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Abstract

Causal discovery from unstructured data is a
challenging yet underexplored task in high-
expertise domains such as healthcare, finance,
and education. Existing methods typically
leverage the general knowledge of large lan-
guage models (LLMs) to identify causal fac-
tors from unstructured data and annotate them
into structured data for causal graph construc-
tion. However, they remain limited by two key
challenges (CHs): (CH1) insufficient identifi-
cation of latent factors, which are implicit in
the data yet essential for causal discovery, due
to the lack of domain-specific knowledge; and
(CH2) unreliable factor annotation, caused
by the lack of domain-grounded reasoning,
which propagates errors to the resulting causal
graphs. To address these challenges, we in-
troduce a novel Domain Knowledge-enhanced
Causal Discovery framework (DKCD) for
causal discovery from unstructured data in high-
expertise domains with three interconnected
components: (1) Knowledge Mining: It re-
trieves relevant domain knowledge based on
observable factors to support subsequent causal
reasoning. (2) Knowledge-guided Causal
Reasoning: Reasoning with relevant knowl-
edge, it discovers latent causal factors to ad-
dress CH1 and generates key causal clues for
more accurate data annotation to address CH2.
and (3) Causal Structure Discovery: It con-
structs the final causal graphs based on a more
complete factor set and accurate annotations.
Experiments on two domain-specific datasets
show that DKCD significantly improves both
causal factor identification and causal graph
construction. The code and data are available at
https://github.com/bigoldli329/DKCD.

1 Introduction

Exploring and uncovering causality from real-
world data is fundamental across a wide range of
scientific domains (Bunge, 2017; Illari et al., 2011),
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including healthcare (Shi and Norgeot, 2022; Yang
et al., 2013), finance (Papana et al., 2017; Sokolov
et al., 2025), and education (Morrison and van der
Werf, 2016; Fancsali, 2014). In data-driven causal
discovery, causal relationships are typically repre-
sented as causal graphs. Existing causal discovery
algorithms, such as the Peter—Clark (PC) algorithm
(Spirtes et al., 2000; Ramsey, 2016) and the Fast
Causal Inference (FCI) algorithm (Spirtes et al.,
2013), are primarily designed for structured data
with predefined schemes and fixed formats, com-
monly organized in tabular form (e.g., relational
databases and spreadsheets). Thus, they face sub-
stantial limitations when applied to unstructured
data (Malinsky and Danks, 2018; Yu et al., 2016).
Meanwhile, the growing dominance of unstruc-
tured data, particularly natural-language text (Sid-
diga et al., 2017; Eberendu et al., 2016; Azad et al.,
2020), calls for methods that bridge unstructured
data and statistical causal discovery.

With the emergence of large language models
(LLMs), new opportunities have arisen for ana-
lyzing and discovering causal relationships from
unstructured data (Wang et al., 2023; Wang, 2024).
With strong capabilities for understanding, reason-
ing, and extracting knowledge from natural lan-
guage, LLLMs can support automatic identification
of causal factors, reducing reliance on manual do-
main expertise for data labeling (Ashwani et al.,
2024; Dubey et al., 2024). Specifically, the COAT
framework (Liu et al., 2024) is a representative
approach that leverages LLMs to extract causal fac-
tors from unstructured data, annotate factor values,
and then apply statistical causal discovery algo-
rithms to construct causal graphs. Although COAT
takes an important step forward, it suffers from crit-
ical limitations when applied to high-expertise do-
mains, such as clinical text analysis, where causal
factor identification requires substantial domain
knowledge, and many causal factors are implicit
rather than explicitly stated in unstructured data.
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Figure 1: Overview of the DKCD framework. DKCD leverages domain knowledge graphs to guide latent factor
discovery and enhances LLM-based causal reasoning by injecting external domain knowledge. The resulting
knowledge-grounded factor scoring improves the robustness and accuracy of downstream causal graph construction.

As shown in Figure 2, applying COAT to a
diabetes-domain dataset reveals limitations from
two key challenges (CHs). Challenge 1 (CH1):
COAT relies solely on LLMs’ general knowledge to
propose causal factors. Although such knowledge
is broad, it often lacks domain knowledge (Yu et al.,
2024b; Shou et al., 2023; Li et al., 2025d), mak-
ing it difficult to identify latent factors implied by
domain-specific observations. For instance, COAT
misses kidney disease, highlighted as a red node,
which requires knowledge linking reduced kidney
function, albuminuria, and diabetes-related compli-
cations to renal conditions. Such omissions yield
an incomplete factor set and limit the final causal
graph. Challenge 2 (CH2): Causal graph construc-
tion also requires accurate factor-value annotations
as structured input to downstream statistical causal
discovery algorithms. However, without external
domain knowledge, LLMs’ limited causal reason-
ing capabilities (Mirzadeh et al., 2024) often pro-
duce inaccurate or inconsistent annotations (Bur-
ford et al., 2024; Zecevic et al., 2023; Ban et al.,
2025). For example, COAT may annotate HUA
mainly based on explicit factors such as alcohol or
smoking while missing the role of kidney disease,
causing errors that propagate into the inferred final
causal graph as missing causal relationships and
uncertain or incorrect edge directions. Although Li
et al. (Liet al., 2025a) extended COAT (Liu et al.,
2024) to multimodal datasets through MLLM-CD,
the same challenges remain.

To address these challenges, we propose the
DKCD (Domain Knowledge-enhanced Causal
Discovery) framework, which effectively leverages

(b) COAT

Figure 2: The COAT result on the diabetes dataset.

domain knowledge graphs (KGs) to guide both
causal factor discovery and annotation, thereby im-
proving the quality of statistically inferred causal
graphs from unstructured data. As illustrated in
Figure 1, DKCD consists of three components. (1)
Knowledge Mining: It extracts observable factors
from unstructured data using LLLMs and retrieves
relevant subgraphs from domain KGs. Semantic
matching filters the retrieved knowledge to preserve
the most relevant context, supporting subsequent
causal reasoning. (2) Knowledge-Guided Causal
Reasoning: Building on the observable factors and
retrieved knowledge context, this module infers
latent factors that are not explicitly stated in the
unstructured data but are causally relevant in the
domain, thereby directly addressing the incomplete
factor identification challenge (CH1). In addition,
the module generates causal clues, i.e., domain-
grounded descriptions of plausible dependencies
among factors. These clues provide structured
guidance for scoring and annotation, helping re-
duce ambiguity and improve annotation reliability,
thereby addressing the inaccurate factor annotation
challenge (CH2). (3) Causal Structure Discovery:
With a more complete factor set and more accu-
rate annotations, this module applies a statistical
causal discovery algorithm to infer the final causal
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graph. In addition, Figure 6 in Appendix illustrates
DKCD’s causal discovery process using a Diabetes
dataset example. The main contributions of our
work are briefly summarized as follows:

* We propose DKCD, a novel domain knowledge-
enhanced causal discovery framework that inte-
grates domain KGs with LLM-based reasoning
to enhance causal discovery from unstructured
data in high-expertise domains.

* We design a knowledge-guided causal reasoning
module that leverages retrieved domain knowl-
edge to discover latent causal factors and gen-
erate knowledge-grounded causal clues, thereby
improving annotation accuracy.

* We construct the first domain-specific bench-
marks with real-world knowledge graphs for
evaluation. Extensive experiments show that
DKCD significantly outperforms existing meth-
ods regarding both causal factor identification
and causal graph construction.

2 Related Work

Causal Discovery aims to identify causal relation-
ships from data and typically represents them as
causal graphs. Existing methods are commonly di-
vided into three categories: constraint-based (Niu
et al., 2024; Vowels et al., 2022), score-based
(Vowels et al., 2022), and continuous optimiza-
tion methods (Gong et al., 2024; Hyttinen et al.,
2016). Constraint-based methods infer structure
through conditional independence tests, with repre-
sentative algorithms including FCI (Spirtes et al.,
2013), PC (Spirtes et al., 2000; Ramsey, 2016), and
PCMCI (Runge et al., 2019). Score-based meth-
ods evaluate candidate graphs using criteria such
as the Bayesian Information Criterion (BIC) and
the Bayesian Dirichlet equivalent uniform (BDeu)
(Huang et al., 2018; Nogueira et al., 2022), while
continuous optimization methods reformulate struc-
ture learning as differentiable optimization, such
as NOTEARS (Zhou and Chen, 2022; Lopez et al.,
2022). Although existing causal discovery algo-
rithms perform well on structured data, they are dif-
ficult to apply directly to unstructured text. DKCD
bridges this gap by enabling effective causal dis-
covery on domain-specific unstructured data.

LLM for Causal Discovery has recently emerged
as a promising direction (Gopalakrishnan et al.,
2024; Wu et al., 2023; Tong et al., 2024). Prior stud-
ies use LLMs to extract causal factors (Liu et al.,
2024), estimate causal edges (Ban et al., 2023; Dar-

variu et al., 2024), and support counterfactual rea-
soning from natural language data (Gendron et al.,
2024; Liu et al., 2026). However, LLMs alone
do not reliably perform causal reasoning, as their
predictions are largely driven by pretraining data,
which limits robustness in domain-specific settings.
KG-Guided LLMs for Causal Discovery intro-
duce structured domain knowledge to enhance
LLM-based causal reasoning and causal analysis
(Kim et al., 2024; Pan et al., 2024). Representative
studies include RC2R (Yu et al., 2024a), which fo-
cuses on causal reasoning over existing knowledge
graphs, and RealTCD (Li et al., 2024b), which per-
forms causal discovery on structured time-series
data, using textual information only as auxiliary
knowledge. Other studies incorporate biomedi-
cal knowledge graphs into prompting or retrieval
frameworks to support LLM reasoning (Susanti
and Farber, 2024; Lin et al., 2026). Despite these
advances, LLMs still struggle to reliably distin-
guish correlation from causation (Wu et al., 2024),
particularly in specialized domains where spurious
correlations are common. Moreover, these are not
directly applicable to our setting, which requires do-
main knowledge to extract potential causal factors
and reliable annotations from unstructured data.

3 Domain Knowledge-Enhanced Causal
Discovery

3.1 Problem Definition

We consider a dataset D = {x1,X2,...,Xn},
where each sample x; € X represents a domain-
specific textual description. Examples of the gen-
erated patient condition descriptions used in our
experiments are provided in Appendix B.1. In
domain-specific settings such as healthcare, textual
descriptions often contain rich unstructured obser-
vations that can support the identification of poten-
tial causal factors and relationships (Li et al., 2025c;
Ban et al., 2025). Let V* = {V;, V4, ..., Vy} de-
note the complete set of ground-truth causal fac-
tors underlying the domain process. The ground-
truth causal relationships among these variables
are represented by a directed acyclic graph (DAG)
G* = (V*, E*), where E* denotes the set of di-
rected causal edges. Therefore, causal discovery
from unstructured data aims to infer a causal graph
from D that approximates the ground-truth struc-
ture G*.

Identifying Causal Factors in Specialized Do-
mains. This task aims to identify a relevant set
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of causal factors V from an unstructured dataset
D. However, unstructured data often provides only
partial observations of the underlying causal factors
and omits several important causal factors, either
because they require domain expertise to infer or
because they are implicitly reflected through re-
lated symptoms, conditions, or measurements. To
better formulate this problem, we divide the causal
factors to be identified as V = V, U V,. Here,
V, denotes observable causal factors, which are
directly mentioned in the observational data and
can therefore be easily extracted by existing meth-
ods like COAT. V; denotes latent causal factors,
which are not explicitly stated but essential to ob-
tain the correct and comprehensive causal graph.
For example, given diabetic patient descriptions,
factors such as neuropathy, hyperuricemia (HUA),
kidney disease, obesity, and genetic predisposition
may not be explicitly mentioned, but they are clini-
cally important for diabetes diagnosis. They can be
inferred with domain-knowledge-grounded reason-
ing from indirect clinical indicators, such as kidney
disease, which may be reflected by abnormal eGFR
or albuminuria. However, existing methods com-
monly overlook them (e.g., Figure 2) due to the
lack of capabilities to obtain and leverage domain-
specific knowledge. Therefore, this motivates the
knowledge-guided design of DKCD.

Annotating Factor Values. Given the identified
factors V, each text x; must be annotated with a
value vy; for each variable V; € V, converting D
into a structured scoring table

Uk b=t (D

where |V| denotes the cardinality of V. Existing
methods (Li et al., 2025a; Liu et al., 2024) typically
obtain vy; by directly prompting LLMs to anno-
tate the value of each factor for each sample. This
annotation step is critical because the quality of
S directly determines the accuracy of downstream
causal discovery. However, accurately scoring fac-
tors, especially latent ones, in unstructured data
requires domain-grounded reasoning, which LLMs
lack when operating without external knowledge.

S = {(’Uklavkﬁv' o

Discovering the Causal Structure. Given the
structured data S, a statistical causal discovery al-
gorithm is applied to infer the causal graph G. The
accuracy of the inferred graph depends on both the
completeness of the factor set and the reliability of
the annotations. Errors in either distort conditional
independence tests and propagate to the graph.

The proposed DKCD framework aims to address

these challenging tasks by integrating LLMs with
domain knowledge graphs and statistical causal dis-
covery algorithms for reliable causal structure dis-
covery. The overall framework is illustrated in Fig-
ure 1 and consists of three key components. First,
the knowledge mining module extracts observable
causal factors from unstructured text using LLMs
and retrieves relevant subgraphs from the domain
knowledge graph to support the subsequent causal
reasoning. Second, the knowledge-guided causal
reasoning leverages knowledge to discover latent
causal factors and derive causal clues, thereby
supporting more reliable annotation. Third, the
causal structure discovery module applies statis-
tical causal discovery algorithms to infer causal
relationships among variables and construct the fi-
nal causal graph. In addition, Figure 6 provides
an illustrative example from the Diabetes dataset
to demonstrate the overall process of the DKCD,
which is further summarized in Algorithm A.

3.2 Knowledge Mining

As illustrated in Figure 1, this module takes a
domain-specific textual description and the domain
KG, denoted by G, as input. The objective
of this module is not only to extract directly ob-
servable causal variables, but also to retrieve the
most relevant contextual knowledge for subsequent
knowledge-guided reasoning.
Observable Factor Proposal: Given a small set of
textual samples Xy = {xi,X2,...,X;}, where
Xs C D and each sample x; € X5 denotes
a textual description, the LLM is prompted (see
Prompt B.3 in Appendix B.2) to identify a set of
observable causal factors V, explicitly mentioned
in the unstructured data. This step is formulated as
the following factor extraction mapping:

fobs © Xs = V. (2)
These factors provide the initial semantic anchors
for subsequent retrieval of relevant knowledge and
latent factor mining. However, these identifying
factors alone may still miss important latent causal
factors, motivating the use of domain KGs for la-
tent causal factor identification.
Domain KGs Retrieval: Based on the identified
observable factors )V, we retrieve relevant sub-
graphs from the domain KG, denoted as Gg.
Specifically, the observable factors are first normal-
ized without altering their semantic meaning, then
matched to relevant entity nodes in Gxg. Their
neighboring entities and relations are subsequently
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collected to construct contextual subgraphs
G'r) € Gxa 3)

where gﬁ:} denotes the retrieved subgraph with n
triples, where 7 is the number of retrieved triples.
In the semantic matching stage, these triples are fur-
ther transformed into natural language statements
for relevance ranking. The retrieved subgraph con-
tains structured domain concepts relevant to the
observable factors. The domain KG provides exter-
nal knowledge to enrich textual causal semantics
and support latent factor identification.
Semantic Matching: To perform finer-grained
retrieval aligned with semantic information, we
further conduct semantic matching between ob-
servable factors and retrieved knowledge entities
to preserve the most relevant knowledge context.
Since pretrained sentence encoders are trained on
natural language rather than symbolic triples, the
retrieved triples are verbalized into natural lan-
guage statements for semantic similarity matching
(Galal et al., 2024; Yin and Zhang, 2024). Specif-
ically, let S¢*) = {s1,s2,...,5n,} denote the set
of natural language statements verbalized from the
triples in the retrieved subgraph. This transforma-
tion aligns the structured KG information with the
textual embedding space used by pretrained sen-
tence encoders, enabling more effective semantic
matching with patient condition descriptions. For
each observable factor v; € V,, we encode v; and
each statement s; € S (k) into dense embeddings
using the pretrained sentence-transformer model
all-MiniLM-L6-v2 (Yin and Zhang, 2024; Vergou
et al., 2023), denoted as E(-), and compute their
semantic similarity using cosine similarity:
_ B(w)TE(s))
[rACHlipACHI
We then select the top-r most relevant statements
for each observable factor:

Sq(jf) = Top-r{s; € Sk) | sim(vs, s5)},  (5)

C))

sim(vj, s;)

where 81(,53) denotes the set of matched knowledge
statements associated with factor v;. Further analy-
sis of the parameter 7 is provided in Appendix B.8.
The selected knowledge items are then used to con-
struct the relevant knowledge context for each sam-
ple, providing more reliable support for latent fac-
tor discovery and causal clue inference.

3.3 Knowledge-Guided Causal Reasoning

This module leverages the retrieved domain knowl-
edge to perform two key reasoning tasks that di-

rectly address the two identified challenges. First,
it infers latent causal factors absent from the sur-
face text, thereby addressing the problem of in-
complete factor identification. Second, it generates
knowledge-grounded causal clues that guide more
reliable and accurate factor annotation.
Latent Factor Discovery: Given the observable
factor set V, and the matched knowledge context
derived from G f,:l), the LLM performs knowledge-
guided reasoning to infer a set of latent causal fac-
tors V;. These latent factors are not directly men-
tioned in the unstructured data, but are supported
by the semantic relations and domain concepts pro-
vided by the retrieved knowledge. The complete
causal factor set is therefore defined as
V=V,UV. ©6)
By incorporating domain knowledge to discover
latent factors, this step extends causal factor discov-
ery beyond surface-level textual mentions, leading
to a more comprehensive factor set that better ap-
proximates the ground-truth factor set V*.
Causal Clue Generation: Beyond factor discov-
ery, the LLM derives causal clues from the interac-
tion between the identified factors and the retrieved
domain knowledge through internal reasoning abil-
ity. These causal clues describe plausible causal
dependencies and domain-informed influence pat-
terns among factors. Formally, for each sample x,
the generated causal clues are denoted as

HE = LV, Gi4)), )
where L(-) represents the knowledge-guided rea-
soning process implemented by the LLM follow-
ing the prompt B.5 shown in Appendix B.2. An
example of the derived causal clues is shown in Ap-
pendix B.10. Note that the generated clues do not
directly determine the final causal graph. Instead,
they serve as domain-grounded guidance during
the annotation step: by providing the LLM with
explicit reasoning about how factors relate causally,
the clues help produce more accurate and consistent
factor values in the scoring table S, thereby improv-
ing the reliability of the structured data fed into the
downstream causal structure discovery module.

3.4 Causal Structure Discovery

With a more complete causal factor set VV and more
reliable annotations in the structured scoring table
S, the final step applies a statistical causal discov-
ery algorithm C to infer the causal graph. Formally,
the causal discovery process can be expressed as

G=C(8V), ®)
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Table 1: Causal factor identification and structure discovery performance on the diabetes dataset.

LLM Method NPt NR?T NFt AP?T AR?T AFT ESHD|
Zero-shot LLM 0.26 +£0.12 0.14 £0.07 0.154+0.03 0.17 £0.29 0.03 £0.05 0.05+0.08 36.67 +2.31
META 0.57£0.07 026+£0.11 035+0.12 1.00 +£0.00 0.13 +£0.09 0.22 +£0.13 32.00 £+ 1.00
GPT-40 COAT 0.61 +£0.11 031+£0.09 041 +0.10 0.65+0.04 0.18 £0.04 0.28 £0.05 30.67 £ 2.08
DKCD 0.84 £0.16 0.71+£0.08 0.77 +0.04 0.50+0.17 0.33 +0.18 0.40 = 0.18 25.33 + 3.21
Zero-shot LLM 0.35 £0.07 0.17 £0.04 0.23 +0.06 0.50 £0.00 0.08 £0.00 0.14 +0.00 36.00 £ 3.61
META 059 £0.08 031+£0.09 034+0.09 0.81+0.17 0.23+0.08 0.36+0.11 29.67 + 1.53
Gemini 2.5 Flash COAT 0.52+025 024+£0.05 032+0.09 037+032 0.10£0.12 0.16 £0.17 35.00 £ 7.00
DKCD 0.67 £0.03 0.62+0.25 0.59+021 0.86+0.15 0.33+0.16 0.45+0.17 29.67 +1.53
Zero-shot LLM 0.54 £0.27 0.16 £0.04 0.23+0.06 0.17£0.29 0.03 £0.05 0.05+0.08 37.33 £2.08
META 0.78 £0.13 0.41 £0.08 0.54+0.09 0.81+0.17 0.28+£0.05 0.41 £0.06 27.00 + 4.58
Grok-3 COAT 0.55£0.04 026+£0.05 035+0.05 0.83+0.29 0.10+0.04 0.18 £0.07 33.00 £ 0.00
DKCD 0.71 £0.04 0.64 £0.07 0.67 +0.05 0.74 +0.14 041 +0.16 0.44 +0.12 30.33 £3.21
Zero-shot LLM 0.56 +£0.22 0.38 £0.18 0.454+0.20 0.20 £0.09 0.29 £0.09 0.29 £0.09 29.67 £8.14
META 0.79 £0.10 0.41£0.04 0.53+0.04 048+0.14 0.20+0.05 0.29 £0.07 39.00 £ 3.46
LLaMA 3-70B  COAT 0.74 £0.07 038 £0.08 0.50+0.07 0.60+0.35 0.18 £0.05 0.27 £0.09 29.00 £ 3.61
DKCD 0.71 £0.06 0.57 £0.00 0.63 +0.07 0.65+0.19 0.33 £0.12 0.44 +0.14 27.67 + 3.51

where C denotes the causal discovery algorithm,
and G denotes the inferred causal graph whose
nodes correspond to the variables in VV and whose
edges represent the discovered causal relationships.
Moreover, we instantiate C using the FCI algo-
rithm (Spirtes et al., 2013) for final causal structure
discovery. FCI is particularly suitable because it
can infer causal structures in the presence of latent
confounders without requiring all causal factors to
be observed (Ramsey et al., 2025; Varghese et al.,
2024), which is important in specialized domains
where some causal factors may remain unidentified.
Since traditional causal discovery algorithms, in-
cluding FCI, require structured tabular data and are
sensitive to noisy or incomplete inputs (Malinsky
and Danks, 2018), the upstream modules of DKCD
are designed to produce a more complete factor set
and more accurate annotations, helping recover a
causal graph closer to the ground truth G*.

4 Experiments

We evaluate DKCD for causal factor and structure
discovery on synthetic Diabetes and Respiratory
datasets with GPT-40 (Hurst et al., 2024), Gemini
2.5 Flash (Comanici et al., 2025), Grok-3 (xAl,
2025), and LLaMA 3-70B (MetaAl, 2024). Appen-
dices B.1-B.5 describe dataset/KG construction,
prompts, implementation, metrics, and baselines.
Appendix B.6 reports full results, including latent-
factor recovery (LFR), retrieval-augmented genera-
tion (RAG), and GPT-5.5 (OpenAl, 2026) compar-
isons; Appendices B.7 and B.8 provide complete
ablation and parameter analyses. Appendix B.9
assesses robustness across FCI and PC, sensitivity
to KG incompleteness and noise, and potential data

leakage from LLM memorization of the public KG.

4.1 Experimental Setup

Currently, there are no publicly available datasets
that simultaneously provide unstructured data and
aligned ground-truth causal graphs in domain-
specific settings. Since causal discovery requires
ground-truth causal graphs for quantitative evalu-
ation, synthetic datasets remain necessary in ex-
isting research practice (Liu et al., 2024; Li et al.,
2025a). Following prior work, we construct two
medical-domain synthetic datasets grounded in
real-world medical KGs for evaluation: (1) the Dia-
betic Patient Condition Descriptions Dataset (Di-
abetes Dataset), which contains 400 patient con-
dition descriptions with 14 high-level factors and
a diabetes-domain KG; and (2) the Respiratory
Patient Condition Descriptions Dataset (Respi-
ratory Dataset), which contains 400 patient con-
dition descriptions with 8 high-level factors and
a respiratory-domain KG. Additional details are
provided in Appendix B.3.

Diabetes Dataset: Following prior work (Liu et al.,
2024; Li et al., 2025a), we generate a medical
dataset containing clinical descriptions of diabetic
patients. Each synthetic sample contains a textual
description of patient conditions and clinical infor-
mation. This includes 9 observable factors (i.e.,
sex, pregnancy, alcohol, smoking, BMI, walking
difficulty, age, diabetes, and islet dysfunction), and
5 latent factors (HUA, kidney disease, neuropathy,
obesity, and genetic risk), as shown in Figure 3(a).
Additionally, we construct a diabetes-domain KG
using the DiaKG dataset (Chang et al., 2021). Ad-
ditional construction details and the example of the
generated data are provided in Appendix B.1.1.

2829



Table 2: Causal factor identification and structure discovery performance on the respiratory dataset.

LLM Method NPt NR?T NFt AP?T AR?T AFT ESHD|
Zero-shot LLM 0.42 +0.07 0.38 £0.00 0.40 +£0.03 0.44 £0.10 0.13£0.00 0.20£0.01 20.00 £ 5.20
META 033 £0.06 025+0.00 028+0.02 1.00+0.00 0.134+0.00 0.23 £0.00 25.67 £ 1.53
GPT-40 COAT 0.34+0.06 0.25+0.00 0.29+0.02 0.67+0.58 0.09+£0.08 0.15+0.13 27.00 =+ 4.00
DKCD 0.74 £0.13 0.75£0.00 0.74 +0.07 0.87+0.23 0.56 + 0.22 0.68 + 0.21 16.67 £ 2.31
Zero-shot LLM  0.39 £0.05 0.29 +£0.08 0.33 +£0.06 0.44 +0.51 0.09 £0.08 0.14 £0.12 23.00 £ 6.24
META 021 £0.06 0.13£0.00 0.16+0.02 0.33+0.58 0.04 +£0.08 0.08 £ 0.13 26.00 £+ 4.36
Gemini 2.5 Flash COAT 0.23+0.06 0.21 £0.07 0.22+0.07 0.33+0.58 0.04 £0.08 0.08 £0.13 30.00+ 1.73
DKCD 0.84 £0.08 0.88+0.13 0.86+0.10 041+0.16 042+0.19 0.41+0.17 17.33 +3.21
Zero-shot LLM 0.51 £0.09 0.38 £0.00 0.41+0.02 0.44 £0.10 0.13+0.00 0.20+0.01 2233 £3.21
META 037 £0.04 029+0.08 0.33+0.05 1.00+0.00 0.134+0.00 0.23 +£0.00 25.67 £ 2.08
Grok-3 COAT 032+£0.18 021 £0.07 025+0.11 0.33+0.58 0.04+0.08 0.08 £ 0.13 26.33 £6.03
DKCD 0.67 £0.14 0.63 £0.21 0.64+0.18 0.62+0.13 0.34 +0.08 0.43 +0.09 18.67 £+ 1.15
Zero-shot LLM 0.32 £0.02 0.38 £0.00 0.34 +£0.01 0.50£0.00 0.134+0.00 0.21 +0.00 27.00 £ 2.00
META 0.35£0.07 029+£0.08 0.32+0.07 1.00+0.00 0.13+0.00 0.21 £0.00 25.67 £ 0.58
LLaMA 3-70B  COAT 053 £0.12 0.42+£0.07 047+0.09 0.83+0.29 0.254+0.00 0.38 £0.04 23.33 +3.06
DKCD 0.73+0.09 0.80£0.14 0.69+0.11 0.81+0.17 0.50£0.25 0.57 +0.18 17.33 +5.03

Respiratory Dataset: We also generate another
medical dataset containing clinical descriptions of
patients with respiratory conditions, following prior
work (Liu et al., 2024; Li et al., 2025a). Each sam-
ple includes 5 observable factors (i.e., tuberculosis,
smoke, lung cancer, lung disease, and chest X-ray)
and 3 latent factors (i.e., Asian travel, bronchitis,
and dyspnea), as illustrated in Figure 11(a). Ad-
ditionally, we construct a respiratory-domain KG
based on prior studies. Additional construction
details and the example of the generated data are
provided in Appendix B.1.2.

Baselines: Since causal discovery directly from
unstructured data remains underexplored, we in-
clude all relevant and comparable baselines in the
literature. Zero-shot LLM (Antonucci et al., 2023;
Du et al., 2025) generates causal graphs directly us-
ing LLMs without domain knowledge. COAT (Liu
etal., 2024) is a state-of-the-art LLM-driven frame-
work that combines LLM with traditional causal
discovery algorithms. META (Liu et al., 2024) is
a variant derived from the COAT ablation study.
Other related methods are not included because
they focus on different settings, such as causal
reasoning over existing KGs (Yu et al., 2024a) or
causal discovery from structured data (Li et al.,
2024b), rather than directly discovering causal
graphs from unstructured data. Additional details
are provided in Appendix B.5.

Metrics: Following common practice in the causal
discovery literature, we evaluate the performance
of factor identification and graph structure using
widely adopted metrics (Zanga et al., 2022; Li et al.,
2025a; Liu et al., 2024). For causal factor identi-
fication, we report: (1) Node Precision (NP), (2)

Node Recall (NR), and (3) Node F1-score (NF). For
causal structure discovery, we adopt: (1) Adjacency
Precision (AP), (2) Adjacency Recall (AR) and (3)
Adjacency Fl-score (AF). To jointly assess both
aspects, we also employ an extended Structural
Hamming Distance (ESHD) (Peters and Bithlmann,
2015; Li et al., 2025a). All results are reported as
the mean and standard deviation over three runs.
Additional details are provided in Appendix B.4.

4.2 Analysis on the Datasets

The empirical results of causal discovery on the
diabetes and respiratory datasets are presented in
Table 1 and Figure 3, and Table 2 and Figure 11,
respectively. The results demonstrate that DKCD
consistently outperforms the baseline methods in
most cases while maintaining stable performance
across different LLM backbones.

Results on the Diabetes Dataset: DKCD achieves
better overall causal factor identification perfor-
mance across most LLM settings, obtaining higher
NP, NR, and NF scores than the baselines, as shown
in Table 1. Compared with COAT (Liu et al., 2024),
DKCD more accurately identifies both observable
and latent causal factors, showing the effective-
ness of incorporating domain KGs and latent factor
reasoning for causal discovery from unstructured
data. DKCD also achieves competitive graph struc-
ture performance, with lower ESHD values and
stable AR and AF scores across different LLM
backbones, indicating closer alignment with the
ground-truth causal graph, as illustrated in Figure 3.
Additional graph comparison results across differ-
ent LLM backbones are provided in Appendix B.6.
Results on the Respiratory Dataset: A similar
trend can be observed on the respiratory dataset.
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Figure 3: Ground-truth and discovered causal graphs on the diabetes dataset. Latent factors are marked in red.

In terms of causal factor identification, DKCD
achieves the highest NP, NR, and NF scores across
most LLM configurations, with quantitative re-
sults presented in Table 2. These results indicate
that DKCD has a strong ability to extract mean-
ingful causal factors from patient descriptions of
respiratory conditions. In terms of causal graph
structure generation, DKCD also achieves lower
ESHD values and higher AR and AF scores in most
cases. These results indicate that DKCD can ef-
fectively recover the underlying causal structure
among respiratory-related factors. Overall, the re-
sults further confirm that integrating domain knowl-
edge with causal discovery algorithms significantly
improves causal discovery from unstructured data.
Additional graph comparison results across differ-
ent LLM backbones are provided in Appendix B.6.

4.3 Ablation Study

We conduct an ablation study using GPT-40 as
the representative LLM backbone to evaluate the
effectiveness of key components in DKCD. Specifi-
cally, we compare the full DKCD model with three
variants: (1) w/o CC removes causal clues in the
knowledge-guided causal reasoning module; (2)
w/o LF removes latent factor support, causing the
annotation process to rely solely on LLM-identified
factors; and (3) w/o Both removes both causal clues
and latent factor identification, simulating the set-
ting without knowledge graphs. Additional abla-
tion results and analyses of different design choices
are provided in Appendix B.7.

The experimental results on the Diabetes and
Respiratory datasets are shown in Table 3. Remov-
ing causal clues mainly degrades structural metrics
such as AF and ESHD, while the NF score remains

Table 3: Ablation study of the DKCD framework on the
Diabetes and Respiratory datasets.

Dataset Variant NFT AF?T ESHDJ]

w/oCC  0.77 £0.04 038 £0.15 26.67 £2.52
w/oLF 033 £0.14 0.00 £ 0.00 26.67 £2.52
w/o Both 0.54 £0.31 0.10 +0.09 34.00 £ 1.73
DKCD  0.77 £ 0.04 0.40 + 0.18 25.33 + 3.21

w/oCC  0.74 £0.07 0.62+£0.10 17.00 +2.65
w/oLF  045£0.11 0324+0.16 22.33 £4.51
w/oBoth 0.33 £0.15 0.14 £0.12 25.33 £ 1.53
DKCD  0.74 £ 0.07 0.68 +0.21 16.67 + 3.21

Diabetes dataset

Respiratory dataset

unchanged because causal clues are introduced af-
ter factor mining and therefore do not affect node
identification. In contrast, removing latent factor
identification leads to larger performance drops,
especially in NF, highlighting the importance of do-
main knowledge for discovering causal latent fac-
tors. Removing both components causes the severe
degradation, indicating that the two designs are
complementary. Overall, DKCD achieves competi-
tive performance across both datasets, demonstrat-
ing the benefit of integrating domain knowledge
with reasoning guidance for causal discovery.

5 Conclusions

This paper presents DKCD, a knowledge-enhanced
framework for causal discovery from unstructured
data in high-expertise domains. DKCD consists of
three key components: a knowledge mining mod-
ule that retrieves relevant domain knowledge, a
knowledge-guided causal reasoning module that
discovers latent causal factors and generates key
causal clues for accurate annotation, and a causal
structure discovery module that constructs the fi-
nal causal graph from the annotation table. Exten-
sive experiments on two domain datasets show that
DKCD significantly outperforms existing methods.
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Limitations

Although DKCD integrates LLMs with domain
knowledge graphs to improve causal discovery
from unstructured data, several limitations remain.
Reliance on LLLM-generated reasoning. DKCD
still relies on LLMs’ reasoning and generation ca-
pabilities. Although our design provides domain-
knowledge-grounded reasoning, LL.Ms may still
generate hallucinated, inconsistent, or biased
causal contents, especially in complex domain-
specific scenarios (Gu et al., 2026; Shi et al., 2025;
Yang et al., 2025a).

Limited availability of benchmark datasets.
Causal discovery from unstructured domain-
specific data is limited by the lack of publicly avail-
able benchmark datasets containing both unstruc-
tured textual descriptions and aligned ground-truth
causal graphs. Constructing reliable benchmarks
in specific domains remains challenging because
it requires extensive domain expertise, causal an-
notation, and validation (Visbal et al., 2004; Ro-
drigues et al., 2022). Although the datasets used
in this work are carefully constructed based on
prior literature and grounded in real-world medi-
cal knowledge, they should be viewed as a starting
point for developing and evaluating methods in this
emerging direction of domain-specific unstructured
causal discovery. Developing larger-scale and more
diverse benchmarks will be a focus of future work.
Scalability to broader domains. Our experiments
focus on two medical-domain datasets, which al-
low us to evaluate DKCD in specialized settings
where domain knowledge is important (Yang et al.,
2026a,c, 2025b). However, the generalization of
DKCD to other domains, such as education, fi-
nance, and the social sciences, remains underex-
plored (Yang et al., 2026b).

Future work will address these limitations in three
main directions. First, we will develop stronger
validation mechanisms for LLM-generated causal
reasoning, including consistency checking, uncer-
tainty estimation, and causal constraints derived
from domain knowledge. With the rapid devel-
opment of diffusion models in multiple domains
(Ho et al., 2020; Cai et al., 2026a, 2025, 2026c¢),
some work explores applying diffusion models
to conduct causal reasoning (Duan et al., 2024;
Lin et al., 2025; Li et al., 2025b). This tech-
nique can also be utilized to improve the reliabil-
ity of causal reasoning. Second, we will expand
the evaluation of DKCD by constructing and test-

ing on more diverse datasets, including real-world
domain-specific textual data, larger-scale knowl-
edge graphs, and expert-validated causal structures.
Third, we will investigate the application of DKCD
to broader specific domains, such as discovering
causal factors encoded in misinformation to im-
prove the content credibility and trustworthiness of
recommender systems (Cai et al., 2026b; Li et al.,
2024a, 2026).

Ethical Considerations

This research focuses on methodological work for
constructing causal graphs from unstructured tex-
tual data. The datasets used in our experiments are
either synthetic or derived from publicly available
sources, and do not contain personally identifiable
information. Additionally, our framework is in-
tended to assist researchers in discovering potential
causal structure and should not be used as a sub-
stitute for professional judgment, particularly in
sensitive domains such as healthcare. Future ap-
plications should carefully consider issues related
to data privacy, the potential biases inherent in lan-
guage models, and the responsible generation, inter-
pretation, and use of automatically inferred causal
relationships in practical settings.
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A Algorithm

Algorithm 1: The DKCD Framework

InPUt: D’ XS9 gKGa fOst M’ L, C.
Output: V, S, G.

1. Propose observable factors: V, < fops(Xs).

2. Initialize S « [].
3. For each x;, € D:
(a) Retrieve subgraph: QEZ) C Gka.
(b) Verbalize subgraph: S*) = {5, ... s Sy -
(c) Semantic matching: Sq(,f) — M(v;, S®),
Yv; € V,.
(d) Build matched context: S®) = {ngf) \
V; € Vo}.
(e) Discover latent factors: V; < L(V,, S (k).
(f) Generate causal clues: H <« L(V, U

Vi.GE).
(g) Annotate factors: V + V, UV,
s(h) A (Uklv s Uk’\V|)'

(h) Update scoring table: S <— S U {s(¥)}.
4. Discover causal graph: G < C(S, V).
5. Return V, S, G.

B More Details about Experiments

We construct two medical-domain datasets: the
Diabetic Patient Condition Descriptions Dataset
(Diabetes Dataset) and the Respiratory Patient Con-
dition Descriptions Dataset (Respiratory Dataset).
Each dataset contains 400 patient condition descrip-
tions, a set of high-level factors, and a correspond-
ing domain knowledge graph.

B.1 Dataset Construction Process
B.1.1 Diabetes Dataset

Diabetic Patient Condition Descriptions Gener-
ation: We construct a dataset of diabetic patient
condition descriptions following the methodology
proposed in (Liu et al., 2024). As illustrated in
Figure 4, we first construct a ground-truth causal
graph based on domain-specific academic mate-
rials (Noh and Kim, 2025; Molina-Montes et al.,
2021; Meijnikman et al., 2018), and then generate
structured data samples in the form of a scoring
table according to the predefined causal relation-
ships encoded in the graph. The FCI algorithm is
then applied to the generated structured dataset to
reconstruct the causal graph for causal consistency
verification. Only when the reconstructed graph is
structurally consistent with the ground-truth causal
graph are the structured samples used to generate
descriptions of diabetic patients’ conditions. Fi-
nally, Prompt B.1 is used to convert the generated
structured samples into unstructured diabetic pa-
tient condition descriptions.

Example Generated Diabetic Patient Condition
Description: An example generated diabetic pa-
tient condition description is shown below:

A middle-aged woman, a non-smoker with
no alcohol use history, presents for routine
assessment amidst long-standing diabetes
and hypertension. She maintains a BMI of
24 kg/m?, though she experiences activity-
related limitations attributed to her weight,
potentially suggesting underlying obesity.
There is no report of numbness or tingling,
inconsistent with neuropathy. Family his-
tory reveals no genetic predisposition to dia-
betes or associated disorders. Vitals: blood
pressure is well-controlled at 128/82 mmHg.
Laboratory results indicate a fasting plasma
glucose of 5.2 mmol/L, 2-hour OGTT of 6.4
mmol/L, and HbAlc at 5.5%, suggesting
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normal glucose metabolism. Kidney func-
tion tests show an eGFR of 58 mL/min/1.73
m?, with albuminuria at 32 mg/g, suggesting
chronic kidney disease. Lipid panel results
are within normal limits, showing LDL-C
at 2.2 mmol/L, HDL-C at 1.4 mmol/L, and
triglycerides at 1.0 mmol/L. Pathophysio-
logically, derived indices such as HOMA-
IR ~ 1.5 and HOMA-3 ~ 80% indicate
maintained insulin sensitivity and robust 3-
cell function. Cardiometabolic risk context
is moderate, influenced by her weight con-
siderations and renal findings but offset by
optimal lipid levels and normoglycemic sta-
tus. Diabetes status: absent; metrics do not
signify diabetes, sustaining a diagnosis of
normoglycemia.

Diabetes-Domain KG Construction: We con-
struct the diabetes-domain KG using Neo4j (Miller,
2013), based on the DiaKG resource provided in
(Chang et al., 2021), which contains annotated
entities and relations for diabetes-related medical
knowledge. Specifically, each annotated entity is
converted into a Neo4j node containing its name,
type, and source information, while each annotated
relation is converted into an edge connecting its
head and tail entities. For example, the annotated
triplet (Insulin resistance, Pathogenesis_Disease,
Obesity) is imported as two entity nodes connected
by a Pathogenesis_Disease relation.

B.1.2 Respiratory Dataset

Respiratory Patient Condition Descriptions
Generation: We construct a dataset of respira-
tory patient condition descriptions following the
methodology proposed in (Liu et al., 2024). As
illustrated in Figure 5, we first construct a ground-
truth causal graph based on prior domain knowl-
edge and the causal structure introduced in (Lau-
ritzen and Spiegelhalter, 1988), and then generate
structured data samples in the form of a scoring ta-
ble according to the predefined causal relationships
encoded in the graph. The FCI algorithm is then
applied to the generated structured dataset to re-
construct the causal graph for verification of causal
consistency. Only when the reconstructed graph is
structurally consistent with the ground-truth causal
graph are the structured samples used to generate
corresponding descriptions of respiratory patient
conditions. Finally, Prompt B.2 is used to convert

the generated structured samples into unstructured
respiratory patient condition descriptions.

Example Generated Respiratory Patient Condi-
tion Description: An example generated respira-
tory patient condition description is shown below:

A 34-year-old woman presents to the clinic
for a routine check-up without any specific
complaints. She denies recent travel, includ-
ing visits to Asia, or any known exposure
to tuberculosis. The patient is a non-smoker
and has no significant respiratory history.
She reports being in good health overall,
with no history of cough, sputum produc-
tion, fever, weight loss, night sweats, or
hemolysis. Additionally, she does not ex-
perience dyspnea, either at rest or with exer-
tion, and her daily activities are not limited.
Vital signs are stable, with a temperature of
36.7°C, heart rate 72 bpm, respiratory rate
16/min, blood pressure 118/76 mmHg, and
oxygen saturation 98% on room air. Chest
examination reveals normal breath sounds
with no wheeze or crackles. Routine labo-
ratory tests show a normal white blood cell
count and inflammatory markers. A chest
X-ray performed as part of her health main-
tenance check reveals normal findings with-
out evidence of infiltrates or abnormal pul-
monary opacities. Clinical impression in-
dicates no underlying lung condition, and
the chest X-ray supports this normal finding.
She is reassured, and no further pulmonary
investigation is needed at this time. Recom-
mendations include maintaining a healthy
lifestyle and routine follow-up as part of pre-
ventive healthcare.

Respiratory-Domain KG Construction: Since
suitable respiratory-domain knowledge graphs are
difficult to obtain, we collect a set of publications
in the respiratory domain (Rahman et al., 2023;
Stocks, 1959; Lauritzen and Spiegelhalter, 1988;
Onozaki et al., 2015; Caplin and Festenstein, 1975).
Based on these publications, we employ GPT-40
to extract relational triples in the form of (entity,
relation, entity), which serve as the basic struc-
ture for KG construction (Pujara et al., 2013; Zou,
2020). The extracted nodes and edges, together
with their supporting source passages, are imported
into Neo4j (Miller, 2013). For example, a source

2838



(a) Ground Truth

(b) Reconstructed Causal Graph

7

Sex | Age | Obesity |...| Pregnancy Diabetic
1 1 -1 1 -1 1
2| -1 0 1 1 0
3| 1 1 0 0 1
4 1 -1 0 1 1
5 1 0 1 0 -1

(c) Structured Data Generated from the
Ground-Truth Causal Graph

Figure 4: Ground truth causal graph and the causal graph reconstructed by the FCI algorithm from the generated
structured data derived from the ground truth on the diabetes dataset. Latent factors are marked in red.

passage describing the association between smok-
ing and lung cancer is converted into the triplet
(Smoke, Association, Lung Cancer).

B.2 Details on Prompts

In this section, we provide examples of prompts
used in our experiments, including:

* Generating diabetic patient condition descrip-
tions for the diabetes dataset (Prompt B.1).

* Generating respiratory patient condition descrip-
tions for the respiratory dataset (Prompt B.2).

* An example of observable causal factor mining
(Prompt B.3).

* An example of knowledge-guided latent causal
factor mining (Prompt B.4).

* An example of causal clues generation for causal
structure discovery (Prompt B.5).

* An example of the text evaluation prompt
(Prompt B.6).

Task:

Please write a clinical description for a patient based on
the given diabetic evaluation results.

Evaluation Results: {Diabetic Factors}

Requirement:
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- Integrate all provided factors into a clinically plausible
patient condition description.

- Embed natural clinical clues that imply the following
latent factors without explicitly labeling them:

¢ Neuropathy: numbness, tingling, burning sensation,
or reduced sensation in the feet.

¢ Obesity: elevated body weight, increased BMI, or
weight-related mobility limitations.

* HUA (Hyperuricemia): gout attacks, elevated serum
urate, or urate-lowering medication.

ChronicKidneyDisease:  albuminuria, reduced
eGFR, kidney impairment, or long-standing
metabolic disease.

* RiskGenes: family history of diabetes or genetic
predisposition to metabolic disorders.

- Single paragraph; No quotation marks; The description
should be complete.

- Modern clinical English.

- 150-250 words.

- Only output the patient condition description directly
without any other format or content.

Task:

Please write a clinical description for a patient based on
the given respiratory evaluation results.

Evaluation Results: {Respiratory Factors}
Requirement:

- Integrate all provided factors into a clinically plausible
patient condition description.

- Embed natural clinical clues that imply the following



Aisa Travel

Tuberculosis

Lung Disease

A 4

Chest X-ray

(a) Ground Truth

Aisa Travel

Lung Disease

Y
Chest X-ray

(b) Reconstructed Causal Graph

Smoke Dyspnea Bronchitis Lung Disease | Chest X-Ray
1 1 -1 1 -1 1
2 -1 0 1 1 0
3 1 1 0 0 1
4 1 -1 0 -1 1
5 1 0 1 0 -1

(c) Structured Data Generated from the
Ground-Truth Causal Graph

Figure 5: Ground-truth causal graph, generated structured dataset, and the causal graph reconstructed by the FCI
algorithm on the respiratory dataset. The ground-truth graph is first used to generate structured data samples, from
which the FCI algorithm reconstructs the causal graph. Latent factors are highlighted in red.

latent factors without explicitly labeling them:

* Visit_to_Asia: travel or exposure history related to
TB risk.

* Bronchitis: cough, sputum production, wheezing,
or bronchitic symptoms.

* Dyspnea: degree of shortness of breath or breathing
difficulty.

- Single paragraph; No quotation marks; The description
should be complete.

- Modern clinical English.

- 150-250 words.

- Only output the patient condition description directly
without any other format or content.

You are an expert clinical analyst specializing in medical
record interpretation. You are ready to analyze contrast-
ing patient condition descriptions and identify observable
causal factors.

Task:

Patient Condition Descriptions: {Patient Condition De-
scriptions }

Based on these patient condition descriptions, analyze
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the underlying differences among causal factors that may
contribute to the observed distinctions.

Requirements:

- Identify the key observable factors that differentiate the
patient records.

- Each factor should focus on one concrete aspect without
semantic overlap.

- Keep the criterion for value 0 fixed as: not exist; or not
mentioned.

- Each factor is only allowed to take one value from {-1, O,
1}.

Output Format:

Your output should contain the following three parts.
Part 1: Consideration

Explain your reasoning process when identifying causal
factors from the patient records. Focus on how the textual
evidence supports the abstraction of candidate factors.
Part 2: Factor Filtration

Evaluate each candidate factor and decide whether to re-
tain it.

Selection causal factor criteria:

» Each factor should help distinguish different patient
conditions.

» Each factor should represent a single concrete as-
pect.

* Semantic overlap between factors should be mini-
mized.



Part 3: Final Output
Report the final factors using the following template:
{Factor Name}

e - 1: [Positive Criterion]
e - 0: [Not exist; or not mentioned]

e - -1: [Negative Criterion]

Use the patient condition description, relevant domain
knowledge, and observable causal factor criteria to iden-
tify clinically meaningful latent causal factors.

Patient Condition Descriptions: {Patient Condition De-
scriptions }

Relevant Domain Knowledge: {Relevant Domain Knowl-
edge}

Observable Causal Factor Criteria: {Observable Causal
Factor Criteria}

Task:

Based on the patient condition description and the relevant
domain knowledge, identify latent causal factors. These
latent factors should capture deeper causal abstractions
rather than directly repeating observable factors.
Requirements

 Latent factors should represent higher-level mecha-
nisms or conceptual causes.

» They must be distinct from observable factors.

* Do not duplicate, paraphrase, or rename observable
factors.

* Avoid semantic overlap with observable factors.

Output Format:

Part 1: Consideration

Briefly describe how you abstract latent factors from ob-
servable factors and domain knowledge.

Part 2: Factor Filtration

Explain why each candidate factor should be kept or dis-
carded.

Part 3: Final Output

Report the final factors using the following template:
{Factor Name}

e - 1: [Positive Criterion]
¢ - 0: [Not exist; or not mentioned]

e - -1: [Negative Criterion]

Task:

Using ONLY the factors finalized according to {Patient
Condition Description} and { Causal Factor Criteria}, infer
causal clues.

Patient Condition Description: {Patient Condition De-
scription }

Causal Factor Criteria: {Causal Factor Criteria}

Relevant Domain Knowledge: {Relevant Domain Knowl-
edge}

Requirements

- Infer causal clues only when there is clear textual evi-
dence from the patient condition description and causal
factor criteria.

- Each causal clue should suggest a potential directional
relationship between two factors.

- If the relationship is uncertain or unsupported by the text,
omit the edge rather than guessing.

Output Format

Part 1: Inferred Causal Clues

List the inferred causal clues in the following format:
Source_Factor — Target_Factor

Part 2: Justification

Provide a brief justification for each clue based on the
patient’s condition description.

You are a highly capable assistant for analyzing, abstract-
ing, and processing textual data.

Task:

Evaluate the following factors based on the provided pa-
tient condition description.

Patient Condition Descriptions: {Patient Condition De-
scriptions }

Each factor must be assigned exactly one value from {-1,
0, 1} according to its evaluation criteria.

Factor Criteria and Causal Clue (used as reference during
scoring):

{Factor Criteria} {Causal Clue}

Requirements

- For each factor, select exactly one value from {-1, 0, 1}.
- If the factor is not mentioned in the text, return 0.

- The assigned value must strictly follow the given factor
criteria.

Output Format

Return ONLY a single-line compact JSON object:

Rules:

¢ Output JSON only (no explanations, no markdown,
no extra text).

* Keys must match exactly (including spaces and low-
ercase).

* Values must be integers from {-1, 0, 1}.

Example format: {json_example}

B.3 Implementation Details

We implement DKCD as follows. In the knowledge
mining module, we first sample representative pa-
tient condition descriptions from different outcome
groups. Following the COAT method, we empir-
ically select up to 20 samples per group to form
a diverse, balanced input set for identifying ob-
servable factors. For relevant domain knowledge
retrieval, we normalize the expressions of the ex-
tracted observable factors without changing their
meanings and use fuzzy matching to locate the cor-
responding Neo4;j entities. We then retrieve their
one-hop neighbors and connecting relations to ob-
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tain candidate subgraphs. The retrieved triplets are
verbalized into knowledge sentences and ranked
against the observable-factor descriptions using em-
beddings from the pretrained sentence-transformer
all-MiniLM-L6-v2 (Yin and Zhang, 2024; Vergou
etal., 2023) and cosine similarity. We retain the top-
r contexts for each factor. For example, the observ-
able factor Renal Function can retrieve the triplet
(Renal function, Test_Disease, Chronic kidney dis-
ease), which is verbalized and supplied as relevant
knowledge for subsequent latent-factor reasoning.
Based on the parameter analysis in Table 12, we
set 7 = 20 to balance relevant knowledge coverage
and contextual noise.

In the knowledge-guided causal reasoning mod-
ule, the LLLM takes representative patient condi-
tion descriptions, observable factor criteria, and
retrieved knowledge contexts as input to infer a
shared set of latent causal factors at the corpus level.
The complete factor set is then annotated separately
for every document. Causal clues guide annotation
but do not directly determine the final graph. In
particular, background knowledge alone is insuf-
ficient to assign a positive value: the document
must contain direct or indirect supporting evidence.
When neither is available, the corresponding value
is set to 0 (not observed). In the causal structure
discovery module, we apply the FCI algorithm im-
plemented in the causal-learn library (Zheng et al.,
2024) to the annotated scoring table to infer the fi-
nal causal graph structure. All experimental results
are reported as the mean and standard deviation
over three independent runs. All experiments are
conducted on a server with two Intel Xeon 6346
CPUs, 256GB RAM, and two NVIDIA A40 GPUs,
with all LLMs accessed via API calls.

B.4 Evaluation Metrics

To evaluate the effectiveness of our method, we
adopt a set of commonly used metrics for both
causal factor identification and causal graph struc-
ture discovery, following prior work (Li et al.,
2025a; Liu et al., 2024; Zanga et al., 2022).
Factor Identification: We evaluate the accuracy
and completeness of the identified causal factors us-
ing precision (NP), recall (NR), and F1 score (NF).
Since factor names may vary across different meth-
ods and models, we manually align semantically
equivalent factors with the ground-truth names dur-
ing evaluation to ensure consistency.

Latent Factor Recovery: We additionally report

the latent factor recovery rate (LFR), defined as

LFR = Nrecovered
N latent

where Nyecovered 18 the number of successfully
recovered ground-truth latent factors and Nyatent
is the total number of ground-truth latent factors.
LFR directly measures the ability of a method to
recover factors that are implicit in the documents
rather than explicitly observed.

Causal Graph Structure Discovery: The quality
of the discovered causal structure is evaluated using
adjacency precision (AP), adjacency recall (AR),
and their F1 score (AF). These adjacency metrics
evaluate whether two factors are connected but do
not distinguish between opposite edge directions.
We further adopt the extended structural Hamming
distance (ESHD) metric (Li et al., 2025a). Com-
pared with the standard SHD metric (Tsamardinos
et al., 2006; Norouzi et al., 2012), ESHD addi-
tionally accounts for direction errors, missing and
spurious factors, and their associated edges.

B.5 Baselines

We provide a detailed list of the representative base-
lines used in our experiments, including:

e Zero-shot LLM (Antonucci et al., 2023; Du
et al., 2025) relies solely on the reasoning capa-
bility of LLMs without providing any examples
or domain knowledge.

e Zero-shot LLM + RAG augments the zero-shot
LLM with retrieved domain context. Unlike
DKCD, it does not include dedicated modules for
structured KG retrieval, latent-factor reasoning,
causal-clue generation, or evidence-grounded an-
notation.

e META (Liu et al., 2024) is a variant derived
from the COAT ablation study, where contextual
examples are not provided. It performs zero-shot
causal factor proposal based only on the given
context using LLMs.

¢ COAT (Liu et al., 2024) is a state-of-the-art
LLM-driven framework for causal discovery
from unstructured text. It integrates LLM reason-
ing with traditional causal discovery algorithms
to construct causal graphs.

B.6 Full Experimental Results

The complete qualitative comparison of differ-
ent methods across multiple LLM backbones, in-
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Table 4: Latent factor recovery (LFR) rate on the Dia-
betes dataset using GPT-4o.

Dataset Method LFR?
Zero-shot LLM 0.27 +0.12
. META 0.27 +£0.23
Diabetes dataset COAT 0.40 + 0.20
DKCD 0.67 £0.12

cluding GPT-40, Gemini 2.5 Flash, Grok-3, and
LLaMA 3-70B, on the Diabetes dataset is presented
in Figures 7, 8, 9, and 10. These visual results offer
a more comprehensive view of the causal graph
structures produced by each method under differ-
ent LLM backbones, thereby facilitating a detailed
qualitative assessment of their structural discovery
capabilities. Likewise, the corresponding quali-
tative comparisons on the Respiratory dataset are
presented in Figures 11, 12, 13, and 14.

B.6.1 Latent Factor Recovery

Table 4 reports LFR on the Diabetes dataset us-
ing GPT-40. DKCD achieves the highest LFR
of 0.67 + 0.12, improving over the second-best
method, COAT, by 0.27 absolute (27 percentage
points). This result is consistent with both the
factor-identification metrics and the qualitative
comparisons of discovered latent factors.

B.6.2 Additional Baseline Comparisons

We additionally compare DKCD with a retrieval-
augmented zero-shot baseline and with zero-shot
prompting of a more recent LLM. As shown in Ta-
ble 5, simply providing retrieved domain informa-
tion to a zero-shot LLM is insufficient: Zero-shot
LLM + RAG obtains an NF of 0.16 + 0.05 and
fails to recover any correct adjacency. The zero-
shot GPT-5.5 baseline may identify some relevant
factors, but it does not reliably recover a complete
factor set or causal structure. In contrast, DKCD
combines structured retrieval, latent-factor reason-
ing, causal-clue generation, and evidence-grounded
annotation, yielding substantially better factor and
graph recovery.

B.7 Full Ablation Study Results

To complement the findings in Section 4.4, we fur-
ther present detailed ablation results on the Dia-
betes and Respiratory datasets using GPT-40 as a
representative LLM backbone. These results of-
fer a more fine-grained analysis of each compo-
nent’s role in the proposed framework for causal

factor identification and causal structure discovery.
Specifically, they allow us to examine how remov-
ing individual components affects both factor-level
performance and the structural quality of the in-
ferred causal graphs. The complete results are re-
ported in Table 10.

Additionally, in Table 11, we study key de-
sign choices in DKCD (Figure 1). SM de-
notes semantic matching, while SP refers to re-
placing the structured prompt (Prompt B.4) in
knowledge-guided causal reasoning with a simpler
task-only prompt that omits the reasoning chain.
As shown, removing either component degrades
performance, with noticeable drops in both factor
identification (NP/NR/NF) and structural metrics
(AR/AF/ESHD), highlighting the importance of
both semantic matching and structured reasoning.

B.8 Parameter Analysis Results

In this section, we analyze the impact of the pa-
rameter 7 on DKCD performance on the Diabetes
dataset using GPT-40. Here, r denotes the num-
ber of top-r relevant knowledge contexts selected
for each factor after semantic matching. When r
is small, insufficient knowledge is retrieved, lead-
ing to lower performance. As shown in Table 12,
performance improves as r increases and reaches
a relatively good level at around » = 20. In con-
trast, incorporating too much contextual knowledge
can introduce excessive noise, thereby degrading
DKCD performance. Therefore, we use r = 20 in
the main experiments.

B.9 Additional Robustness and Sensitivity
Analyses

In this section, we conduct additional experiments
to evaluate the robustness and reliability of DKCD
under different downstream causal discovery meth-
ods and varying KG conditions. Specifically, we
examine its sensitivity to KG incompleteness and
noise and assess whether GPT-40 memorizes the
public Diabetes KG.

B.9.1 Robustness to the Causal Discovery
Method

To assess whether DKCD depends on the down-
stream causal discovery algorithm, we replace FCI
with PC on the Diabetes dataset using GPT-4o.
As reported in Table 6, factor-identification results
remain unchanged because both variants use the
same factor-identification and annotation stages.
PC yields comparable graph-recovery performance,
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Table 5: Additional baseline comparisons on the Diabetes dataset.

LLM  Method NPt NRt NF{ AP} AR AF? ESHD|

GPT-40 Zero-shot LLM + RAG 0.244+0.10 0.124+0.04 0.16£0.05 0.0020.00 0.00=0.00 0.00£0.00 36.67 + 2.31
GPT-5.5 Zero-shot LLM 0.224+0.04 0.19+0.04 020+£0.04 0.50+050 0.05+0.05 0.10+0.08 54.00 = 7.00
GPT-40 DKCD 0.84+0.16 0.71+0.08 0.77+004 0.50+0.17 0.33+0.18 0.40+0.18 2533 +3.21

Table 6: Robustness to the downstream causal discovery method on the Diabetes dataset using GPT-4o0.

Causal discovery method Method NPt NRT NF1 APT ART AFt ESHD|
FCI DKCD 0.84+0.16 0.71+0.08 0.77+0.04 0.50+0.17 0.33+0.18 0.40+0.18 25.33+3.21
PC DKCD 0.84+0.16 0.71+0.08 0.77+0.04 0.56 £0.20 0.39+£0.31 0.43+0.29 24.33 +2.52

Table 7: Exact-match memorization check on the Dia-
betes KG using GPT-4o.

Metric Result
Total source sentences 8,643
Unique triples 3,967
Held-out queries 3,921
Exact-match accuracy 0.15

with slightly higher AP, AR, and AF and lower
ESHD. Although PC assumes causal sufficiency
and FCI allows latent confounding, DKCD remains
effective with both methods, indicating that its per-
formance is not specific to FCI.

B.9.2 Sensitivity to KG Incompleteness

We evaluate the influence of KG completeness
by randomly removing 10%, 20%, or 30% of the
nodes and edges from the Diabetes KG. Table 8
shows that performance generally degrades as more
knowledge is removed, especially for factor recall
and ESHD. Nevertheless, the results under moder-
ate removal demonstrate that the coarse entity/sub-
graph retrieval and fine-grained semantic matching
stages can still recover useful knowledge from an
incomplete KG.

B.9.3 Sensitivity to KG Noise

We further inject synthetic noise into 10%, 20%,
or 30% of the Diabetes KG triples. As shown in
Table 9, limited noise can be partially filtered by
semantic matching and evidence-constrained LLM
reasoning, while larger noise ratios substantially
reduce factor recall and graph quality. Retrieved
knowledge is used as guidance for reasoning and
causal-clue generation rather than being inserted
directly into the discovered graph, which helps
DKCD tolerate moderate corruption. The appar-
ently high AP at the 30% noise level should not
be interpreted as a more accurate graph: AP ig-
nores edge direction and can be high when only a

small number of adjacencies are predicted, whereas
ESHD also penalizes direction errors and missing
or spurious factors and edges.

B.9.4 Potential KG Data Leakage from LLM
Memorization

Because the Diabetes KG is derived from a pub-
licly available resource, its content may have been
included in GPT-40’s training data, potentially in-
troducing data leakage through memorization. Fol-
lowing the exact-match memorization evaluation
in (Di Palma et al., 2025), we assess whether GPT-
40 can reproduce the KG triples directly from its
parametric memory. We construct 3,921 held-out
queries from 3,967 unique triples derived from
8,643 source sentences. As shown in Table 7, GPT-
40 achieves an exact-match accuracy of 0.15, indi-
cating limited exact reproduction of the evaluated
triples rather than widespread memorization of the
KG.

B.10 Generated Causal Clues by DKCD

Input Factors: Lung Cancer, Tuberculosis, Lung
Disease, Chest X-ray, Dyspnea, Aisa Travel.

Generated Causal Clues:

1. Tuberculosis — Lung Disease: Tuberculosis
infection can lead to severe pulmonary damage
and respiratory disease.

2. Lung Disease — Dyspnea: Progressive lung
disease is strongly associated with breathing
difficulty and dyspnea.

3. Lung Disease — Chest X-ray: Patients with
suspected lung disease commonly undergo
chest X-ray examinations for clinical assess-
ment.

4. Tuberculosis — Asia Travel: Recent travel to
TB-endemic regions increases the likelihood of
tuberculosis exposure.
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Table 8: Sensitivity to random node and edge removal from the Diabetes KG using GPT-4o0.

Removal ratio Nodes Edges NPT NRT NFt APT ART AFt ESHD/]
0% 22050 8643 0.84+0.16 0.71+0.08 0.77+£0.04 0.50+0.17 0.33+0.18 0.40+0.18 25.33 +3.21
10% 19845 7779 0.66+0.12 0.64+0.15 0.65+0.12 0.55+0.22 0.26+0.09 0.34+0.12 34.33+5.77
20% 17640 6914 0.60+£0.15 0.38+0.18 0.46+0.17 0.45+0.39 0.15+0.16 0.22+0.21 36.00 + 3.46
30% 15435 6050 0.45+0.05 0.294+0.00 0.35+0.02 0.78+0.19 0.13+0.04 0.22+0.06 39.00 + 3.46

Table 9: Sensitivity to synthetic noise injected into the Diabetes KG using GPT-4o.

Noise ratio NPt NRtT NFt APt AR?T AFt ESHD|
0% 0.84+0.16 0.71+0.08 0.77+0.04 0.50+0.17 0.334+0.18 0.40+0.18 25.33 +3.21
10% 0.67+0.04 0.76+0.09 0.71+0.05 0.59+0.03 0.34+0.05 0.44+0.04 32.67+2.31
20% 0.56 £0.05 0.21+£0.08 0.30+0.08 0.47+0.50 0.084+£0.08 0.124+0.11 28.33+2.89
30% 0.50+0.00 0.21+0.00 0.30+0.00 1.00+0.00 0.10+0.04 0.194+0.06 32.00+0.00
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Figure 6: An example of the causal discovery process of DKCD on the Diabetes dataset.

Table 10: Full ablation study on DKCD components.

Dataset Variant NP1 NR?t NFt APt ART AF1 ESHD|
w/oCC 0.84 £0.16 0.71 £0.08 0.77 = 0.04 0.49£0.16 031 £0.13 0.38+0.15 26.67 £2.52
Diabetes dataset w/oLF  051£0.17 0.24+0.11 033 +0.14 0.00£0.00 0.00£0.00 0.00+0.00 34.00 £ 1.73
w/o Both 043 £0.14 024 +£0.11 0.31+0.13 0.67 £0.58 0.05+0.05 0.10+£0.09 35.67 £3.51
DKCD  0.84 £0.16 0.71 +£0.08 0.77 +0.04 0.50£0.17 0.33 £0.18 0.40 +0.18 25.33 +3.21
w/oCC 0.74£0.13 0.75+0.00 0.74 £0.07 0.73 £0.14 0.54+0.08 0.62+0.10 17.00 £ 2.65
Respiratory dataset w/oLF  050=£0.17 042+0.07 045+0.11 1.00 £0.00 021 +0.14 0.32+0.16 2233 £4.51
SP1 M w/oBoth 0.38 £0.16 0.30+0.14 033 +0.15 033+£0.29 0.09+0.08 0.14+0.12 2533+ 1.53
DKCD  0.74 £0.13 0.75+0.00 0.74 +0.07 0.87 £0.23 0.56 + 0.22 0.68 +0.21 16.67 + 3.21

Table 11: Ablation study on design choices in DKCD.

Dataset Variant NP1 NR?T NF1 APt ART AFt ESHDJ
w/oSM 0.36 £0.06 0.19+0.04 0.23+0.05 0.72+0.49 0.08 +£0.00 0.15+£0.01 34.67£1.15
Diabetes dataset w/o SP 0.60 = 0.06 0.29 +0.00 0.39 £0.01 0.78 £0.39 0.18 £0.09 0.29 £0.14 29.67 +2.52
DKCD 0.84 £0.16 0.71 +=0.08 0.77 +0.04 0.50 +0.17 0.33 +0.18 0.40 £+ 0.18 25.33 +3.21

Table 12: Impact of the top-r relevant knowledge contexts selected during semantic matching in the knowledge

mining module on the performance of DKCD.

Dataset r NPt NR?T NFt AP} AR? AFt ESHD|
5 033+0.17 0.1440.07 020+0.10 0.02+0.03 0.03+0.05 0.05+0.08 3667+ 2.08
Diabetes datase 10 035 £0.15 0264009 036+0.11 0.83+0.29 0.13+004 021+006 3200+ 2.65
SCASEL 20 0.84 +£0.16 0.714+0.08 077 £0.04 0.50£0.17 0.33+0.18 0.40 +0.18 25.33 + 3.21
50 0.61+0.03 0414015 048+0.11 0.39+024 0.16+0.13 022+0.17 33.00 + 1.00
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Figure 7: Causal graphs discovered with GPT-40 on the Diabetes dataset. Latent factors are marked in red.
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Figure 8: Causal graphs discovered with Gemini 2.5 Flash on the Diabetes dataset. Latent factors are marked in red.
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Figure 9: Causal graphs discovered with Grok-3 on the Diabetes dataset. Latent factors are marked in red.
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Figure 10: Causal graphs discovered with LLaMA 3-70B on the Diabetes dataset. Latent factors are marked in red.
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Figure 11: Causal graphs discovered with GPT-40 on the Respiratory dataset. Latent factors are marked in red.
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Figure 12: Causal graphs discovered with Gemini 2.5 Flash on the Respiratory dataset. Latent factors are marked in
red.
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Figure 13: Causal graphs discovered with Grok-3 on the Respiratory dataset. Latent factors are marked in red.
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Figure 14: Causal graphs discovered with LLaMA 3-70B on the Respiratory dataset. Latent factors are marked in

red.
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