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Abstract

Causal graph recovery is essential in the field of001
causal inference. Traditional methods are typi-002
cally knowledge-based or statistical estimation-003
based, which are limited by data collection bi-004
ases and individuals’ knowledge about factors005
affecting the relations between variables of in-006
terests. The advance of large language models007
(LLMs) provides opportunities to address these008
problems. We propose a novel method that uti-009
lizes the extensive knowledge contained within010
a large corpus of scientific literature to deduce011
causal relationships in general causal graph re-012
covery tasks. This method leverages Retrieval013
Augmented-Generation (RAG) based LLMs to014
systematically analyze and extract pertinent in-015
formation from a comprehensive collection of016
research papers. Our method first retrieves rele-017
vant text chunks from the aggregated literature.018
Then, the LLM is tasked with identifying and019
labelling potential associations between factors.020
Finally, we give a method to aggregate the asso-021
ciational relationships to build a causal graph.022
We demonstrate our method is able to construct023
high quality causal graphs on the well-known024
SACHS dataset solely from literature.025

1 Introduction026

Estimating causal effect between variables from027

observational data is fundamental to problems in028

many domains including medical science (Höfler,029

2005), social science (Angrist et al., 1996), and030

economics (Imbens and Rubin, 2015; Yao et al.,031

2021). It enables reliable decision-making from032

complex data with entangled associations.033

There are two main frameworks for causal in-034

ference: the potential outcome framework (Ru-035

bin, 1974) and the structural causal model036

(SCM) (Pearl, 1995). Directed Graphical Causal037

Models (DGCMs) (Pearl, 2000; Spirtes et al., 2001)038

is a powerful SCM method for representing and039

analyzing the causal relationships among factors.040

Causal graphs, which are integral to DGCMs, vi- 041

sually depict the hypothesized causal connections 042

between nodes (factors) with directed edges. 043

Causal graph recovery (Spirtes and Glymour, 044

1991) usually seeks information from domain 045

knowledge or data to uncover the structure of 046

causal graphs. The task is often done through 047

Causal Discovery (CD) (Glymour et al., 2019) 048

methods using a statistical estimation-based ap- 049

proach through observational data analysis when 050

interventions or randomized experiments are not 051

viable. Various algorithms along this line (Spirtes 052

et al., 2001; Chickering, 2002; Shimizu et al., 2006; 053

Sanchez-Romero et al., 2018) utilize statistical tests 054

to assess associational relationships between fac- 055

tors as evidence to infer causal connections. Con- 056

sequently, the reliability of these algorithms is af- 057

fected by the quality of data, which can be compro- 058

mised by issues such as measurement error (Zhang 059

et al., 2017) and selection bias (Bareinboim et al., 060

2014). Furthermore, the unmeasured confounders 061

and assumptions underlying the construction of 062

causal models, such as the Gaussian data distribu- 063

tions, may not reflect the complexity of real-world 064

scenarios. These shortcomings contribute to the 065

susceptibility of CD methods to biases arising from 066

both the data collection process and the model as- 067

sumptions, underscoring the need for careful con- 068

sideration and validation of the methods used in 069

causal inference. 070

Recently, to mitigate the limitations of data qual- 071

ity in statistical estimation-based causal graph re- 072

covery tasks, Large Language Models (LLMs) 073

(Zhao et al., 2023) have been employed for causal 074

graph recovery (Zhou et al., 2023) in two main 075

ways: directly outputting causal graphs or assisting 076

in refining causal graphs generated by statistical 077

or ML-based solutions. A straightforward method 078

directly queries LLMs about every possible pair 079

of factors (Choi et al., 2022; Long et al., 2022; 080

Kıcıman et al., 2023) to recover causal graphs. To 081
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solve the high complexity issue, Jiralerspong et al.082

(2024) proposed a breadth-first search approach083

to reduce the number of required queries. How-084

ever, such methods require LLMs to have extensive085

background knowledge and robust causal reason-086

ing skills, which are still being critically assessed087

(Zečević et al., 2023). Alternatively, Vashishtha088

et al. (2023); Ban et al. (2023) employ LLMs089

to inject domain causal knowledge into statistical090

estimation-based methods, yet similar issues exist091

with these methods.092

To address these challenges, we propose to re-093

cover causal connections by information extracted094

from a knowledge base containing related lit-095

erature that contains valuable insight hidden in096

datasets about associational/causal relationships097

among variables. By leveraging LLMs to accom-098

plish the information extraction from large docu-099

ment databases, we introduce the LLM Assisted100

Causal Recovery (LACR) method, which harnesses101

the collective insights from a large corpus of scien-102

tific literature. Instead of relying on LLMs’ causal103

reasoning capability, our approach leverages the104

Retrieval Augmented Generation (RAG) (Lewis105

et al., 2020; Borgeaud et al., 2022) of LLMs to sys-106

tematically analyze and extract relevant informa-107

tion from a comprehensive collection of research108

papers. Since the quality of the causal relationships109

existing in the literature varies, we utilize LLMs to110

extract associational relationships from related sci-111

entific literature, which are further used to induce112

causal relationships. Moreover, LACR is purely113

data-driven: we do not rely on task-specific knowl-114

edge for document retrieval or prompt design, and115

therefore, it can serve as a causal graph recovery116

tool for generic tasks.117

LACR first retrieves relevant text chunks from118

the aggregated literature, and then, the LLM is119

tasked with identifying and reasoning the associa-120

tional relationships between factors. Subsequently,121

we construct a causal graph where each node is a122

factor and each edge represents a causal connec-123

tion between two factors. The causal connection is124

derived from associations identified by the LLM.125

This methodology provides a more structured126

and less biased approach to inferring causal rela-127

tionships, as it is grounded in a broader evidentiary128

base and subject to systematic validation. The ro-129

bustness of our solution is further enhanced by the130

selection of a compatible knowledge base to the131

LLM that reduces the uncertainty of associational132

relation extraction from the LLM.133

In summary, LACR shows a significant advance- 134

ment in the causal graph recovery tasks, offering a 135

method that is both grounded in scientific evidence 136

and less susceptible to the biases that have histori- 137

cally challenged this area of research. We validate 138

our method against the well-established SACHS 139

dataset (Sachs et al., 2005) and conduct a compar- 140

ative analysis with existing statistical estimation- 141

based CD algorithms, demonstrating its efficacy in 142

general causal graph recovery tasks. 143

Our Contributions: 144

•We introduce a novel LLM-based causal graph 145

recovery framework that leverages the extraction of 146

associational relations from the scientific literature 147

to reduce the bias inherent in traditional statistical 148

estimation-based causal graph recovery methods. 149

•We give a generic LLM prompt structure to ex- 150

tract associational relations without relying on do- 151

main knowledge, instead, the domain knowledge 152

is dynamically retrieved through RAG to form 153

the context of LLM queries. We also apply self- 154

consistency techniques when prompting the LLM 155

to reduce the uncertainty in causal graph recovery. 156

•We conduct a comprehensive experimental evalu- 157

ation of our framework using a real-world dataset 158

under various parameter settings. Our approach 159

outperforms baselines in terms of accuracy and re- 160

liability. Based on these experimental results, we 161

offer insights and discuss potential strategies for 162

further enhancing the efficacy of our solution. 163

2 Background 164

In this section, we introduce the preliminaries of 165

the directed graphical causal models (DGCM) and 166

causal graph recovery problems. 167

2.1 Directed Graphical Causal Models 168

A Directed Graphical Causal Model (DGCM) is 169

a tuple M = ⟨G,P ⟩. In the model, G = ⟨V,E⟩ 170

is a Directed Acyclic Graph (DAG), also known 171

as a causal graph, where the set of nodes V = 172

{v1, · · · , vn} represents random variables (with 173

|V | = n), and E ⊆ {(vi, vj) | vi, vj ∈ V } is 174

a set of directed edges that encode causal rela- 175

tionships. The joint probability distribution of all 176

variables is denoted by P . Given a directed graph 177

G, let ℓ = (vj1 , vj2 , · · · , vjm) denote a path, which 178

is a sequence of distinct nodes, such that for each 179

i ∈ 1, 2, · · · ,m− 1, either (vji , vji+1) ∈ E or 180

(vji+1 , vji) ∈ E. The subscript i is the position of 181

the node within ℓ, and m is the length of ℓ. 182
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Constraints of causal graphs. A causal graph183

subjects to a series of constraints. Especially, the184

directed edges specify the causal relationships be-185

tween variables. Given vi, vj ∈ V , if (vi, vj) ∈ E,186

vi is a direct cause of vj . That is, fixing the other187

variables constant, varying the value of vi triggers188

a change of vj’s value correspondingly, but not189

vice versa. This causal relationship thus entails the190

associational relationship between the variables,191

i.e., their marginal probability distributions P (vi)192

and P (vj) are correlated, which does not have the193

direction attribute. Notice that two variables can194

be associated even though they do not have direct195

causal relationship between each other. Typical ex-196

amples are that the two variables have an indirect197

causal relationship through other variables, or they198

share the same parent node in G, which is usually199

called confounding in causal inference.200

The structure of a causal graph should imply a201

conditional associational relationship between vari-202

ables by a graphical constraint called d-separation203

(Pearl, 2000).204

Definition 2.1 (d-separation) A set of variables205

S ⊂ V blocks a path ℓ if (i) ℓ contains at least one206

arrow-emitting variable belonging to S, or (ii) ℓ207

contains at least one collision variable (vi is a colli-208

sion variable if (vji−1 , vji), (vji+1 , vji) ∈ E, where209

vji−1 , vji , and vji+1 are three adjacent nodes on ℓ)210

that does not belong to S and has no descendant211

belonging to S. If S blocks all paths from variable212

vi to variable vj , S is said to d-separate vi and vj .213

Then, vi and vj are independent conditioned on S.214

Assumptions of causal graphs The Markov215

property of the causal graph interprets that d-216

separation in causal graphs indicates conditional217

independence between variables.This is a necessary218

assumption based on which the DGCM works.219

Assumption 2.2 (Causal Markov Assumption)220

In each DGCM, each variable is independent of its221

non-descendants conditioned on its parents in the222

causal graph.223

Practically, the joint probability distribution may224

contain additional independent information that is225

not induced by the d-separation constraints. Due226

to the sake of DGCM’s validation, we assume that227

there is no such additional independency informa-228

tion, formalized as the following assumption.229

Assumption 2.3 (Causal Faithfulness Assumption)230

In each DGCM, there is no additional conditional231

independence other than those entailed by the 232

d-separation. 233

3 Methodology 234

Based on the above definitions of causal graphs, 235

we are ready to introduce our solution. Tradi- 236

tional data-driven methodologies for causal graph 237

recovery typically hinge on statistical estimation- 238

based approaches. Based on Assumption 2.2 and 239

Assumption 2.3, for each variable pair, such ap- 240

proaches rely on data to search variable sets that 241

can d-separate (Definition 2.1) the pair, or in other 242

words, whether the association between the pair 243

can be blocked by other variables, to recover causal 244

connections. However, they face challenges due to 245

strict assumptions, data demands, and biases from 246

confounding and measurement errors. These issues 247

can compromise the accuracy of inferred causal 248

relationships. To address these challenges, in this 249

section, we propose the LLM Assisted Causal Dis- 250

covery (LACR) method, leveraging a vast array of 251

research literature to overcome the limitations of 252

individual studies. LACR integrates diverse evi- 253

dence and methodologies to verify the blockability 254

of the association between each pair of variables, 255

to form a more reliable causal graph. 256

In the following, we first introduce how to ex- 257

tract associational relationships from the literature 258

and then verify the blockability of the extracted 259

associational relationships to induce causal rela- 260

tionships. 261

3.1 Extract Association 262

With the above target to extract the association be- 263

tween each variable pair indicated in documents 264

and verify its blockability, we instruct LLM to ver- 265

ify not only whether each pair of variables are as- 266

sociated, but also the association type that has dif- 267

ferent blokability. By the intuition of d-separation, 268

we divide the association between two variables vi 269

and vj into the following three types: 270

1. Independent: The absence of reported associa- 271

tions in the literature, or evidence of non-existence 272

of association implies independence between the 273

two variables. 274

2. Indirect Associated: A reported association 275

which is triggered or linked by other variables in 276

the literature implies indirect association between 277

the two variables. 278

3. Direct Associated: A reported association that 279

always exist even though we control any other vari- 280
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ables constant in the literature implies direct asso-281

ciation between the two variables.282

We then design an association context (see the283

original prompt in Appendix A.6) as part of the284

query prompt for the LLM to understand the in-285

tuition of each of the above association types, as286

well as their common representation in the litera-287

ture. Thereafter, for each pair of variables vi and vj ,288

we let LLM to read each retrieved document c (see289

Section 3.3.1 for details of document retrieval), and290

verify the association between vi and vj (denoted291

by Rij) (see Section 3.3.2 for details of querying292

LLM) as one of the following options and give293

additional information when applicable:294

1. Independent: Chunk c suggests that vi and vj295

are independent. We denote this association type296

as Rc =⊥).297

2. Indirectly Associated: Chunk c suggests that298

vi and vj are indirectly associated through one or299

more intermediary variables. When LLM selects300

this option, it is also instructed to give a list of the301

intermediary variables INT . This association type302

is denoted as Rc = IA(INT ).303

3. Directly Associated: Chunk c suggests that vi304

and vj are directly associated, denoted as Rc = A.305

4. Unknown: Chunk c does not provide clear infor-306

mation about the relationship, denoted as Rc = U.307

3.2 From Association To Causation:308

Causation Verification309

Now, we are ready to recover the edges of the310

causal graph. Based on Assumption 2.2 and As-311

sumption 2.3, we can induce that there is a causal312

link between a pair of variables if not all association313

between the pair can be blocked by other variables314

(Definition 2.1). Apparently, each association type315

that we defined in Section 3.1 has a deterministic316

blokability. Independence indicates that no associ-317

ation exists, or equivalently in terms of blokability,318

it indicates any association between the pair can319

be blocked. Indirect association and direct associa-320

tion indicate that the extracted association can be321

blocked and cannot be blocked, respectively.322

Notice that direct association and independence323

are two conflicting association types in terms of324

blockability, but indirect association is not. There-325

fore, we use a voting process (Algorithm 1) to326

aggregate all chunks’ opinions for each variable327

pair and decide the existence of a causal link.328

As we do not consider the causal direction in329

Algorithm 1, each pair of variables are symmetric,330

Algorithm 1 Causation Existence Verification
1: G← (V,E) where E = ∅
2: for (vi, vj) ∈ V × V where i ̸= j do
3: chunks← ChunkRetrieval((vi, vj))
4: dij ← 0; countij ← 0
5: for all c ∈ chunks do
6: if Rc =⊥ then
7: dij = dij − 1; countij = countij + 1
8: if Rc = A then
9: dij = dij + 1; countij = countij + 1

10: if Rc = IA(INT ) and |INT | == 1 then
11: vn ← INT
12: di = din + 1; countin = countin + 1
13: dnj = dnj + 1; countnj = countnj + 1
14: for (vi, vj) ∈ V × V where i ̸= j do
15: if dij > 0 and countij >= 3 then
16: E ← E ∪ {(vi, vj)}
17: return G =0

i.e., for vi, vj , dij = dji and countij = countji. 331

For each variable pair, we first retrieve a limited 332

number of the most relevant chunks by function 333

ChunkRetrieval (Line 3, see function details in 334

Section 3.3.1). Then, if the chunk’s opinion is 335

independent, it casts ballot −1, i.e., the associa- 336

tion is blockable, in terms of the existence of a 337

causal link between the pair (Lines 6-7); and if di- 338

rect association, it casts +1, i.e., the association is 339

non-blockable, (Lines 8-9). If the chunk indicates 340

indirect association and there is only one intermedi- 341

ary variable vn, it indicates that each of the pair of 342

variables has a direct association with the interme- 343

diary1 , and thus, it casts +1 for both pairs (vi, vn) 344

and (vn, vj) (Lines 10-13). We show more details 345

of querying LLM association types in Section 3.3.2. 346

Finally, we build an edge for each pair if the ma- 347

jority of chunks are supporting the non-blockable 348

association and there are more than 3 chunks pro- 349

viding evidence2 (Lines 14-16). Notice that the 350

final decision is slightly biased towards −1, since 351

the condition that direct association holds is strict. 352

3.3 Method Details 353

3.3.1 ChunkRetrival in Algorithm 1 354

Document Pool Construction. The Chunk Re- 355

trieval comprises two main steps: 1) an extensive 356

scientific paper search to create a comprehensive 357

paper pool; and 2) the chunk pool construction by 358

1Note 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.

2In collective decision-making theory (Grofman et al.,
1983), the decision quality tends to be higher when more
voters’ opinion is aggregated.
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chunking papers and filtering relevant chunks for359

efficient retrieval. Details are as follows:360

1. We conduct a thorough search for each pair of361

variables vi, vj ∈ V in public databases using the362

query "[the name of vi] and [the name of vj]" to363

compile a paper pool that encompasses a broad364

spectrum of research findings, aiming to reduce365

data bias.366

2. Papers are divided into chunks, which are then367

filtered to retain only those containing at least two368

variables’ names, ensuring relevance to our queries.369

These chunks are stored in a vector database to370

facilitate efficient retrieval for large variable sets.371

This ready-to-use vector store can enhance the effi-372

ciency of the following pairwise queries, especially373

when |V | is large.374

Chunk Selection. For each variable pair vi and375

vj , we query the LLM with "Are [the name of vi]376

and [the name of vj] associated?" using a subset of377

documents from our chunk pool. We employ an en-378

semble retriever that combines keyword-based and379

semantic-based methods to identify the most rele-380

vant chunks for each query. Chunks are ranked381

using the weighted reciprocal rank fusion algo-382

rithm, and we select a predetermined number of top383

chunks for further analysis. To ensure relevance,384

we discard any chunks that do not contain both vari-385

ables in the query. This retrieval process is crucial386

for identifying chunks that provide evidence for the387

associational relationships between variable pairs388

3.3.2 Query LLM389

After retrieving the most relevant chunks from the390

chunk pool, we are ready to query LLM the as-391

sociational relationship between the variable pair392

based on each retrieved document. As mentioned393

in Section 3.1, LLM needs to infer the relation-394

ship from one of four options. Specifically, LLM395

is tasked to recongnize the association type of396

pairs based on either LLM’s background knowl-397

edge (background-based), or the retrieved docu-398

ments (document-based) by the following steps:399

Step 1. For each query based on either information400

resource, we ask LLM to first read the [association401

context] with a general [example] (see prompt and402

example details in Appendix A.6) to make LLM403

understand the intuition and typical representation404

of each association type defined in Section 3.1.405

Step 2. For document-based queries, we ask LLM406

to read one of the [retrieved documents], but for407

background-based queries, we ask LLM to refer to408

its training data. 409

Step 3. Based on the above context, we ask LLM 410

a question: “Are vi and vj associated? If yes, are 411

they directly associated or indirectly associated?”, 412

explain the reason, and specify the evidence shown 413

in the document for document-based queries. 414

Step 4. We ask LLM to read its answer, explana- 415

tion, and evidence, to ensure that its answer aligns 416

with the [association context]. 417

Step 5. We ask LLM to choose the final answer 418

from “direct association”, “indirect association”, 419

and “independent”. If the answer is “indirect as- 420

sociation”, we ask LLM to list all intermediary 421

variables that give rise to the association. 422

3.4 Causation Orientation 423

Now, we have linked each pair of variables that has 424

a causal relationship, and hereby, we will decide 425

the direction of each recovered causal link. For 426

each variable pair vi and vj , we use a similar strat- 427

egy for the orienting process in the following steps: 428

Step 1. We ask LLM to read the [causal direction 429

context] (see details in Appendix A.6) to make 430

LLM understand the intuition of causal direction. 431

Step 2. For document-based queries, we ask LLM 432

to read one of the [retrieved documents], but for 433

background-based queries, we ask LLM to refer to 434

its training data. 435

Step 3. Based on the above context, we let LLM 436

answer the question: “Is vi a cause of vj , or vj 437

a cause of vi?", explain the reason, and specify 438

the evidence shown in the document for document- 439

based queries. 440

Step 4. We ask LLM to read its answer, explana- 441

tion, and evidence, to ensure that its answer aligns 442

with the [causal direction context]. 443

Step 5. Ask LLM to choose the final answer from 444

“vi is a cause of vj” and “vj is a cause of vi”. 445

For each edge, we aggregate each chunk’s opin- 446

ion (vi → vj or vi ← vj) by a similar strategy in 447

Algorithm 1, and decide the direction of each edge. 448

4 Experiments 449

In this section, we first introduce the ground truth 450

datasets and how we collect three research litera- 451

ture pools. Then we introduce the settings of our 452

solution and baselines. Finally, we evaluate the 453

pruning and orienting results, respectively. 454
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4.1 Experiment Data455

4.1.1 Ground Truth Datasets456

In our study, we conducted experiments utilizing457

two ground truth causal graphs, SACHS and BI-458

OLOGIST, representing causal protein-signaling459

networks derived from Sachs et al. (2005). SACHS460

was constructed by incorporating biological do-461

main knowledge to revise the causal graph output462

by the application of Bayesian network analysis463

to multivariate flow cytometry data. BIOLOGIST464

corresponds to a consensus causal graph, which is465

widely accepted by the biological research commu-466

nity as a current representation of protein-signaling467

interactions. Both of them contain the same 11468

variables (proteins).469

4.1.2 Research Literature Pools470

In our experiment, we prepare three paper pools,471

namely the PubMed, the Sachs, and the Full, for472

our solution LACR.473

1. PubMed (P): We collected 340 abstracts and474

177 full papers from official APIs of the medical475

science research database PubMed (PubMed) and476

PubMed Central (Central).477

2. Sachs (S): The papers in this pool are manually478

downloaded. A part of the papers are the refer-479

ence papers of (Sachs et al., 2005). However, the480

reference papers cannot cover all variables in V ,481

and hence, we manually search and download ad-482

ditional papers to cover all variables in V . In total,483

this pool contains 38 papers, and half of them are484

the reference papers of (Sachs et al., 2005).485

3. Full (F): To construct this paper pool, for each486

pair of variables vi, vj ∈ V , we search “vi and vj”487

on PubMed, and manually download the top 5 En-488

glish papers. Note that there might be overlapped489

papers in the search results of different variable490

pairs, and thus the total number of papers is fewer491

than 275.492

Notice that Sachs may present selection bias in493

the paper retrieving process. However, this does494

not necessarily do harm to our result, since this495

kind of paper pool can be seen as a systematic496

literature review, which represents the state of the497

art of the task. We may reduce the noise of the498

input for LACR by using such paper pools.499

4.2 Our Solution500

LLM and Embedding. LLM we use is Google’s501

Gemini Pro. The ensemble retriever is constructed502

based on two distinct text representation models503

with equal weighting: BGE (Xiao et al., 2023) for 504

the dense representation, and Okapi BM25 (Robert- 505

son et al., 2009) for the sparse representation. The 506

embedded chunks were stored and indexed in a 507

Chroma vector store. We set the chunk sizes of 508

1000 tokens with overlapping sizes of 150 tokens. 509

Query strategies. We use two strategies to query 510

LLM the association types: 511

1. Single query (SQ): For each chunk, we only 512

query LLM once, with setting the temperature to 0. 513

2. Multiple queries (MQ): We set LLM’s temper- 514

ature to 0.2 to allow a mild level of randomness. 515

Then, for each chunk, we first query LLM three 516

times, and select the association type with the most 517

support. If there is a tie, we conduct one more 518

query until the tie is broken. If the final decision is 519

an indirect association, we only list the intermedi- 520

ary variables that are at least extracted twice. This 521

technique enables self-consistency check (Wang 522

et al., 2022) for uncertain reduction. 523

Compared Methods. We compare LACR with 524

two statistic-based CD methods, Sachs and FASK. 525

LACR has adjustable implementation by the 526

combination of three distinct literature pools (P, 527

S, and F), and two query strategies (MQ and 528

SQ). We denote a specific implementation as 529

"Pools(Aggregation)." For example, P(S) employs 530

literature pool P with the single query aggrega- 531

tion method, whereas F+P+S(M) represents a com- 532

prehensive LACR configuration that integrates all 533

three literature pools and utilizes the multiple 534

queries aggregation method. 535

Sachs ((Sachs et al., 2005)) employs a Bayesian 536

optimization to process 5400 data records for the 537

11 variables in V , by iterating the optimization for 538

500 DAGs. They include edges that appear in at 539

least 85% DAGs. 540

The FASK method, detailed in (Ramsey and 541

Andrews, 2018), implements the Fast Adjacency 542

Skewness (FASK) algorithm (Sanchez-Romero 543

et al., 2018) to process a larger dataset contain- 544

ing 7,466 records, which includes nine additional 545

variables, referred to as interventional variables). 546

Due to the inability to replicate the exact results 547

from from (Ramsey and Andrews, 2018), we illus- 548

trate the result of our implementation as "FASK", 549

and the original result reported from (Ramsey and 550

Andrews, 2018) as "FASK(report)." 551

Evaluation Metrics We separately measure the 552

performances of the pruning and the orienting, by 553
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Model
SACHS BIOLOGIST

AP(%) AR(%) F1(%) AP(%) AR(%) F1(%)
Sachs 88.24 83.33 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) 37.84 77.78 50.91 37.84 93.33 53.85
P(MQ) 81.25 72.22 76.47 81.25 86.67 83.87
P+S(SQ) 52 72.22 60.46 52 86.67 65
P+S(MQ) 83.33 55.56 66.67 83.33 66.67 74.07
F(SQ) 46.67 38.89 42.43 46.67 46.67 46.67
F(MQ) 52.17 66.67 58.54 54.55 80 64.87
F+P+S(SQ) 52.63 55.56 54.06 52.63 66.67 58.82
F+P+S(MQ) 43.75 77.78 56 43.75 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
F(MQ) 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,554

2018). In the pruning process, we count the true555

positive (TP) as the number of edges that are in556

both the evaluated graph and the ground truth graph.557

Similarly, we assess false positives (FP), true neg-558

atives (TN), and false negatives (FN). Then, we559

calculate adjacency precision (AP) as TP
TP+FP and560

adjacency recall (AR) as TP
TP+FN , reflecting the ac-561

curacy and completeness of edge recovery, respec-562

tively. Additionally, we measure the number of563

different edges (DE), given by FP+ FN, to quan-564

tify the total error in edge identification.565

Then, for the orienting process, we use the ori-566

entation accuracy, i.e., the proportion of correctly567

oriented edges among all successfully recovered568

edges, to measure orientation performance.569

4.3 Evaluation570

4.3.1 Causation Existence Verification571

In this section, we compare the experimental results572

of various CD methods against two types of ground573

truth datasets and illustrate the result in Table 1.574

To Sachs’ truth (SACHS). From the experimen-575

tal results with SACHS ground truth, we have four576

observations. First, Sachs’s method achieves the577

highest performance in AP, AR and F1, with val- 578

ues of 88.24%, 83.33% and 85.71%, respectively, 579

which may be attributed to the method’s optimiza- 580

tion process being tailored to the characteristics of 581

the dataset it was originally designed to analyze. 582

Second, our solutions utilizing MQ consistently 583

outperform SQ counterparts in F1. This suggests 584

that aggregating information from multiple queries 585

can lead to more robust decision-making, as it al- 586

lows for the integration of diverse perspectives and 587

reduces the likelihood of relying on potentially 588

anomalous results from a single query. 589

Third, a large literature pool does not necessarily 590

provide a better performance. In fact, the opposite 591

is often true. A possible reason is that the PubMed 592

pool is classical and was used in the training of 593

LLMs, which provides LLMs with a better under- 594

standing. Consequently, the model may be better 595

equipped to extract relevant information and make 596

accurate predictions when drawing from this famil- 597

iar dataset. 598

Last, P(M) stands out with the best performance, 599

surpassing all other baselines except for the Sachs 600

method. This superior performance can potentially 601

be attributed to the aforementioned familiarity of 602

the language model with the PubMed pool, and 603

MQ further enhances this success by increasing the 604

chances of generating correct answers. 605

To biological truth (BIOLOGIST). In this part, 606

we evaluate the experimental result using the BI- 607

OLOGIST causal graph as the ground truth. We 608

have the following observations. 609

First, in terms of the F1 score, P(MQ) demon- 610

strates a significant advantage over the three base- 611

line methods, outperforming them by margins of 612

22%, 67%, and 51%, respectively. The consistent 613

outperformance of P(MQ) suggests that the com- 614

bination of a well-curated literature pool and the 615

multiple queries strategy is highly effective in ac- 616

curately capturing causal relationships as validated 617

by both computational and biological expertise. 618

Second, the multiple queries (MQ) strategy out- 619

performs their single query (SQ) counterparts by 620

an average of 25.8%. It implies that extracting in- 621

formation from various sources is a more accurate 622

and reliable causal model. 623

Thirdly, our method exhibits improvements on 624

the BIOLOGIST ground truth. In contrast, all base- 625

line methods experience a decline in performance. 626

It shows that, by leveraging the aggregated knowl- 627

edge, our solutions are better positioned to align 628
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with the expert understanding of causal relation-629

ships, leading to enhanced performance compared630

to baselines that may not utilize such a knowledge-631

driven framework.632

4.3.2 Orienting Evaluation (BIOLOGIST)633

With each of the above generated undirected graphs634

(the pool and query strategy used to generate each635

undirected graph is specified in column “Model” in636

Table 3), we ask LLM to orient each edge based on637

retrieved chunks from different pool combinations638

with the (MQ) strategy. We present the experimen-639

tal results against the BIOLOGIST causal graph.640

Additional results are provided in Appendix A.4.641

We have the following observations.642

First, the P(MQ) model stands out with the high-643

est F1 score of 77.52% among all methods com-644

pared. Second, consistent with the trend observed645

in the undirected graph results, the performance646

metrics based on the BIOLOGIST ground truth are,647

on average, better than those based on the SACHS648

ground truth. This improvement suggests that our649

methods are more closely aligned with the expert650

knowledge and consensus represented in the BIOL-651

OGIST dataset, which may contribute to enhanced652

performance. Lastly, when comparing the perfor-653

mance across the three literature pools, we find that654

all three exhibit similar effectiveness in guiding the655

LLMs to predict edge orientations. However, the656

pool combining P+S shows a slight edge, outper-657

forming the other two pools by approximately 10%.658

It might be due to the complementary strengths of659

the combined literature sources. Together they pro-660

vide a more holistic view of the domain knowledge661

required for causal inference.662

4.4 Discussion663

Why does a larger literature pool have negative664

impact on performance? The negative impact665

of a larger literature pool on model performance is666

likely due to the following: Firstly, LLMs are often667

trained on well-known datasets such as PubMed,668

leading to better locating of information when para-669

graphs from these sources are used as the context.670

Other manually curated pools may contain papers671

not seen in model training, which results in higher672

uncertainty in relation extraction. Secondly, our673

approach incorporates the latest chemical and bio-674

logical research, which might include findings not675

present in the SACHS and BIOLOGIST datasets,676

which are dated back to 2005.677

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)

P

31.03 60.00 40.91
P(MQ) 71.43 66.67 68.97
P+S(SQ) 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)

P+S

37.93 73.33 50.00
P(MQ) 75.00 80.00 77.42
P+S(SQ) 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)

P+S+F

37.93 73.33 50.00
P(MQ) 75.00 80.00 77.42
P+S(SQ) 42.11 53.33 47.06
P+S(MQ) 77.78 46.67 58.33
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 678

The first limitation is the dependency on the LLM, 679

especially the relation extraction. While our results 680

are promising, the performance of LACR could 681

potentially be enhanced by further fine-tuning the 682

LLMs with a comprehensive paper pool(Wadhwa 683

et al., 2023). Another limitation is the method for 684

orienting causal connections. In our current ap- 685

proach, we solely rely on the LLM for orientation. 686

The reliability of this process could be improved 687

by integrating established CD algorithms, such as 688

the PC algorithm (Spirtes et al., 2001), to analyze 689

the associational relations extracted by the LLM. 690

6 Conclusion 691

In this work, we introduced the LLM Assisted 692

Causal Recovery (LACR) method for causal graph 693

recovery. By integrating the LLM and scientific 694

literature pools, LACR has shown a potential to 695

overcome the limitations inherent in traditional sta- 696

tistical estimation-based methodologies. We con- 697

ducted experiments using real-world data against 698

two broad consensus causal graphs. LACR not 699

only showed its superiority in both graphs but 700

particularly outperformed all baseline statistical 701

estimation-based methods in the consensus graphs 702

validated by domain experts. This demonstrated 703

that by enhancing LLMs with relevant literature, 704

LACR can achieve the causal reasoning capability 705

comparable to that of experts in this field. 706
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A Appendix841

A.1 A Motivation for LACR: Selection Bias in842

CD Methods843

Average treatment effect Average treatment ef-844

fect (ATE) is a frequently used measure of causa-845

tion between two variables, the treatment T ∈ V846

and the outcome Y ∈ V . Hereby, we consider847

binary treatment and outcome, i.e., T ∈ {0, 1}848

and Y = {0, 1}. Intuitively, T = 1 or 0 indicates849

whether treatment is administered or not, and sim-850

ilarly, Y = 1 or 0 indicates whether an effect is851

observed or not. Given a causal graph, to obtain an852

appropriate ATE, we need to balance the effect of853

covariates on both the treatment and the outcome.854

The following Back-door criterion (Pearl, 2000)855

can be used to select such a set of covariates.856

Definition A.1 (Back-door path) Given G =857

⟨V,E⟩, a back-door path ℓb from T ∈ V to Y ∈ V858

is a path ℓb = (T, vi1 , · · · , vik , Y ) that satisfies859

(vi1 , T ) ∈ E.860

A set S of variables is admissible to obtain an861

appropriate ATE if the following conditions hold:862

1) No element of S is a descendant of the treatment;863

and 2) The elements of S block all “back-door”864

paths from the treatment to the outcome, i.e., all865

paths that end with an arrow pointing to the treat-866

ment.867

Definition A.2 (Back-door criterion) Given868

G = ⟨V,E⟩, a set S ⊆ V satisfies the back-door869

criterion relative to a pair of variables (T, Y ) ∈ V870

if: (1) ∀v ∈ S, v is not a descendant of T ; (2) S871

blocks every back-door path ℓb from T to Y .872

Then, for a set of covariates S = {s1, · · · , sk}873

that satisfies the back-door criterion, we have that874

the ATE is:875

ATE =
∑

s1,··· ,sk

P (s1, · · · , sk)

(P (Y = 1 | s1, · · · , sk, do(T = 1))

−P (Y = 1 | s1, · · · , sk, do(T = 0)))

(1)

876

where do(T ) is intervention operator, i.e., enforce877

T to be a specific value.878

As follows, we show an example of data-driven879

methods’ vulnerability to a type of data bias, the880

so-called selection bias (Bareinboim et al., 2014).881

Example A.3 Consider that we would like to in-882

vestigate whether human gender (G ∈ {0, 1}) is883

a cause of positive detection of a disease (D ∈884

G D

A

G

A

D

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≥0) is a covari- 885

ate. Let pG, pA, and pD be the probability distribu- 886

tion of G, A, and D, respectively, and assume that 887

the true causal graph of X , Y , and Z is depicted 888

as the left figure in Figure 1. 889

Generally speaking, human age and gender is 890

associated because female has a longer average 891

lifespan. Assume that this association is only signif- 892

icant for A ≥ 60, i.e., for the younger population 893

than 60 years old, we cannot observe significant 894

difference between the population of male and fe- 895

male. 896

Now we need to estimate the ATE of G on D by 897

a dataset D, where in each sample of D, the value 898

of A is fewer than 60. Then, by statistical test, we 899

have that G and A are statistically independent 900

from each other. Therefore, the recovered causal 901

graph is depicted as the right figure in Figure 1. 902

Then, by dataset D, we estimate the ATE of G 903

on D based on the biased causal graph as 904

ˆATE =P (d = 1 | do(g = 1))−
P (d = 1 | do(g = 0)).

(2) 905

However, based on the true causal graph, we 906

should estimate the ATE of G on D as 907

ˆATE
∗
=

∑
a

p(a)(P (d = 1 | a, do(g = 1))

−P (d = 1 | a, do(g = 0))).

(3) 908

We usually yield different values by Equation 2 and 909

Equation 3. 910

A.2 An Example of Inducing Association 911

From A Causal Graph 912

Based on Assumption 2.2 and Assumption 2.3, 913

given a causal graph, for each pair of factors 914

vi, vj ∈ V , we can induce their associational rela- 915

tion (conditioned on other factors) as follows. 916

For factors vi and vj : 917

1. if there is no undirected path between them, then, 918

they are statistically independent; 919

2. if there is only an undirected path between them 920

11



A

C

B

D

E

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

and there is at least one collider on the path, then,921

the two factors are statistically independent;922

3. if there is least one undirected path between923

them, and no node on the path is a collider, then,924

the two factors are statistically associated;925

4. there is an edge between them if and only if926

they are statistically associated conditioned on any927

factor set S ⊆ V \ {vi, vj}.928

We illustrate the above associational relation in929

Example A.4.930

Example A.4 Consider 5 variables of which the931

causal graph is given in Figure 2.932

There are two undirected paths between A and B,933

i.e., (A,D,B) and (A,C,B), and we will discuss934

two cases where the direct path (A,B) exists or935

not. First observe that there is no path between E936

and any other variables, and therefore, we have937

that E is independent from any other variables. If938

paths (A,B) and (A,D,B) do not exist, we have939

that variables A and B are independent from each940

other because the change of either variable will941

not cause any corresponding change of the other942

variable as C is a collider.943

Since there is no collider on path (A,D,B),944

variables A and B are statistically associated.945

However, if conditioned on D, A and B are in-946

dependent, we can conclude that there is no direct947

path (or edge) between A and B. In this case, {D}948

d-separates A and B (Definition 2.1). On the other949

hand, if A and B are still associated conditioned950

on D, there is a direct path between A and B.951

A.3 Additional Experiment Details952

The biological classic signaling network (Figure 3),953

Sachs’ truth causal graph (Figure 4) in (Sachs et al.,954

2005).955

A.4 Additional Experimental Result956

Figure 3: Biologists’ view of the causal protein-
signaling graph.

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)

P

41.38 66.67 51.06
P(MQ) 78.57 61.11 68.75
P+S(SQ) 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)

P+S

48.28 77.78 59.57
P(MQ) 81.25 72.22 76.47
P+S(SQ) 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)

P+S+F

48.28 77.78 59.57
P(MQ) 81.25 72.22 76.47
P+S(SQ) 52.63 55.56 54.05
P+S(MQ) 88.89 44.44 59.26
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.
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A.5 Causal Graphs957

Causal graphs recovered by LACR with different958

combinations of input paper pools (PubMed, Sachs,959

and Full) and query strategies (SQ and MQ).960

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

A.6 Prompts961

Original prompts described in Section 3.3.2. Sec-962

tion A.6.1 is the prompts to query LLM’s back-963

ground knowledge. Section A.6.2 is the prompts to964

use LLM to extract associational relationships from965

retrieved chunks. Then, in Section A.6.3 and Sec-966

tion A.6.4, we give the prompts for the RAG-based967

orientation (Section 3.4) from LLM’s background968

knowledge and retrieved chunks.969

A.6.1 Query LLM Associational970

Relationships (Background-Based971

Query)972

As a s c i e n t i f i c r e s e a r c h e r , your t a s k i s973
t o use your background knowledge t o974
d e t e r m i n e t h e a s s o c i a t i o n between975

two f a c t o r s . Fol low t h e s e s t e p s :976
977

1 . Read t h e ' C o n t e x t I n f o r m a t i o n '978
s e c t i o n ( d e l i m i t e d by t r i p l e d o l l a r979
s i g n s ) t o u n d e r s t a n d t h e meaning o f980
' A s s o c i a t i o n ' .981

2 . Enhance your u n d e r s t a n d i n g by r e a d i n g982
t h e ' Examples ' s e c t i o n .983

3 . Think s t e p by s t e p . With your984
background knowledge , w r i t e your985
t h o u g h t s r e g a r d i n g t h e g i v e n986
q u e s t i o n , t h e n s e l e c t your answer987
from t h e m u l t i p l e − c h o i c e o p t i o n s .988

Figure 6: Causal graph recovered by LACR using
PubMed(SQ) with PubMed+Sachs(MQ) as the orienting
query pool.

4 . Be fo re you respond , e n s u r e your 989
t h o u g h t s and answer a l i g n wi th a l l 990
t h e i n f o r m a t i o n i n t h e ' C o n t e x t 991
I n f o r m a t i o n ' s e c t i o n . 992

5 . Respond a c c o r d i n g t o t h e e x p e c t e d 993
f o r m a t ( d e l i m i t e d by t r i p l e 994
b a c k t i c k s ) . 995

996
C o n t e x t I n f o r m a t i o n : 997
$$$ 998
C o n s i d e r two f a c t o r s − A and B : 999
1 . A and B a r e n o t a s s o c i a t e d i f and 1000

on ly i f A does n o t i n f l u e n c e B and B 1001
does n o t i n f l u e n c e A. 1002

2 . I f e i t h e r f a c t o r i n f l u e n c e s t h e o t h e r 1003
, t h e n t h e y a r e a s s o c i a t e d . 1004

3 . The f a c t t h a t A does n o t i n f l u e n c e B 1005
does n o t n e c e s s a r i l y mean t h a t B 1006
does n o t i n f l u e n c e A. 1007

4 . You s h o u l d n e v e r assume or i n f e r t h a t 1008
A and B a r e n o t a s s o c i a t e d u n l e s s 1009

t h i s i s e x p l i c i t l y s t a t e d i n a 1010
document . I t i s p o s s i b l e t h a t t h e i r 1011
r e l a t i o n s h i p may somet imes be 1012
unknown . 1013

5 . D i r e c t a s s o c i a t i o n r e f e r s t o a 1014
s c e n a r i o where one v a r i a b l e d i r e c t l y 1015

a f f e c t s a n o t h e r w i t h o u t any 1016
i n t e r m e d i a r y v a r i a b l e s . 1017

6 . I n d i r e c t a s s o c i a t i o n o c c u r s when t h e 1018
e f f e c t o f one v a r i a b l e on a n o t h e r i s 1019

t r a n s m i t t e d t h r o u g h one o r more 1020
i n t e r m e d i a r y v a r i a b l e s . 1021

1022
C o n s i d e r t h e r e a r e f a c t o r s o t h e r t h a n A 1023

and B : 1024
1 . When a t h i r d f a c t o r , C , i n f l u e n c e s 1025

bo th A and B d i r e c t l y , t h e n A and B 1026
a r e a s s o c i a t e d i n d i r e c t l y t h r o u g h C . 1027

I f C on ly has an imp ac t on one of 1028
t h e f a c t o r s (A or B) , t h e n i t i s 1029
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Figure 7: Causal graph recovered by LACR using
PubMed(SQ) with PubMed+Sachs+Full(MQ) as the ori-
enting query pool.

unknown i f A or B a r e a s s o c i a t e d .1030
2 . When bo th A and B i n f l u e n c e s C , i t1031

doesn ' t mean t h a t A and B a r e1032
a s s o c i a t e d .1033

3 . When A i n f l u e n c e s B , which i n t u r n1034
i n f l u e n c e s a t h i r d f a c t o r , C , t h e n A1035

and C a r e i n d i r e c t l y a s s o c i a t e d .1036
$$$1037

1038
Examples :1039
F a c t o r A: The q u a l i t y o f s c h o o l1040

f a c i l i t i e s ( e . g . , l i b r a r i e s , s p o r t s1041
f i e l d s )1042

F a c t o r B : The e f f e c t i v e n e s s o f t h e1043
t e a c h i n g methods1044

F a c t o r C : S t u d e n t academic p e r f o r m a n c e1045
F a c t o r D: I f s t u d e n t l i k e s t o p l a y game1046
F a c t o r E : S t u d e n t ' s s t u d y t ime1047
In t h i s example , t h e r e l a t i o n s h i p s a r e :1048
1 . B d i r e c t l y a f f e c t s C ( D i r e c t1049

A s s o c i a t i o n ) : The e f f e c t i v e n e s s o f1050
t h e t e a c h i n g methods ( F a c t o r B)1051
d i r e c t l y i n f l u e n c e s s t u d e n t academic1052

p e r f o r m a n c e ( F a c t o r C) w i t h o u t any1053
o t h e r i n t e m e d i a t o r y f a c t o r .1054

2 . D i n d i r e c t l y a f f e c t s C v i a E (1055
I n d i r e c t A s s o c i a t i o n ) : When a1056
s t u d e n t e n j o y s p l a y i n g games ( F a c t o r1057
D) , i t might r e d u c e t h e i r a v a i l a b l e1058
s t u d y t ime ( F a c t o r E ) , p o t e n t i a l l y1059

i m p a c t i n g t h e i r academic p e r f o r m a n c e1060
( F a c t o r C) .1061

3 . B does n o t a f f e c t A ( I n d e p e n d e n t ) :1062
The q u a l i t y o f s c h o o l f a c i l i t i e s (1063
F a c t o r A) i s i n d e p e n d e n t o f t h e1064
t e a c h i n g methods ( F a c t o r B) . The way1065

t e a c h e r s i m p a r t e d u c a t i o n doesn ' t1066
n e c e s s a r i l y change or improve t h e1067
p h y s i c a l r e s o u r c e s l i k e l i b r a r i e s o r1068

s p o r t s f a c i l i t i e s .1069

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

4 . Unknown i f A a f f e c t s C ( Unknown ) : I t ' 1070
s u n c e r t a i n whe the r t h e q u a l i t y o f 1071
s c h o o l f a c i l i t i e s ( F a c t o r A) has a 1072
d i r e c t i mp ac t on s t u d e n t academic 1073
p e r f o r m a n c e ( F a c t o r C) . While b e t t e r 1074

f a c i l i t i e s might p r o v i d e a more 1075
c o n d u c i v e l e a r n i n g env i ronment , 1076
t h e i r d i r e c t i n f l u e n c e on academic 1077
p e r f o r m a n c e i s n ' t c l e a r l y 1078
e s t a b l i s h e d i n t h i s s c e n a r i o . 1079

1080
Q u e s t i o n : What i s r e l a t i o n s h i p between { 1081

f a c t o r A } and { f a c t o r B }? 1082
1083

Expec ted Response Format : 1084
``` 1085
Thoughts : 1086
[ Wr i t e your t h o u g h t s on t h e q u e s t i o n ] 1087

1088
Answer : 1089
(A) D i r e c t a s s o c i a t i o n 1090
(B) I n d i r e c t a s s o c i a t i o n 1091
(C) I n d e p e n d e n t 1092
(D) Unknown 1093

1094
I n t e r m e d i a r y F a c t o r s : 1095
[ Sk ip t h i s i f you d i d n o t choose B above 1096

. O t h e r w i s e l i s t a l l f a c t o r s 1097
i n v o l v e d i n t h i s i n d i r e c t 1098
a s s o c i a t i o n r e l a t i o n s h i p , each 1099
s e p a r a t e d by a comma ] 1100

``` 1101

A.6.2 Query LLM Associational 1102

Relationships (Document-Based Query) 1103

As a s c i e n t i f i c r e s e a r c h e r , your t a s k i s 1104
t o a n a l y s e a document t o d e t e r m i n e 1105

t h e a s s o c i a t i o n between two f a c t o r s . 1106
Thi s i s p a r t o f a c o n t r o l l e d 1107

e x p e r i m e n t ; t h e r e f o r e , you s h o u l d 1108
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Figure 9: Causal graph recovered by LACR using
PubMed(MQ) with PubMed+Sachs(MQ) as the orient-
ing query pool.

r e l y s o l e l y on t h e i n f o r m a t i o n1109
p r o v i d e d i n t h e document , n o t your1110
background knowledge . Fol low t h e s e1111
s t e p s :1112

1113
1 . Read t h e ' C o n t e x t I n f o r m a t i o n '1114

s e c t i o n ( d e l i m i t e d by t r i p l e d o l l a r1115
s i g n s ) t o u n d e r s t a n d t h e background1116
of your t a s k .1117

2 . Enhance your u n d e r s t a n d i n g by r e a d i n g1118
t h e ' Examples ' s e c t i o n .1119

3 . Read t h e g i v e n document t h o r o u g h l y .1120
4 . Think s t e p by s t e p . Wr i t e your1121

t h o u g h t s r e g a r d i n g t h e g i v e n1122
q u e s t i o n , t h e n s e l e c t your answer1123
from t h e m u l t i p l e − c h o i c e o p t i o n s .1124

5 . Be fo re you respond , e n s u r e your1125
t h o u g h t s and answer a l i g n wi th a l l1126
t h e i n f o r m a t i o n i n t h e ' C o n t e x t1127
I n f o r m a t i o n ' s e c t i o n .1128

6 . Respond a c c o r d i n g t o t h e e x p e c t e d1129
f o r m a t ( d e l i m i t e d by t r i p l e1130
b a c k t i c k s ) .1131

1132
C o n t e x t I n f o r m a t i o n :1133
$$$1134
C o n s i d e r two f a c t o r s − A and B :1135
1 . A and B a r e n o t a s s o c i a t e d i f and1136

on ly i f A does n o t i n f l u e n c e B and B1137
does n o t i n f l u e n c e A.1138

2 . I f e i t h e r f a c t o r i n f l u e n c e s t h e o t h e r1139
, t h e n t h e y a r e a s s o c i a t e d .1140

3 . The f a c t t h a t A does n o t i n f l u e n c e B1141
does n o t n e c e s s a r i l y mean t h a t B1142
does n o t i n f l u e n c e A.1143

4 . You s h o u l d n e v e r assume or i n f e r t h a t1144
A and B a r e n o t a s s o c i a t e d u n l e s s1145

t h i s i s e x p l i c i t l y s t a t e d i n a1146
document . I t i s p o s s i b l e t h a t t h e i r1147
r e l a t i o n s h i p may somet imes be1148
unknown .1149

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

5 . D i r e c t a s s o c i a t i o n r e f e r s t o a 1150
s c e n a r i o where one v a r i a b l e d i r e c t l y 1151

a f f e c t s a n o t h e r w i t h o u t any 1152
i n t e r m e d i a r y v a r i a b l e s . 1153

6 . I n d i r e c t a s s o c i a t i o n o c c u r s when t h e 1154
e f f e c t o f one v a r i a b l e on a n o t h e r i s 1155

t r a n s m i t t e d t h r o u g h one o r more 1156
i n t e r m e d i a r y v a r i a b l e s . 1157

1158
C o n s i d e r t h e r e a r e f a c t o r s o t h e r t h a n A 1159

and B : 1160
1 . When a t h i r d f a c t o r , C , i n f l u e n c e s 1161

bo th A and B d i r e c t l y , t h e n A and B 1162
a r e a s s o c i a t e d i n d i r e c t l y t h r o u g h C . 1163

I f C on ly has an imp ac t on one of 1164
t h e f a c t o r s (A or B) , t h e n i t i s 1165
unknown i f A or B a r e a s s o c i a t e d . 1166

2 . When bo th A and B i n f l u e n c e s C , i t 1167
doesn ' t mean t h a t A and B a r e 1168
a s s o c i a t e d . 1169

3 . When A i n f l u e n c e s B , which i n t u r n 1170
i n f l u e n c e s a t h i r d f a c t o r , C , t h e n A 1171

and C a r e i n d i r e c t l y a s s o c i a t e d . 1172
$$$ 1173

1174
Examples : 1175
F a c t o r A: The q u a l i t y o f s c h o o l 1176

f a c i l i t i e s ( e . g . , l i b r a r i e s , s p o r t s 1177
f i e l d s ) 1178

F a c t o r B : The e f f e c t i v e n e s s o f t h e 1179
t e a c h i n g methods 1180

F a c t o r C : S t u d e n t academic p e r f o r m a n c e 1181
F a c t o r D: I f s t u d e n t l i k e s t o p l a y game 1182
F a c t o r E : S t u d e n t ' s s t u d y t ime 1183
In t h i s example , t h e r e l a t i o n s h i p s a r e : 1184
1 . B d i r e c t l y a f f e c t s C ( D i r e c t 1185

A s s o c i a t i o n ) : The e f f e c t i v e n e s s o f 1186
t h e t e a c h i n g methods ( F a c t o r B) 1187
d i r e c t l y i n f l u e n c e s s t u d e n t academic 1188

p e r f o r m a n c e ( F a c t o r C) w i t h o u t any 1189
o t h e r i n t e r m e d i a r y f a c t o r . 1190
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Figure 11: Causal graph recovered by LACR using
PubMed+Sachs(SQ) with PubMed(MQ) as the orienting
query pool.

2 . D i n d i r e c t l y a f f e c t s C v i a E (1191
I n d i r e c t A s s o c i a t i o n ) : When a1192
s t u d e n t e n j o y s p l a y i n g games ( F a c t o r1193
D) , i t might r e d u c e t h e i r a v a i l a b l e1194
s t u d y t ime ( F a c t o r E ) , p o t e n t i a l l y1195

i m p a c t i n g t h e i r academic p e r f o r m a n c e1196
( F a c t o r C) .1197

3 . B does n o t a f f e c t A ( I n d e p e n d e n t ) :1198
The q u a l i t y o f s c h o o l f a c i l i t i e s (1199
F a c t o r A) i s i n d e p e n d e n t o f t h e1200
t e a c h i n g methods ( F a c t o r B) . The way1201

t e a c h e r s i m p a r t e d u c a t i o n doesn ' t1202
n e c e s s a r i l y change or improve t h e1203
p h y s i c a l r e s o u r c e s l i k e l i b r a r i e s o r1204

s p o r t s f a c i l i t i e s .1205
4 . Unknown i f A a f f e c t s C ( Unknown ) : I t '1206

s u n c e r t a i n whe the r t h e q u a l i t y o f1207
s c h o o l f a c i l i t i e s ( F a c t o r A) has a1208
d i r e c t i mp ac t on s t u d e n t academic1209
p e r f o r m a n c e ( F a c t o r C) . While b e t t e r1210

f a c i l i t i e s might p r o v i d e a more1211
c o n d u c i v e l e a r n i n g env i ronment ,1212
t h e i r d i r e c t i n f l u e n c e on academic1213
p e r f o r m a n c e i s n ' t c l e a r l y1214
e s t a b l i s h e d i n t h i s s c e n a r i o .1215

1216
Document :1217
{ document }1218

1219
Q u e s t i o n : What i s r e l a t i o n s h i p between {1220

f a c t o r A } and { f a c t o r B }?1221
1222

Expec ted Response Format :1223
```1224
Document I d e n t i f i e r : XXX1225

1226
Thoughts :1227
[ Wr i t e your t h o u g h t s on t h e q u e s t i o n1228

a f t e r r e a d i n g t h e document ]1229
1230

Answer :1231

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

(A) D i r e c t a s s o c i a t i o n 1232
(B) I n d i r e c t a s s o c i a t i o n 1233
(C) I n d e p e n d e n t 1234
(D) Unknown 1235

1236
R e f e r e n c e : 1237
[ Sk ip t h i s i f you chose o p t i o n D above . 1238

Otherwise , p r o v i d e a s u p p o r t i n g 1239
s e n t e n c e from t h e document f o r your 1240
c h o i c e ] 1241

1242
I n t e r m e d i a r y F a c t o r s : 1243
[ Sk ip t h i s i f you d i d n o t choose B above 1244

. O t h e r w i s e l i s t a l l f a c t o r s 1245
i n v o l v e d i n t h i s i n d i r e c t 1246
a s s o c i a t i o n r e l a t i o n s h i p , each 1247
s e p a r a t e d by a comma ] 1248

``` 1249

A.6.3 Query LLM to orient causal 1250

relationships (Background-Based 1251

Query) 1252

As a s c i e n t i f i c r e s e a r c h e r , your t a s k i s 1253
t o use your background knowledge t o 1254
d e t e r m i n e t h e c a u s a l r e l a t i o n s h i p 1255

between two f a c t o r s . Fol low t h e s e 1256
s t e p s : 1257

1258
1 . Read t h e ' C o n t e x t I n f o r m a t i o n ' 1259

s e c t i o n ( d e l i m i t e d by t r i p l e d o l l a r 1260
s i g n s ) t o u n d e r s t a n d t h e meaning of 1261
' C a u s a l i t y ' . 1262

2 . Enhance your u n d e r s t a n d i n g by r e a d i n g 1263
t h e ' Examples ' s e c t i o n . 1264

3 . Think s t e p by s t e p . With your 1265
background knowledge , w r i t e your 1266
t h o u g h t s r e g a r d i n g t h e g i v e n 1267
q u e s t i o n , t h e n s e l e c t your answer 1268
from t h e m u l t i p l e − c h o i c e o p t i o n s . 1269
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Figure 13: Causal graph recovered by LACR using
PubMed+Sachs(SQ) with PubMed+Sachs+Full(MQ)
as the orienting query pool.

4 . Be fo re you respond , e n s u r e your1270
t h o u g h t s and answer a l i g n wi th a l l1271
t h e i n f o r m a t i o n i n t h e ' C o n t e x t1272
I n f o r m a t i o n ' s e c t i o n .1273

5 . Respond a c c o r d i n g t o t h e e x p e c t e d1274
f o r m a t ( d e l i m i t e d by t r i p l e1275
b a c k t i c k s ) .1276

1277
C o n t e x t I n f o r m a t i o n :1278
$$$1279
C o n s i d e r two f a c t o r s − A and B :1280
1 . A i s a d i r e c t c a u s e o f B i f A1281

d i r e c t l y i n f l u e n c e s B or A d i r e c t l y1282
a c t i v a t e s B .1283

2 . I f A i s n o t a c a u s e o f B , i t does n o t1284
mean t h a t B i s n o t a c a u s e o f A.1285

3 . I f A on ly i n f l u e n c e s B t h r o u g h o t h e r1286
i n t e r m e d i a r y f a c t o r s , t h e n A i s n o t1287
a c a u s e o f B .1288

$$$1289
1290

Examples :1291
F a c t o r A: The e f f e c t i v e n e s s o f t h e1292

t e a c h i n g methods1293
F a c t o r B : S t u d e n t academic p e r f o r m a n c e1294
In t h i s example , t h e r e l a t i o n s h i p s a r e :1295
1 . A a f f e c t s B ( C a u s a l i t y ) : The1296

e f f e c t i v e n e s s o f t h e t e a c h i n g1297
methods ( F a c t o r A) d i r e c t l y1298
i n f l u e n c e s s t u d e n t academic1299
p e r f o r m a n c e ( F a c t o r B) . For i n s t a n c e1300
, i n n o v a t i v e and e n g a g i n g t e a c h i n g1301
methods can l e a d t o b e t t e r1302
u n d e r s t a n d i n g and r e t e n t i o n o f1303
i n f o r m a t i o n by s t u d e n t s , t h e r e b y1304
improv ing t h e i r academic p e r f o r m a n c e1305
.1306

2 . B does n o t a f f e c t A ( Non− C a u s a l i t y ) :1307
Any changes i n t h e s t u d e n t academic1308
p e r f o r m a n c e ( F a c t o r B) w i l l n o t have1309

an d i r e c t i mp ac t on t h e1310

Figure 14: Causal graph recovered by LACR using
PubMed+Sachs(MQ) with PubMed(MQ) as the orienting
query pool.
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Figure 15: Causal graph recovered by LACR using
PubMed+Sachs(MQ) with PubMed+Sachs(MQ) as the
orienting query pool.
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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.
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Figure 17: Causal graph recovered by LACR using
PubMed+Sachs+Full(SQ) with PubMed(MQ) as the ori-
enting query pool.

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

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

Figure 20: Causal graph recovered by LACR using
PubMed+Sachs+Full(MQ) with PubMed(MQ) as the
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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