query aggrega-
tion method, whereas F+P+S(M) represents a com-
prehensive LACR configuration that integrates all
three literature pools and utilizes the multiple
queries aggregation method.

Sachs ((Sachs et al., 2005)) employs a Bayesian
optimization to process 5400 data records for the
11 variables in V, by iterating the optimization for
500 DAGs. They include edges that appear in at
least 85% DAGs.

The FASK method, detailed in (Ramsey and
Andrews, 2018), implements the Fast Adjacency
Skewness (FASK) algorithm (Sanchez-Romero
et al., 2018) to process a larger dataset contain-
ing 7,466 records, which includes nine additional
variables, referred to as interventional variables).
Due to the inability to replicate the exact results
from from (Ramsey and Andrews, 2018), we illus-
trate the result of our implementation as "FASK",
and the original result reported from (Ramsey and
Andrews, 2018) as "FASK(report)."

Evaluation Metrics We separately measure the
performances of the pruning and the orienting, by



Model SACHS BIOLOGIST
AP(%) | AR(%) | F1(%) | AP(%) | AR(%) | F1(%)
Sachs 88.24 | 8333 | 85.71 | 64.71 | 73.33 | 68.75
FASK 64.71 | 61.11 62.86 | 47.06 | 53.33 |50
FASK(report) | 66.67 | 77.78 71.8 47.62 | 66.67 55.56
P(SQ) 3784 | 77.78 | 5091 |37.84 | 9333 | 53.85
P(MQ) 81.25 | 7222 | 7647 | 81.25 | 86.67 | 83.87
P+S(SQ) 52 7222 | 6046 |52 86.67 | 65
P+S(MQ) 83.33 | 5556 | 66.67 | 83.33 | 66.67 | 74.07
F(SQ) 46.67 | 38.89 | 4243 | 46.67 | 46.67 | 46.67
F(MQ) 5217 | 66.67 | 58.54 | 54.55 | 80 64.87
F+P+S(SQ) 52.63 | 5556 | 54.06 |52.63 | 66.67 | 58.82
F+P+S(MQ) | 43.75 | 77.78 | 56 4375 | 93.33 | 59.57

Table 1: Comparative analysis of causal graph recov-
ery. Overall highest performances and LACR’s highest
performances are emphasized in bold.

Model SACHS | BIOLOGIST
Sachs 5 10
FASK 13 16
FASK(report) | 11 16
P(SQ) 27 24
P(MQ) 8 5
P+S(SQ) 17 14
P+S(MQ) 10 7
F(SQ) 19 16
FMQ) 17 14
F+P+S(SQ) 17 14
F+P+S(MQ) | 22 19

Table 2: Comparison of the total number of different
edges in causal graph recovery. The overall lowest DE
is emphasized in bold, and the second lowest DE is
emphasised with an underline.

using the same metrics in (Ramsey and Andrews,
2018). In the pruning process, we count the true
positive (TP) as the number of edges that are in
both the evaluated graph and the ground truth graph.
Similarly, we assess false positives (FP), true neg-
atives (TN), and false negatives (FN). Then, we

calculate adjacency precision (AP) as %flzp and

adjacency recall (AR) as TP-TFN , reflecting the ac-

curacy and completeness of edge recovery, respec-
tively. Additionally, we measure the number of
different edges (DE), given by FP 4 FN, to quan-
tify the total error in edge identification.

Then, for the orienting process, we use the ori-
entation accuracy, i.e., the proportion of correctly
oriented edges among all successfully recovered
edges, to measure orientation performance.

4.3 Evaluation

4.3.1 Causation Existence Verification

In this section, we compare the experimental results
of various CD methods against two types of ground
truth datasets and illustrate the result in Table 1.

To Sachs’ truth (SACHS). From the experimen-
tal results with SACHS ground truth, we have four
observations. First, Sachs’s method achieves the

highest performance in AP, AR and F1, with val-
ues of 88.24%, 83.33% and 85.71%, respectively,
which may be attributed to the method’s optimiza-
tion process being tailored to the characteristics of
the dataset it was originally designed to analyze.

Second, our solutions utilizing MQ consistently
outperform SQ counterparts in F1. This suggests
that aggregating information from multiple queries
can lead to more robust decision-making, as it al-
lows for the integration of diverse perspectives and
reduces the likelihood of relying on potentially
anomalous results from a single query.

Third, a large literature pool does not necessarily
provide a better performance. In fact, the opposite
is often true. A possible reason is that the PubMed
pool is classical and was used in the training of
LLMs, which provides LLMs with a better under-
standing. Consequently, the model may be better
equipped to extract relevant information and make
accurate predictions when drawing from this famil-
iar dataset.

Last, P(M) stands out with the best performance,
surpassing all other baselines except for the Sachs
method. This superior performance can potentially
be attributed to the aforementioned familiarity of
the language model with the PubMed pool, and
MQ further enhances this success by increasing the
chances of generating correct answers.

To biological truth (BIOLOGIST). In this part,
we evaluate the experimental result using the BI-
OLOGIST causal graph as the ground truth. We
have the following observations.

First, in terms of the F1 score, P(MQ) demon-
strates a significant advantage over the three base-
line methods, outperforming them by margins of
22%, 67%, and 51%, respectively. The consistent
outperformance of P(MQ) suggests that the com-
bination of a well-curated literature pool and the
multiple queries strategy is highly effective in ac-
curately capturing causal relationships as validated
by both computational and biological expertise.

Second, the multiple queries (MQ) strategy out-
performs their single query (SQ) counterparts by
an average of 25.8%. It implies that extracting in-
formation from various sources is a more accurate
and reliable causal model.

Thirdly, our method exhibits improvements on
the BIOLOGIST ground truth. In contrast, all base-
line methods experience a decline in performance.
It shows that, by leveraging the aggregated knowl-
edge, our solutions are better positioned to align



with the expert understanding of causal relation-
ships, leading to enhanced performance compared
to baselines that may not utilize such a knowledge-
driven framework.

4.3.2 Orienting Evaluation (BIOLOGIST)

With each of the above generated undirected graphs
(the pool and query strategy used to generate each
undirected graph is specified in column “Model” in
Table 3), we ask LLM to orient each edge based on
retrieved chunks from different pool combinations
with the (MQ) strategy. We present the experimen-
tal results against the BIOLOGIST causal graph.
Additional results are provided in Appendix A.4.
We have the following observations.

First, the P(MQ) model stands out with the high-
est F1 score of 77.52% among all methods com-
pared. Second, consistent with the trend observed
in the undirected graph results, the performance
metrics based on the BIOLOGIST ground truth are,
on average, better than those based on the SACHS
ground truth. This improvement suggests that our
methods are more closely aligned with the expert
knowledge and consensus represented in the BIOL-
OGIST dataset, which may contribute to enhanced
performance. Lastly, when comparing the perfor-
mance across the three literature pools, we find that
all three exhibit similar effectiveness in guiding the
LLMs to predict edge orientations. However, the
pool combining P+S shows a slight edge, outper-
forming the other two pools by approximately 10%.
It might be due to the complementary strengths of
the combined literature sources. Together they pro-
vide a more holistic view of the domain knowledge
required for causal inference.

4.4 Discussion

Why does a larger literature pool have negative
impact on performance? The negative impact
of a larger literature pool on model performance is
likely due to the following: Firstly, LLMs are often
trained on well-known datasets such as PubMed,
leading to better locating of information when para-
graphs from these sources are used as the context.
Other manually curated pools may contain papers
not seen in model training, which results in higher
uncertainty in relation extraction. Secondly, our
approach incorporates the latest chemical and bio-
logical research, which might include findings not
present in the SACHS and BIOLOGIST datasets,
which are dated back to 2005.

Model Pool Precision(%) | Recall(%) | F1(%)
Sachs 64.71 73.33 68.75
FASK - 47.06 53.33 50.00
FASK (report) 47.62 66.67 55.56
P(SQ) 31.03 60.00 40.91
PMQ) 71.43 66.67 68.97
P+S(SQ) P 45.45 66.67 54.05
P+S(MQ) 75.00 60.00 66.67
P+S+F(SQ) 46.15 40.00 42.86
P+S+F(MQ) 40.74 73.33 52.38
P(SQ) 37.93 73.33 50.00
PMQ) 75.00 80.00 77.42
P+S(SQ) P4S 45.83 73.33 56.41
P+S(MQ) 75.00 60.00 66.67
P+S+F(SQ) 50.00 53.33 51.61
P+S+F(MQ) 46.15 80.00 58.54
P(SQ) 37.93 73.33 50.00
PMQ) 75.00 80.00 77.42
P+S(SQ) 42.11 53.33 47.06
PrS(MQ) PHSHE =% 1667 5833
P+S+F(SQ) 53.33 53.33 53.33
P+S+F(MQ) 39.29 73.33 51.16

Table 3: Comparative analysis of the performance in
orienting predictions using the BIOLOGIST ground
truth for evaluation.

5 Limitations

The first limitation is the dependency on the LLM,
especially the relation extraction. While our results
are promising, the performance of LACR could
potentially be enhanced by further fine-tuning the
LLMs with a comprehensive paper pool(Wadhwa
et al., 2023). Another limitation is the method for
orienting causal connections. In our current ap-
proach, we solely rely on the LLM for orientation.
The reliability of this process could be improved
by integrating established CD algorithms, such as
the PC algorithm (Spirtes et al., 2001), to analyze
the associational relations extracted by the LLM.

6 Conclusion

In this work, we introduced the LLM Assisted
Causal Recovery (LACR) method for causal graph
recovery. By integrating the LLM and scientific
literature pools, LACR has shown a potential to
overcome the limitations inherent in traditional sta-
tistical estimation-based methodologies. We con-
ducted experiments using real-world data against
two broad consensus causal graphs. LACR not
only showed its superiority in both graphs but
particularly outperformed all baseline statistical
estimation-based methods in the consensus graphs
validated by domain experts. This demonstrated
that by enhancing LLLMs with relevant literature,
LACR can achieve the causal reasoning capability
comparable to that of experts in this field.
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A Appendix

A.1 A Motivation for LACR: Selection Bias in
CD Methods

Average treatment effect Average treatment ef-
fect (ATE) is a frequently used measure of causa-
tion between two variables, the treatment T € V
and the outcome Y € V. Hereby, we consider
binary treatment and outcome, i.e., ' € {0,1}
and Y = {0, 1}. Intuitively, 7" = 1 or O indicates
whether treatment is administered or not, and sim-
ilarly, Y = 1 or O indicates whether an effect is
observed or not. Given a causal graph, to obtain an
appropriate ATE, we need to balance the effect of
covariates on both the treatment and the outcome.
The following Back-door criterion (Pearl, 2000)
can be used to select such a set of covariates.

Definition A.1 (Back-door path) Given G
(V, E), a back-door path t, fromT € VoY € V
is a path b, = (T,v;,, - ,v;,,Y) that satisfies
(Uil , T) e k.

A set S of variables is admissible to obtain an
appropriate ATE if the following conditions hold:
1) No element of S is a descendant of the treatment;
and 2) The elements of S block all “back-door”
paths from the treatment to the outcome, i.e., all
paths that end with an arrow pointing to the treat-
ment.

Definition A.2 (Back-door criterion) Given

G = (V,E), a set S C V satisfies the back-door
criterion relative to a pair of variables (T, Y) € V
if: (1) Yv € S,visnot adescendant of T; (2) S
blocks every back-door path £y, from T to'Y .

Then, for a set of covariates S = {s1,---, sx}
that satisfies the back-door criterion, we have that
the ATE is:

ATE = Y P(s1,-+ )
S1, Sk
(P(Y: 1 | 81y 7Sk7dO(T: 1))
_P(Y: 1 | S1y, >3k7d0(T:0))>

)

where do(T') is intervention operator, i.e., enforce
T to be a specific value.

As follows, we show an example of data-driven
methods’ vulnerability to a type of data bias, the
so-called selection bias (Bareinboim et al., 2014).

Example A.3 Consider that we would like to in-
vestigate whether human gender (G € {0,1}) is
a cause of positive detection of a disease (D €
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Figure 1: Causal graphs in Example A.3: left-the truth
causal graph; right-recovered causal graph by the biased
data.

{0,1}), where human age (A € Z>o) is a covari-
ate. Let pc, pa, and pp be the probability distribu-
tion of G, A, and D, respectively, and assume that
the true causal graph of X, Y, and Z is depicted
as the left figure in Figure 1.

Generally speaking, human age and gender is
associated because female has a longer average
lifespan. Assume that this association is only signif-
icant for A > 60, i.e., for the younger population
than 60 years old, we cannot observe significant
difference between the population of male and fe-
male.

Now we need to estimate the ATE of G on D by
a dataset D, where in each sample of D, the value
of A is fewer than 60. Then, by statistical test, we
have that G and A are statistically independent
from each other. Therefore, the recovered causal
graph is depicted as the right figure in Figure 1.

Then, by dataset D, we estimate the ATE of G
on D based on the biased causal graph as

ATE =P(d=1|do(g =1))—

P(d=1|do(g =0)). @

However, based on the true causal graph, we
should estimate the ATE of G on D as

ATE" =" p(a)(P(d=1|a,do(g = 1)) 5
—P(d=11]a,do(g =0))).

We usually yield different values by Equation 2 and
Equation 3.

A.2 An Example of Inducing Association
From A Causal Graph

Based on Assumption 2.2 and Assumption 2.3,
given a causal graph, for each pair of factors
v;, v; € V, we can induce their associational rela-
tion (conditioned on other factors) as follows.

For factors v; and v;:

1. if there is no undirected path between them, then,
they are statistically independent;

2. if there is only an undirected path between them



Figure 2: The causal graph of A, B, C, D and FE in
Example A.4.

and there is at least one collider on the path, then,
the two factors are statistically independent;
3. if there is least one undirected path between
them, and no node on the path is a collider, then,
the two factors are statistically associated;
4. there is an edge between them if and only if
they are statistically associated conditioned on any
factor set S C V' \ {v;,v;}.

We illustrate the above associational relation in
Example A .4.

Example A.4 Consider 5 variables of which the
causal graph is given in Figure 2.

There are two undirected paths between A and B,
ie, (A, D,B)and (A,C, B), and we will discuss
two cases where the direct path (A, B) exists or
not. First observe that there is no path between E
and any other variables, and therefore, we have
that E is independent from any other variables. If
paths (A, B) and (A, D, B) do not exist, we have
that variables A and B are independent from each
other because the change of either variable will
not cause any corresponding change of the other
variable as C'is a collider.

Since there is no collider on path (A, D, B),
variables A and B are statistically associated.
However, if conditioned on D, A and B are in-
dependent, we can conclude that there is no direct
path (or edge) between A and B. In this case, { D}
d-separates A and B (Definition 2.1). On the other
hand, if A and B are still associated conditioned
on D, there is a direct path between A and B.

A.3 Additional Experiment Details

The biological classic signaling network (Figure 3),
Sachs’ truth causal graph (Figure 4) in (Sachs et al.,
2005).

A.4 Additional Experimental Result
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Figure 4: Sachs et al.’s view of the causal protein-
signaling graph.

Model Pool Precision(%) | Recall(%) | F1(%)
Sachs 88.24 83.33 85.71
FASK - 64.71 61.11 62.86
FASK (report) 66.67 77.78 71.79
P(SQ) 41.38 66.67 51.06
PMQ) 78.57 61.11 68.75
P+S(SQ) P 54.55 66.67 60.00
P+S(MQ) 83.33 55.56 66.67
P+S+F(SQ) 53.85 38.89 45.16
P+S+F(MQ) 48.15 72.22 57.78
P(SQ) 48.28 77.78 59.57
P(MQ) 81.25 72.22 76.47
P+S(SQ) P4S 54.17 72.22 61.90
P+S(MQ) 83.33 55.56 66.67
P+S+F(SQ) 56.25 50.00 52.94
P+S+F(MQ) 50.00 72.22 59.09
P(SQ) 48.28 77.78 59.57
PMQ) 81.25 72.22 76.47
P+S(SQ) 52.63 55.56 54.05
P+S(MQ) PHSHF 25 89 1444 5926
P+S+F(SQ) 60.00 50.00 54.55
P+S+F(MQ) 46.43 72.22 56.52

Table 4: Comparative analysis of the performance in
orienting predictions by causal graph recovery methods:
Sachs’s Model, FASK, and LACR, using the SACHS
ground truth for evaluation.



A.5 Causal Graphs

Causal graphs recovered by LACR with different
combinations of input paper pools (PubMed, Sachs,
and Full) and query strategies (SQ and MQ).

Figure 5: Causal graph recovered by LACR using
PubMed(SQ) with PubMed(MQ) as the orienting query
pool.

A.6 Prompts

Original prompts described in Section 3.3.2. Sec-
tion A.6.1 is the prompts to query LLM’s back-
ground knowledge. Section A.6.2 is the prompts to
use LLM to extract associational relationships from
retrieved chunks. Then, in Section A.6.3 and Sec-
tion A.6.4, we give the prompts for the RAG-based
orientation (Section 3.4) from LLM’s background
knowledge and retrieved chunks.

A.6.1 Query LLM Associational
Relationships (Background-Based

Query)

As a scientific researcher, your task is
to use your background knowledge to
determine the association between
two factors. Follow these steps:

1. Read the 'Context Information'
section (delimited by triple dollar
signs) to understand the meaning of

"Association '

2. Enhance your understanding by reading
the 'Examples' section.

3. Think step by step. With your

background knowledge, write your
thoughts regarding the given

question , then select your answer
from the multiple —choice options.
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Figure 6: Causal graph recovered by LACR using
PubMed(SQ) with PubMed+Sachs(MQ) as the orienting
query pool.

4. Before you respond, ensure your
thoughts and answer align with all
the information in the 'Context
Information ' section.

Respond according to the expected
format (delimited by triple
backticks).

5.

Context Information:

$$$

Consider two factors — A and B:

1. A and B are not associated if and

only if A does not influence B and B
does not influence A.

2. If either factor influences the other
, then they are associated.

The fact that A does not influence B
does not necessarily mean that B
does not influence A.

4. You should never assume or infer that
A and B are not associated unless
this is explicitly stated in a
document. It is possible that their
relationship may sometimes be
unknown .

5. Direct association refers to a
scenario where one variable directly
affects another without any
intermediary variables.

6. Indirect association occurs when the

effect of one variable on another is
transmitted through one or more
intermediary variables.

Consider there are factors other than A
and B:

1. When a third factor, C, influences
both A and B directly , then A and B
are associated indirectly through C.
If C only has an impact on one of
the factors (A or B), then it is



Figure 7: Causal graph recovered by LACR using
PubMed(SQ) with PubMed+Sachs+Full(MQ) as the ori-
enting query pool.

unknown if A or B are associated.
2. When both A and B influences C, it
doesn 't mean that A and B are
associated .
3. When A influences B, which in
influences a third factor, C,
and C are

turn
then A
indirectly associated.

$$%

Examples:
Factor A: The quality of school

facilities (e.g., libraries , sports
fields)
Factor B: The effectiveness of the

teaching methods

Factor C: Student academic performance

Factor D: If student likes to play game

Factor E: Student's study time

In this example, the relationships are:

1. B directly affects C (Direct
Association): The effectiveness of
the teaching methods (Factor B)

directly influences student academic
performance (Factor C) without any
other intemediatory factor.

2. D indirectly affects C via E (
Indirect Association): When a
student enjoys playing games (Factor
D), it might reduce their available
study time (Factor E), potentially
impacting their academic performance
(Factor C).

3. B does not affect A (Independent):

The quality of school facilities (
Factor A) is independent of the
teaching methods (Factor B). The way

teachers impart education doesn't
necessarily change or improve the
physical resources like libraries
sports facilities.

or
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Figure 8: Causal graph recovered by LACR using
PubMed(MQ) with PubMed(MQ) as the orienting query
pool.

4. Unknown if A affects C (Unknown): It'
s uncertain whether the quality of
school facilities (Factor A) has a
direct impact on student academic
performance (Factor C). While better
facilities might provide a more
conducive learning environment,
their direct influence on academic

performance isn't clearly
established in this scenario.
Question: What is relationship between {

factorA} and {factorB }?
Expected Response Format:

Thoughts:
[ Write your thoughts on the question]

Answer :

(A) Direct association
(B) Indirect association
(C) Independent

(D) Unknown

Intermediary Factors:
[Skip this if you did not choose B above
Otherwise list all factors
involved in this indirect
association relationship ,
separated by a comma]

each

A.6.2 Query LLM Associational
Relationships (Document-Based Query)

As a scientific researcher, your task is
to analyse a document to determine
the association between two factors.
This is part of a controlled
experiment; therefore, you should



Figure 9: Causal graph recovered by LACR using
PubMed(MQ) with PubMed+Sachs(MQ) as the orient-

ing query pool.

rely solely on the information
provided in the document, not your
background knowledge. Follow these
steps:

1. Read the 'Context Information'
section (delimited by triple dollar
signs) to understand the background
of your task.
Enhance your understanding by reading
the 'Examples' section.
Read the given document thoroughly.
Think step by step. Write your
thoughts regarding the given
question , then select your answer
from the multiple —choice options.
Before you respond, ensure your
thoughts and answer align with all
the information in the 'Context
Information ' section.
Respond according to the expected
format (delimited by triple
backticks).

Context Information:

$$$

Consider two factors — A and B:

1. A and B are not associated if and
only if A does not influence B and B
does not influence A.

If either factor influences
, then they are associated.

The fact that A does not influence B
does not necessarily mean that B
does not influence A.

You should never assume or infer that
A and B are not associated unless
this is explicitly stated in a
document. It is possible that
relationship may sometimes be
unknown .

the other

their
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Figure 10: Causal graph recovered by LACR using
PubMed(MQ) with PubMed+Sachs+Full(MQ) as the
orienting query pool.

5. Direct association refers to a
scenario where one variable directly
affects another without any
intermediary variables.

6. Indirect association occurs when the

effect of one variable on another is
transmitted through one or more
intermediary variables.

Consider there are factors other than A
and B:

1. When a third factor, C, influences
both A and B directly , then A and B
are associated indirectly through C.
If C only has an impact on one of
the factors (A or B), then it is
unknown if A or B are associated.

2. When both A and B influences C, it
doesn 't mean that A and B are
associated .

3. When A influences B, which in turn
influences a third factor, C, then A
and C are indirectly associated.

$$3

Examples:

Factor A: The quality of school

facilities (e.g., libraries , sports
fields)
Factor B: The effectiveness of the

teaching methods

Factor C: Student academic performance

Factor D: If student likes to play game

Factor E: Student's study time

In this example, the relationships

1. B directly affects C (Direct
Association): The effectiveness
the teaching methods (Factor B)
directly influences student academic
performance (Factor C) without any
other intermediary factor.

are :

of



Figure 11: Causal graph recovered by LACR using
PubMed+Sachs(SQ) with PubMed(MQ) as the orienting
query pool.

2. D indirectly affects C via E (
Indirect Association): When a
student enjoys playing games (Factor
D), it might reduce their available
study time (Factor E), potentially
impacting their academic performance
(Factor C).

3. B does not affect A (Independent):
The quality of school facilities (
Factor A) is independent of the
teaching methods (Factor B). The way
teachers impart education doesn't
necessarily change or improve the
physical resources like libraries or
sports facilities .

4. Unknown if A affects C (Unknown): It'
s uncertain whether the quality of
school facilities (Factor A) has a
direct impact on student academic
performance (Factor C). While better
facilities might provide a more
conducive learning environment,
their direct influence on academic
performance isn 't clearly
established in this scenario.

Document:

{document}

Question: What is relationship between {

factorA} and {factorB}?
Expected Response Format:
Document Identifier: XXX
Thoughts:
[ Write your thoughts on the question
after reading the document]

Answer :
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Figure 12: Causal graph recovered by LACR using
PubMed+Sachs(SQ) with PubMed+Sachs(MQ) as the
orienting query pool.

(A) Direct association
(B) Indirect association
(C) Independent

(D) Unknown

Reference:
[Skip this if you chose option D above.
Otherwise , provide a supporting

sentence from the document for your
choice]

Intermediary Factors:
[Skip this if you did not choose B above
Otherwise list all factors
involved in this indirect
association relationship ,
separated by a comma]

each

A.6.3 Query LLM to orient causal

relationships (Background-Based
Query)

As a scientific researcher, your task is
to use your background knowledge to
determine the causal relationship
between two factors. Follow these
steps:

1. Read the 'Context Information '
section (delimited by triple dollar

signs) to understand the meaning of
"Causality ".

2. Enhance your understanding by reading
the 'Examples' section.

3. Think step by step. With your

background knowledge,
thoughts regarding the given

question , then select your answer
from the multiple —choice options.

write your



Figure 13: Causal graph recovered by LACR using
PubMed+Sachs(SQ) with PubMed+Sachs+Full(MQ)
as the orienting query pool.

4. Before you respond, ensure your
thoughts and answer align with all
the information in the 'Context
Information ' section.

5. Respond according to the expected
format (delimited by triple
backticks).

Context Information:
$$8

Consider two factors
1. A is a direct cause of B

- A and B:
if A

directly influences B or A directly
activates B.

2. If A is not a cause of B, it does not
mean that B is not a cause of A.

3. If A only influences B through other
intermediary factors, then A is not
a cause of B.

$$$

Examples:

Factor A: The effectiveness of the
teaching methods

Factor B: Student academic performance

In this example, the relationships are:

1. A affects B (Causality): The
effectiveness of the teaching
methods (Factor A) directly
influences student academic
performance (Factor B). For instance
, innovative and engaging teaching
methods can lead to better
understanding and retention of
information by students, thereby
improving their academic performance

2. B does not affect A (Non-Causality):
Any changes in the student academic
performance (Factor B) will not have
an direct impact on the
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Figure 14: Causal graph recovered by LACR using
PubMed+Sachs(MQ) with PubMed(MQ) as the orienting
query pool.

effectiveness of the teaching method
(Factor A).

Question: What is causal relationship
between {factorA} and {factorB }?

Expected Response Format:

Thoughts:
[ Write your thoughts on the question]

Answer :

(A) {factorA}
factorB }

(B) {factorB}
factorA}

(C) Unknown

is a direct cause of {

is a direct cause of {

A.6.4 Query LLM to orient causal
relationships (Document-Based Query)

As a scientific researcher, your task is
to analyse a document to determine
the causal relationship between two
factors. This is part of a
controlled experiment; therefore ,
you should rely solely on the
information provided in the document
, not your background knowledge.
Follow these steps:

1. Read the 'Context Information '
section (delimited by triple dollar
signs) to understand the background
of your task.

Enhance your understanding by reading
the 'Examples' section.

3. Read the given document thoroughly.

Think step by step. Write your
thoughts regarding the given



Figure 15: Causal graph recovered by LACR using
PubMed+Sachs(MQ) with PubMed+Sachs(MQ) as the
orienting query pool.

question , then select your answer
from the multiple —choice options.

5. Before you respond, ensure your
thoughts and answer align with all
the information in the 'Context
Information ' section.

6. Respond according to the expected
format (delimited by triple
backticks).

Context Information:

$$8

Consider two factors — A and B:
1. A is a direct cause of B if A

directly influences B or A directly
activates B.
2. If A is not a cause of B, it does not

mean that B is not a cause of A.

3. If A only influences B through other
intermediary factors, then A is not
a cause of B.

$$$

Examples:

Factor A: The effectiveness
teaching methods

Factor B: Student academic performance

In this example, the relationships are:

1. A affects B (Causality): The
effectiveness of the teaching
methods (Factor A) directly
influences student academic
performance (Factor B). For instance
, innovative and engaging teaching
methods can lead to better
understanding and retention of
information by students, thereby
improving their academic performance

of the

2. B does not affect A (Non-Causality):
Any changes in the student academic
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Figure 16: Causal graph recovered by LACR using
PubMed+Sachs(MQ) with PubMed+Sachs+Full(MQ)
as the orienting query pool.

performance (Factor B) will not have
an direct impact on the
effectiveness of the teaching method

(Factor A).

Document:
{document}

Question: What is causal relationship
between {factorA} and {factorB}?

Expected Response Format:

Thoughts:

[ Write your thoughts on the question]

Answer:

(A) {factorA} is a direct cause of {
factorB}

(B) {factorB} is a direct cause of {
factorA}

(C) Unknown

Reference:
[Provide a supporting
document |

sentence from the



Figure 17: Causal graph recovered by LACR using  Figure 19: Causal graph recovered by
PubMed+Sachs+Full(SQ) with PubMed(MQ) as the ori- LACR  using  PubMed+Sachs+Full(SQ)  with
enting query pool. PubMed+Sachs+Full(MQ) as the orienting query pool.

Figure 18: Causal graph recovered by LACR using  Figure 20: Causal graph recovered by LACR using
PubMed+Sachs+Full(SQ) with PubMed+Sachs(MQ)  PubMed+Sachs+Full(MQ) with PubMed(MQ) as the
as the orienting query pool. orienting query pool.
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Figure 21: Causal graph recovered by LACR using
PubMed+Sachs+Full(MQ) with PubMed+Sachs(MQ)
as the orienting query pool.

Figure 22: Causal graph recovered by
LACR using PubMed+Sachs+Full(MQ) with
PubMed+Sachs+Full(MQ) as the orienting query pool.
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