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Abstract
Large language models (LLMs) excel in information extraction (IE). However, word-level 
spurious correlations have been observed in prediction errors. Assessing LLMs’ robustness 
against such risks is crucial for building reliable IE systems. Yet, spurious correlations 
within LLMs’ semantics remain unevaluated, as existing studies detect them by relying on 
co-occurrence statistics from training data, which are unavailable for LLMs. To address 
this challenge, we propose a novel module LLM Causal Discovery (LCD), which lever-
ages statistics encoded in model parameters to identify spurious correlations, grounded 
in causal discovery. Building on LCD, we introduce a framework Spurious Correla-
tion Evaluator (SCE) to assess robustness using noisy data containing the identified 
spurious correlations. Our findings, evaluated on state-of-the-art (SOTA) LLMs, reveal 
their notable fragility and heavy reliance on statistical features. SCE’s perturbation largely 
outperforms recent robustness evaluation strategies, establishing an SOTA attack system. 
Additionally, evaluation results can serve as effective feedback to enhance robustness. In 
summary, SCE tackles the challenge of quantifying word-level spurious correlations in 
LLMs, providing support for risk control. As a causality-based framework, it also evi-
dences model stability and interpretability. Code and data are available at: ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​
c​o​m​/​N​L​P​W​M​-​W​H​U​/​S​C​E​​​​​.​​
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1  Introduction

Correlation is not causation. — Karl Pearson (1857–1936)

Large language models (LLMs) excel at information extraction (IE) (Sarawagi et al., 2008), 
which involves extracting predefined information from unstructured text (Lu et al., 2022), 
including event detection (ED), entity typing (ET), and relation extraction (RE) (Huang et 
al., 2023; Wan et al., 2023; Wang et al., 2023). Owing to their vast knowledge (Chen, 2023; 
Zhao et al., 2023), LLMs are increasingly applied across diverse domains, including high-
risk areas such as medicine and finance (Goel et al., 2023; Huang et al., 2023; Li et al., 2023; 
Monajatipoor et al., 2024; Rajpoot & Parikh, 2023), where robustness is a primary concern. 
However, researchers have observed an unexpected phenomenon (Zhang et al., 2024): enti-
ties are correlated with irrelevant labels that lack semantic grounding. As shown in the real 
case in Fig. 1c, such fragility is triggered by just a single word. This reflects word-level 
spurious correlations (Simon, 1954), formed by frequent word co-occurrence in training 
corpora (Elazar et al., 2022; Kang et al., 2023; Zhou et al., 2024). Such superficial statistical 
patterns are a key source of instability (Cui & Athey, 2022), threatening their reliability and 
safety (Raza et al., 2025; Yuan et al., 2025) in real-world scenarios (Geirhos et al., 2020).

Therefore, assessing the robustness of LLMs against such spurious correlations is crucial 
for developing reliable IE systems  (Baliunas, 2023; Mondal & Sancheti, 2024). Specifi-
cally, a systematic evaluation offers both practical and academic value across three aspects. 
(1) Risk Awareness. It quantifies spurious correlations and supports the identification and 
management of latent risks (Gan et al., 2024; Sakib et al., 2024) for real-world applications. 
(2) Trend Visibility. It facilitates ongoing monitoring of model evolution and provides evi-
dence to guide stability-oriented research (Liu et al., 2025; Wu et al., 2024). (3) Interpret-
ability. It offers insights into models’ learning mechanisms, improving their transparency 
and interpretability (Ashwani et al., 2024; Hobbhahn et al., 2022; Hu et al., 2024).

Instrument-
Agency

…… probe ……
LLM

Entity-
Destination

… Instrument ...

Probe

Q: What’s the relation between 
the entities cameras and booths?

Training
Unkown

Causal
Discovery

Corpora

ConceptNet
Instrument-

Agency

Rela�on
Extrac�on

Irrelevant Label

Noisy Sentence

Original Sentence

LLMVoters put probe cameras into their booths.

Voters put cameras into their booths.

LCD

Cause Effect

Inser�on

b)

c)

Selection Bias

Probe Instrument

Confounder
a)

Spurious  
Correla�on

(Frequent Co-Occurrence)

Biased Word Word From
Irrelevant Label

Fig. 1  An example of spurious correlation from RE. a The directed edges indicate the text generation 
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However, current LLM evaluations fall short in exploring this issue. Causal evaluations 
primarily focus on formal reasoning Jin et al. (2024a, 2024b), ignoring causality in seman-
tics. Robustness evaluations rely on heuristic perturbations  (Hu et al., 2025; Xiao et al., 
2024; Zheng et al., 2024), overlooking spurious correlations. A causal lens  (Pearl, 2000, 
2009; Pearl & Mackenzie, 2018) on language modeling (Radford et al., 2019) is essential to 
address this issue, as spurious correlations stem from selection bias in training corpora (Ye 
et al., 2024). As shown in Fig. 1a, selection bias acts as a confounder (Pearl, 2009), promot-
ing the co-occurrence of words Probe and Instrument. Furthermore, due to the autoregres-
sive nature of LLMs, this co-occurrence becomes directional. As shown in Fig. 1b, probe 
frequently precedes instrument, causing the LLM to learn a spurious correlation where 
probe triggers instrument generation without considering context, as neural networks tend 
to learn shortcuts (Geirhos et al., 2020). In this example, instrument belongs to an irrelevant 
label, making probe a biased word: one that drives an LLM to generate an irrelevant label 
regardless of context. Our goal is to identify such biased words and insert them to create 
noisy data for robustness evaluation, as shown in Fig. 1c.

Identifying biased words is crucial to achieving this goal. Existing studies on spurious 
correlations in language models identify such words based on word co-occurrence statistics 
in training data  (Elazar et al., 2022; Kang et al., 2023; Zhou et al., 2024). However, the 
training corpora of LLMs are inaccessible. From a generative perspective, biased words 
lead to the generation of irrelevant labels. We therefore frame this as a causal discovery 
problem: given an irrelevant label, identify words that cause the LLM to generate it with-
out context. Causal discovery techniques (Spirtes & Glymour, 2000; Verma & Pearl, 1990) 
enable the identification of causal relationships from statistical independencies between 
variables. However, existing methods fall short because they estimate such independen-
cies from observational data (Abdulaal et al., 2023; Liu et al., 2024; Long et al., 2023). To 
address this challenge, we treat LLMs as parameterized corpora for estimating statistical 
independence, as their parameters implicitly encode the statistics of training data (Carlini et 
al., 2021; Hammoudeh & Lowd, 2024). Specifically, disregarding context, we treat words 
as variables and use the LLM to estimate conditional probabilities among them. These prob-
abilities are then used in conditional independence tests (Pearl, 2000, 2009) to infer their 
causal relationships in generation. Finally, words causing irrelevant labels are considered 
biased words. However, LLMs face two main difficulties when performing such tests: (1) 
as autoregressive models, they cannot estimate joint probabilities,1 and (2) lack of a prob-
ability estimation method.

To address these difficulties, we propose two core techniques: (1) introducing conditional 
independence criteria tailored to the autoregressive nature of LLMs, and (2) developing an 
LLM-based probability estimation method that integrates prompts and model logits. These 
techniques enable LLMs to perform conditional independence tests effectively. Building on 
this, we propose a novel module, LLM Causal Discovery (LCD), which performs causal 
discovery using LLMs and identifies biased words for a given irrelevant label. As shown in 
Fig. 1b, given Instrument from the irrelevant label, LCD identifies a generative cause, Probe, 
from ConceptNet (Speer et al., 2017). Due to the absence of context, the generation is driven 
by a spurious correlation, and Probe is identified as a biased word. Building upon LCD, we 
introduce a robust evaluation framework, Spurious Correlation Evaluator (SCE). Specifi-
cally, SCE applies LCD to each correctly predicted instance to identify its biased words, and 

1 A proof by contradiction is presented in Appendix A.1.
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inserts them individually into the original sentence to induce spurious correlations and cre-
ate noisy data. To ensure label consistency and minimize interference, only one biased word 
is inserted at a time, following predefined task-specific rules. As shown in Fig. 1c, since 
RE relations are context-based, the biased word probe is inserted as an entity modifier to 
construct a noisy sentence, without altering the original relation between the given entities 
cameras and booths. Finally, we evaluate robustness using the noisy data.

Based on SCE, we conduct extensive experiments on state-of-the-art (SOTA) LLMs 
across three IE tasks: ED, ET, and RE  (Ding et al., 2021; Grishman et al., 2005; Hen-
drickx et al., 2010). The results reveal three key findings that reflect the practical and aca-
demic value of SCE from three perspectives. (1) Risk Awareness. All evaluated LLMs are 
fragile to spurious correlations, with RE being particularly affected. On the widely used 
lightweight model Qwen-2-7B, the instability ratio reached 51.84%. While even the most 
advanced Qwen3-32B and GPT-4o show notable instability ratios of 30.34% and 18.18%, 
respectively. These results underscore the high risk of LLMs in IE applications, especially 
those involving multiple entities. (2) Trend Visibility. Increasing model parameters and 
training data size partially alleviate the issue, but current scaling laws face a bottleneck. 
For instance, Qwen-3, trained on a larger corpus, exhibits increased instability, indicat-
ing that scale alone is insufficient to address spurious correlations. Moreover, the SOTA 
performance of SCE over recent robustness evaluation methods suggests its potential as a 
long-term evaluation approach. For example, on Llama-3-8B, the perturbation effectiveness 
increased by at least 20.96% on average across three tasks. (3) Interpretability. SCE trans-
parently reveals spurious correlations within LLMs’ semantic knowledge, highlighting their 
continued reliance on statistical features (Wu et al., 2024). Furthermore, SCE helps diag-
nose model weaknesses and offers effective feedback for robustness enhancement. Notably, 
counterfactual examples (Miao et al., 2023, 2024; Zhang et al., 2023) generated using SCE 
feedback yield the most improvements. For instance, the stable accuracy of Llama-3-8B 
increases by 5.83%.

In summary, our key contributions are as follows:

	● To fill the gap in evaluating semantic spurious correlations of LLMs, we introduce the 
SCE framework, which leverages statistics in model parameters to perform causal dis-
covery and robustness evaluation without relying on training data, offering a causal lens 
for probing LLMs’ stability and interpretability.

	● Despite the close link between causality and stability, recent studies on LLM robustness 
largely lack a causal perspective, a gap that SCE aims to fill. SCE significantly outper-
forms recent evaluation methods, establishing an SOTA attack system.

	● To identify spurious correlations, we propose the LCD module, which includes two 
novel techniques: (1) LLM-based conditional independence test and (2) LLM-based 
probability estimation. It is the first work introducing spurious correlation detection 
based on the LLM generation probability, laying a foundation for future research.

	● We find that the evaluation results of SCE provide effective feedback for improving ro-
bustness. Notably, counterfactual examples generated under the guidance yield the most 
significant improvements, offering potential directions for future research.

The remainder of this paper is organized as follows. Section 2 briefly reviews related work. 
Section 3 introduces essential causal preliminaries. Section 4 presents the proposed SCE 
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framework and its core module, LCD. Section 5 reports extensive evaluation experiments 
and detailed discussions of the results. Section  6 provides further analytical studies and 
discussions. Finally, Sect. 7 concludes the paper.

2  Related Work

2.1  Word-Level Spurious Correlations

Word-level spurious correlations were often observed in pretrained models, such as hate 
speech detection (Tiwari et al., 2022), sentiment analysis (Wang et al., 2023), and RE (Wang 
et al., 2022; Yu et al., 2023). The transparency of fine-tuning makes such patterns easier to 
observe and to detect using co-occurrence statistics in training data (Elazar et al., 2022; Kang 
et al., 2023; Zhou et al., 2024). In the LLM era, however, the lack of transparency makes 
research difficult. While recent studies have reported spurious correlations in IE (Zhang et 
al., 2024), systematic evaluation remains lacking. We address this by probing word-level 
spurious correlations within LLMs without relying on training data.

2.2  Causal Evaluation for LLMs

Causal evaluation of LLMs can be approached in two ways, including empirical knowledge 
evaluation (Gao et al., 2023; Kiciman et al., 2024; Kim et al., 2023; Romanou et al., 2023; 
Willig et al., 2023) and causal reasoning evaluation (Jin et al., 2024a, b). The former pos-
its that causal capability derives from empirical knowledge. Hence, they evaluate LLMs 
via cause-effect questions. However, LLMs may parrot causality rather than understand 
it Zecevic et al. (2023). In contrast, the latter synthesizes formalized questions based on 
classical causal structures (Pearl, 2009) to assess how LLMs grasp pure causal reasoning 
skills, i.e., the frontdoor adjustment and backdoor adjustment (Pearl & Mackenzie, 2018). 
However, they overlook the causality within LLMs’ semantics, which is crucial for reli-
able semantic understanding (Wu et al., 2024). We investigate spurious correlations within 
LLMs’ semantics, filling this gap.

2.3  Robustness Evaluation for LLMs

Current robustness evaluations for LLMs can be classified into two types: classical-
based (Xiao et al., 2025; Wang & Zhao, 2024; Zhu et al., 2023) and LLM-specific (Hu et 
al., 2025; Xiao et al., 2024; Zheng et al., 2024). Classical-based methods primarily integrate 
traditional perturbation methods (Jin et al., 2020; Li et al., 2019; Naik et al., 2018; Ren et 
al., 2019; Ribeiro et al., 2020) to create hybrid noisy data, such as synonym replacement and 
character swapping. However, such commonly found errors pose very limited interference 
to LLMs (Singh et al., 2024), as web data may already expose them. Furthermore, LLM-
specific methods introduce semantic distractions that are unfamiliar to LLMs based on heu-
ristics, including neologisms, emojis, and semantically confusable expressions. Although 
they attempt to identify flaws in LLMs’ knowledge, they lack a causal perspective and 
overlook the primary source of instability, i.e., spurious correlations (Cui & Athey, 2022). 
In this paper, we assess the robustness of LLMs through a causal lens.

1 3
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2.4  LLMs for Causal Discovery

Due to their extensive knowledge, LLMs are primarily used as assistants for causal discov-
ery. Initially, researchers explored knowledge-driven causal discovery using LLMs, where 
they construct complete causal graphs relying on LLMs (Jiralerspong et al., 2024; Long 
et al., 2022). However, these structures are unreliable (Wan et al., 2024), as their knowl-
edge contains errors. Thus, researchers have explored data-driven methods recently, where 
the graph skeleton is identified by traditional methods, and edge directions are inferred by 
LLMs (Abdulaal et al., 2023; Liu et al., 2024; Long et al., 2023). They focus on utilizing 
LLMs for causal discovery, rather than applying causal theory to analyze the models them-
selves. We are the first to perform causal discovery within LLMs.

3  Preliminaries on Causality

3.1  Structural Causal Model

The structural causal model (SCM)  (Pearl, 2000, 2009; Pearl & Mackenzie, 2018), i.e., 
causal graph, is often formalized as a directed acyclic graph (DAG) ⟨G := V, E⟩. Nodes V 
represent variables, while directed edges E denote cause-effect relationships. Parent nodes 
correspond to causes, and child nodes represent the resulting effects. For instance, consider 
the V-structure shown in Fig. 2a, A → C denotes that A has a causal effect on C. In this 
paper, a causal graph is employed to describe relationships in text generation. Nodes repre-
sent textual units, such as words or sentences. Directed edges indicate their generation rela-
tionship, either generated by a model or manually inserted. For instance, A → C indicates 
that the biased word A drives an LLM to generate the irrelevant label C. A → D denotes 
inserting A to generate the noisy sentence D, as shown in Fig. 2b.

3.2  V-structure and Causal Discovery

A V-structure describes a scenario where two variables simultaneously influence a com-
mon effect, known as a collider (Pearl, 2009), as shown in Fig. 2a. In this paper, we aim to 
discover the V-structure with an irrelevant label C as the collider, whose parent nodes A and 
B drive an LLM to generate the irrelevant label without context and thus are identified as 
biased words. Since V-structure uniquely defines a Markov equivalence class (Andersson et 

Fig. 2  Causal graphs of core ideas. a Identifying a V-structure where an irrelevant label acts as a collider. 
b Each discovered word is inserted into the noisy sentence, inducing a spurious correlation
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al., 1997), it can be identified by the conditional independencies it implies. Thus, it is com-
monly used for causal discovery (Spirtes & Glymour, 2000; Verma & Pearl, 1990) via the 
conditional independence test:

	 P (A | B) = P (A) ⇒ A ⊥⊥ B, � (1)

	 P (A | B, C) ̸= P (A | C) ⇒ A⊥̸⊥ B | C, � (2)

where ⊥⊥ and ⊥̸⊥ denote statistical independence and statistical dependence, respectively. 
Equation 1 indicates that words A and B are statistically independent for an LLM, as given 
B does not affect the probability of it generating A. Equation 2 denotes that A and B are 
statistically dependent given C, as knowing B changes the probability of generating A in 
the condition of C. If these words satisfy such independencies for the LLM, a V-structure is 
identified, thereby discovering two biased words for it.

3.3  Confounding and Spurious Correlation

A confounding structure refers to a scenario where a variable influences two others, as 
shown in Fig. 2b. The common cause is known as a confounder (Pearl, 2009), which induces 
a spurious correlation between the affected variables. During noisy data construction, we 
insert the identified biased words A and B separately to create the noisy sentence D, which 
obtains a spurious correlation with the irrelevant label C. This is because the biased word A 
or B affects the generation of both D and C, serving as a confounder, which implicitly links 
them and introduces its spurious correlation with the irrelevant label into the noisy sentence. 
Finally, the constructed noisy data is used for evaluation.

3.4  Causal Assumptions

To enable causal discovery within LLMs, we adopt three commonly used assumptions in the 
LLM context (Wu et al., 2024; Zhang et al., 2025; Zhao et al., 2025). First, the modularity 
assumption (Pearl, 2009) posits that each causal mechanism in a system is autonomous. This 
means that each word, as a unit of semantic knowledge, can be considered and manipulated 
in isolation. Second, the faithfulness assumption (Pearl, 2009) holds that if two variables 
vi and vj  are conditionally independent in the data, then all causal paths between them in 
the SCM are d-separated by some variable set. This enables the use of observed conditional 
independencies to infer causal structure. Third, the causal sufficiency assumption (Spirtes 
& Zhang, 2016) assumes that the variable set V includes all direct causes for each variable. 
That is, unobservable confounders such as data selection bias are no longer considered. This 
assumption simplifies causal discovery and makes it more feasible for black-box models, 
e.g. LLMs.

1 3
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4  Methodology

In this section, we introduce the evaluation framework Spurious Correlation Evaluator 
(SCE). We first define the task, then present the overall framework, pipeline, and evaluation 
metrics, followed by a detailed description of the LLM Causal Discovery (LCD) module, 
which is the core component of the framework.

4.1  Task Formulation

4.1.1  IE Tasks

In this study, we select three commonly used IE tasks: event detection (ED) (Grishman et 
al., 2005), entity typing (ET) (Ding et al., 2021), and relation extraction (RE) (Hendrickx et 
al., 2010). Specifically, ED reflects fact-level semantics, ET captures category-level seman-
tics, and relation extraction focuses on relation-level semantics. See Sect. 5.1 for more task 
explanation.

Let X = {(xi = (si, ei), yi)} be a certain dataset, where xi ∈ X  denotes the i-th instance 
containing a sentence si and the given entity (or entities) ei within it, and yi ∈ Y  denotes the 
corresponding label. Given an instance xi, IE aims to predict its label yi. For example, RE 
focuses on predicting the relation between given entities.

4.1.2  Robustness Evaluation

We define an incorrect prediction as LLM : wi �→ ŷi, denoting that given a word wi, 
the LLM are driven to generate an irrelevant label ŷi, where ŷi ∈ {ŷi ∈ Y | ŷi ̸= yi}. To 
evaluate the robustness, we first identify such biased words Wi for all ŷi. Then we sepa-
rately inserts each biased word wi ∈ Wi into the original sentence si while ensure label 
consistency, to create noisy data X ′

i = {(x′
i = (si ⊕ wi, ei), yi) | wi ∈ Wi} for xi, where 

⊕ indicates insertion perturbation. Finally, we assess the robustness using the noisy set 
X ′ = {X ′

i | (xi ∈ X ) ∧ (LLM : xi �→ yi)}, where LLM : xi �→ yi involves the instances 
that the LLM predict correctly.

4.2  Overview of SCE

Figure 3a provides an overview of the SCE framework through a causal graph. Given an 
instance that the LLM predicts correctly, our objective is to introduce a spurious correlation 
between its input sentence and an irrelevant label. To this end, we first select an irrelevant 
label and employ the LCD module to identify a biased word through causal discovery, 
which drives the LLM to generate the irrelevant label. This process corresponds to the edge 
Biased Word → Irrelevant Label. Then, we insert the identified biased word into the original 
sentence to create a noisy one, corresponding to the edge Biased Word → Noisy Sentence. 
At this point, the biased word acts as a confounder that links the noisy sentence to the irrel-
evant label, thereby introducing the spurious correlation with the irrelevant label into the 
noisy sentence. Finally, the constructed noisy data is employed to evaluate the robustness 
of LLMs.

1 3
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4.3  Pipeline of SCE

Figure 3b depicts the overall pipeline, which consists of the following four steps. (1) SCE 
first evaluates the initial accuracy of the LLM on a dataset X , denoted as Acc, and selects 
the subset that is predicted correctly:

	 Xs = {xi ∈ X | LLM : xi �→ yi},� (3)

where Xs denotes the selected subset. (2) For each selected instance xi ∈ Xs, SCE first 
identifies its set of irrelevant labels Ŷi = {ŷi ∈ Y | ŷi ̸= yi}. Then, for each ŷi, LCD is 
employed to discover biased words that drive the LLM to generate the irrelevant label:

	 Wi = {LCD(ŷi) | ŷi ∈ Ŷi},� (4)

where |LCD(ŷi)| = m, denoting that the number of biased words is limited to m, Wi 
denotes all discovered biased words for xi. As shown in Fig. 3b, LCD takes the irrelevant 
label Instrument-Agency as input and utilizes causal discovery to identify a biased word 
Probe that drives the LLM to generate Instrument.

(3) SCE then inserts each discovered biased word into the original sentence individually 
to construct noisy data:

	 X ′
i = {(x′

i = (si ⊕ wi, ei), yi) | wi ∈ Wi},� (5)

where si ⊕ wi denotes that a biased word wi is inserted into the sentence si, and X ′
i  repre-

sents all noisy data constructed from xi. Insertion is a commonly used perturbation approach 
for robustness evaluation (Hu et al., 2025; Li et al., 2019; Ribeiro et al., 2020), and mini-
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mal insertion helps avoid introducing additional spurious correlations. To ensure task-level 
semantic consistency (Ribeiro et al., 2020), we introduce the following insertion strategies. 
For context-based tasks like RE, a biased word is inserted as a modifier for a given entity, as 
shown in Fig. 3b. For entity-centric tasks like ET, a biased word is inserted as a modifier for 
another noun in the sentence. A detailed explanation with examples is provided in Sect. 6.3.

(4) Finally, SCE evaluates robustness using the noisy set X ′ = {X ′
i | xi ∈ Xs}. As 

shown in Fig. 3b, the LLM is misled by the spurious correlation induced by the biased word 
Probe, explicitly exposing the lack of deep semantic understanding.

4.4  Evaluation Metrics

To quantify the robustness, we first introduce the instability hit function @n(X ′
i ) to assess 

whether the LLM exhibits instability on an instance xi:

	
@n(X ′

i ) =
{ 1, if error(X ′

i ) ≥ n
0, else ,� (6)

where error(X ′
i ) denotes the number of prediction errors in the noisy data X ′

i , and n is a 
predefined threshold for instability hits. On this basis, the robustness is evaluated by:

	
Ins@n =

∑
X ′

i
∈X ′ @n(X ′

i )
|X ′|

,� (7)

where the instability ratio Ins@n denotes the proportion of unstable instances; a smaller n 
indicates a stricter criterion. Based on this, we propose an accuracy metric:

	 Accs[n] = Acc − Acc · Ins@n,� (8)

where Accs[n] represents stable accuracy, which integrates initial and robust performance 
to reflect the model’s genuine capability in real-world scenarios.

4.5  Explanation of LCD

4.5.1  Pipeline of LCD

LCD takes an irrelevant label ŷi as input and identifies the corresponding biased words, 
which consists of two steps, as depicted in Fig. 4. Note that each word in ŷi is processed 
separately. We present only one case, denoted as ŷj

i , which indicates the j-th word in ŷi. (1) 
LCD retrieves ConceptNet (Speer et al., 2017) for words related to ŷj

i , specifically, those 
connected via RelatedTo edges:

	 Ri = {ri | (ri, RelatedTo, ŷj
i ) ∈ ConceptNet},� (9)

where ri denotes a related word and Ri indicates the full set. This setup narrows the search 
space, as related words are more likely to be the causes for the generation of ŷj

i . To facilitate 
subsequent processing, we pair them up:
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	 Ti = {(rh
i , rt

i) | (rh
i , rt

i ∈ Ri) ∧ (rh
i ̸= rt

i)},� (10)

where (rh
i , rt

i) indicates a word pair, including head and tail words. This stage prepares 
words that serve as candidates for biased words, as shown in Fig. 4a.

(2) For each word pair, LCD assumes them to be the parents in a V-structure, sets ŷj
i  as 

the collider, and employs the evaluated LLM to conduct the conditional independence test. 
If the independencies are satisfied, the V-structure is inferred to exist. As a result, two causes 
of generating ŷj

i  are identified in the absence of context and are thus regarded as biased 
words. As shown in Fig. 4b, the LLM determines that Probe ⊥⊥ Violin and Probe ̸⊥⊥ Violin 
 Instrument, indicating the Probe → Instrument ← Violin structure holds, where Probe and 

Violin serve as biased words. LCD repeats the process for all ŷi:

	 Wi = {rh
i , rt

i | (rh
i ⊥⊥ rt

i) ∧ (rh
i ̸⊥⊥ rt

i | ŷj
i )},� (11)

where (rh
i , rt

i) ∈ Ti, ŷj
i ∈ {ŷi ∈ Y | ŷi ̸= yi}. The notation rh

i ⊥⊥ rt
i  indicates that head and 

tail words are statistically independent, while rh
i ⊥̸⊥ rt

i | ŷj
i  implies that they become statis-

tically dependent in the condition of ŷj
i . Wi represents all discovered biased words for the 

instance xi. LLMs perform this independence test through their internal parameters, which 
will be introduced in detail later.

4.5.2  LLM-Based Conditional Independence Test

This section describes how the conditional independence test is performed using LLMs. 
Obviously, LLMs cannot calculate the equalities in Eqs. 1 and 2. Therefore, we develop 
a set of criteria aligned with their autoregressive nature (Radford et al., 2019). For Eq. 1, 
which tests independence, we propose the following adapted criterion:

	 P (A | B) ≤ P (A) + ϵ ⇒ A ⊥⊥ B, � (12)

	 P (A | B) > P (A) + ϵ ⇒ A⊥̸⊥ B, � (13)

where ϵ denotes the error tolerance. Since the self-attention mechanism encodes global 
dependencies  (Vaswani et al., 2017), variables in LLMs are never strictly independent. 

ConceptNet

Violin

Instrument

Probe

Retrieve related words from 
ConceptNet and pair them up.

Identify word pairs that satisfy the 
V-structure conditional independence test.

Collider

RelatedTo Edges

Probe

Violin

Word in 
Irrelevant Label

Causal Graph

...

Word Pairs

Probe

Violin

Biased 
Words

...

V-Structure Conditional 
Independence Test

LLM
Probe Violin 
Probe Violin | Instrument

Instrument
Instrument

Probe ...Violin

(a) Word Preparation (b) Conditional Independence Test

Fig. 4  Pipeline of the LCD module. a Each node in ConceptNet represents a concept word. b Each word 
is treated as a variable in the conditional independence test without context
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Thus, we adopt an approximate estimation. Equation 12 indicates that given word B, the 
probability of generating next-word A is at most P (A) + ϵ, the baseline without any prior 
information. This implies that B offers no cue for A, and thus A and B are statistically 
independent. Implicit premise: P(A) is very small, and P (A | B) remains so if A and B are 
independent. Note that ϵ is added to P(A) since it is relatively low without any prompt, and 
P (A | B) must significantly exceed P(A) to indicate dependency. Consider the example in 
Fig. 4b: if the LLM estimates that P (Probe | V iolin) ≤ P (Probe) + ϵ, the two words are 
deemed statistically independent for it, i.e., Probe ⊥⊥ Violin.

For Eq. 2, which involves conditional independence, further adjustment is required, as 
the autoregressive nature of LLMs (Radford et al., 2019) prevents them from computing 
joint probabilities.2 Such as the joint condition B and C in P (A | B, C). To address this 
challenge, we introduce a revised testing criterion with a new formulation:

	 P (A |B |C)<P (A |C) − ϵ ⇒ A⊥⊥B |C, � (14)

	
P (A |B |C)≥P (A |C) − ϵ ⇒ A⊥̸⊥B |C,

s.t. A⊥̸⊥ C,
� (15)

where P (A |B |C), a formulation introduced in this work, represents the sequential genera-
tion process of LLMs: given word C, LLMs generate A and B in sequence. With C denotes a 
collider, we assume by default that A⊥̸⊥ C. Based on this, Eq. 15 indicates that C is known 
to increase the probability of the LLM generating A; when B is inserted, this probability is 
roughly maintained or even increases, suggesting that A and B exhibit statistical dependence 
in the condition of C. Here, the “roughly maintained” means allowing a slight reduction, 
i.e., minus ϵ from P (A | C). Consider the example in Fig. 4b, if the LLM estimates that 
P (Probe | V iolin | Instrument) ≥ P (Probe | Instrument) − ϵ, Probe and Violin are 
regarded as statistically dependent under the condition of Instrument for the LLM, i.e., 
Probe ̸⊥⊥ Violin  Instrument. This example aligns with our intuition: Probe and Violin are 
typically unrelated, but can be connected through the attribute Instrument.

4.5.3  LLM-Based Probability Estimation

To estimate probabilities for the above equations, we propose an LLM-based probability 
estimation approach, which integrates prompts and model logits, as shown in Fig. 5. Specifi-
cally, we define four probability prompts corresponding to the probabilistic expressions in 
these equations. To ensure reliability and reduce interference, we follow two principles: (1) 
retain only essential words and (2) ensure lexical consistency across all prompts, as shown 
in Fig. 5a. During estimation, words are inserted into the prompts and their probabilities are 
extracted from the output logits of LLMs.

For clarity, we use the estimation of P (A=a |B =b) as an example. We first obtain the 
probability distribution at the position in the condition of B = b:

	 P (A | B = b) = LLM(pmt2(b))[poss
A − 1],� (16)

2 A proof by contradiction is presented in Appendix A.1.
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where pmt2 represents the second prompt in Fig. 5a, b denotes the given word substituted in 
B, and poss

A indicates the position of A in the sequence. poss
A−1 means that the probability 

distribution at A’s position comes from preceding outputs. Then, we extract the probability 
of word a from the distribution, as depicted in Fig. 5b:

	 P (A = a | B = b) = P (A | B = b)[posv
a],� (17)

where posv
a denotes the position of a in vocabulary. Such probability estimates enable the 

previous conditional independence test and discover biased words.

5  Experiments

5.1  Datasets

We select three commonly applied IE tasks, including ED, ET, and RE. Specifically, ED 
identifies the event type triggered by a given entity; ET determines the category of a given 
entity; and RE predicts the relation between a pair of given entities. These tasks target 
semantic knowledge at the factual, categorical, and relational levels, respectively. The 
word-rich labels in these tasks enable the creation of diverse spurious correlations, facilitat-
ing extensive evaluation. We instantiate these tasks on three datasets: ACE 2005 (Grish-
man et al., 2005) for ED, Few-NERD (Ding et al., 2021) for ET, and SemEval (Hendrickx 
et al., 2010) for RE. The statistics are presented in Table 1. More details are provided in 
Appendix A.2.

Specifically, for ACE 2005, we select 18 event types and cap the number of instances 
at 200 per type. For Few-NERD, we choose 14 entity types, also with 200 instances each. 
For SemEval, we use the test set and exclude instances labeled as Other, as this label lacks 
specific semantic meaning. Notably, SemEval relations are bi-directional; for simplicity, we 

Task Dataset Size # Labels # Words
ED ACE 2005 2494 18 31
ET Few-NERD 2800 14 14
RE SemEval 2263 9 17

Table 1  Statistics of the datasets 
used in experiments
 

The most likely appear is A
...

When B appears, the next most likely to appear is A

When C appears, … to appear is B, … to appear is A

Probability Prompts

When C appears, the next most likely to appear is A

Probability 
Distribution at 

the Position of A ① P(A)

② P(A | B)

③ P(A | C)

④ P(A | B | C)
LLM

pos  -1

Select the corresponding probability 
prompt and substitute words into it.

Obtain the probability distribution and 
extract the probability of the target word.

A
Probability of A

The Position 
Preceding A

s
A

(a) Prompt Definition (b) Probability Estimation

Fig. 5  The pipeline of the LLM-based probability estimation. a Each prompt corresponds to its probabilis-
tic expression via the matching indices. bposs

A indicates the position of A in the sequence

 

1 3

Page 13 of 39     59 



Machine Learning          (2026) 115:59 

ignore directionality. In both ACE 2005 and SemEval, a label encompasses multiple words. 
We process each word separately to construct noisy data.

5.2  Evaluated LLMs

Regarding feasibility, we select two SOTA open-source LLM families: the Llama (Dubey et 
al., 2024) and Qwen (Yang et al., 2025) series.3. From the Llama family, we include Llama-
3, Llama-3.1, and the latest Llama-3.3; from Qwen, we select Qwen-1.5, Qwen-2, Qwen-
2.5, and the recently released Qwen-3. These models span a range of parameter sizes, from 
approximately 7B to 70B, enabling us to examine how robustness evolves across different 
parameters and dataset sizes. Recent reports indicate that Llama-3-70B surpasses early ver-
sions of GPT-4 (Achiam et al., 2023) on various semantic understanding tasks (Dubey et al., 
2024). Moreover, Qwen-3-32B outperforms the recent GPT-4o-mini (Hurst et al., 2024) in 
semantic understanding and also exhibits stronger reasoning ability than DeepSeek-R1-Dis-
till-Llama-70B (Guo et al., 2025) under thinking mode (Yang et al., 2025). In summary, they 
catch up with closed-source ones.

For closed-source models, we include GPT-4o  (Hurst et al., 2024), the current top-
performing model, along with its lightweight versions, GPT-4o-mini and GPT-4.1-mini. 
Although their logits are inaccessible, we can still evaluate their robustness based on biased 
words identified from open-source models as an approximate estimation.

5.3  Robustness Evaluation Baselines

We validate the effectiveness of SCE through comprehensive comparisons with classical 
methods and two categories of LLM evaluation approaches: classical-based and LLM-spe-
cific. The classical baselines: StressTest (Naik et al., 2018) randomly swaps adjacent char-
acters within words and inserts irrelevant phrases as distractions. PWWS (Ren et al., 2019) 
computes word saliency and iteratively replaces words with synonyms based on saliency 
ranking. TextBugger (Li et al., 2019) identifies important words and generates perturbation 
bugs via insertion, deletion, swapping, and substitution. TextFooler (Jin et al., 2020) ranks 
words by importance and iteratively replaces them with semantically filtered synonyms. 
CheckList (Ribeiro et al., 2020) swaps adjacent characters and inserts randomly generated 
URLs.

Classical-based baselines: Prompt-Robust  (Zhu et al., 2023) incorporates StressTest, 
TextBugger, TextFooler, and CheckList for an integrated evaluation. RUPBench (Wang & 
Zhao, 2024) applies diverse lexical and syntactic perturbations, such as character swap-
ping, structural rephrasing, and distraction techniques from StressTest and CheckList. 
ABFS (Xiao et al., 2025) uses the Best-First Search algorithm to identify synonym replace-
ments that most significantly affect model confidence scores.

LLM-specific baselines: NEO-BENCH (Zheng et al., 2024) evaluates LLM robustness 
against distribution drifts by introducing neologisms. ToxiCloakCN  (Xiao et al., 2024) 
studies the effect of introducing emojis on LLM robustness. J&H (Hu et al., 2025) employs 
synonym replacement, irrelevant phrase insertion, and semantically confusable sentences to 
challenge LLMs.

3 The top 10 models on the “Open LLM Leaderboard” are all based on either Llama or Qwen models.
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5.4  Implementation Details

Noisy data construction. To balance computational cost and validation sufficiency, we 
select 10 biased words per word associated with irrelevant labels for each instance, i.e., 
m = 10 in Sect.  4.3. The error tolerance ϵ in Sect.  4.5.2 is defined by the difference in 
order of magnitude between two values and set to 0.3. For example, with a tolerance of 
+ϵ, a probability of 0.08 is considered approximately equal to 0.12, but not to 0.16. LLM 
robustness evaluation. We utilize in-context learning (Dong et al., 2022) with two manu-
ally crafted examples to guide LLMs in task execution. Detailed prompts are provided in 
Appendix A.3. To ensure effective in-context learning, all LLMs are instruction-tuned ver-
sions. Following prior works (Jin et al., 2024a, b), we set the temperature to 0 for stable 
inference. Robustness and actual performance is quantified by the instability ratio Ins@n 
and stable accuracy Accs[n] (n = 1, 2, 3), respectively, as defined in Sect. 4.3. To improve 
computational efficiency, we perform parallel inference using the vLLM4 framework. To 
reduce computational cost, we evaluate the closed-source models using 10% random sam-
pling. Baseline reproduction. For fairness, we generate the same amount of noisy data for 
all baselines as for SCE. To maintain label consistency, we exclude perturbations that may 
alter the original meaning of instances, such as homophone replacement (Wang & Zhao, 
2024; Xiao et al., 2024). The 72B model was quantized using a 4-bit method, while all other 
models were quantized to 8-bit for efficiency on A800 GPUs.

5.5  Main Results

The main results are presented in Table 2, from which we summarize the following three 
findings. (1) LLMs are notably fragile to word-level spurious correlations. The color 
indicator intuitively reflects the marked fragility across all evaluated LLMs. Even the SOTA 
models Qwen-2.5-72B and Qwen3-32B show instability ratios as high as 30.78% and 
30.34% in RE, respectively. In addition, lightweight LLMs that are widely applied in the 
research community (Hu et al., 2025; Xiao et al., 2024; Zheng et al., 2024) face greater chal-
lenges, as the instability ratio of Qwen-2-7B exceeds 50%. These results rigorously verify 
the observation of the spurious correlation phenomenon in IE tasks (Zhang et al., 2024). 
This suggests that LLMs lack an in-depth semantic understanding, revealing their signifi-
cant reliance on statistical patterns. This flaw damages their actual performance, as shown 
in Fig.  6, where their stable accuracy drops significantly compared to their initial accu-
racy. For example, the average performance of Qwen-3-32B drops from 81.81 to 63.0%. 
Even enabling its reasoning mode, i.e., Qwen-3-32B-Thinking, proves ineffective and even 
aggravates the issue, as reasoning may expose additional spurious correlations. This reflects 
the severe risks of LLMs in IE applications, particularly in multi-entity task RE, which 
demands richer information and encounters the issue of relation overlap (Sun et al., 2020).

(2) Accuracy can be misleading under spurious correlations. As shown in Fig. 7, a 
negative correlation is observed between accuracy and stable accuracy, implying that mod-
els with higher accuracy might be less robust. For example, although Qwen-2-7B outper-
forms Llama-3-70B by 10.96% in accuracy, its stable accuracy is 11.93% lower. A similar 
pattern is observed among the Llama models as well. This highlights that traditional met-
rics may be inadequate for evaluating LLMs, as data contamination becomes a prevalent 

4 https://docs.vllm.ai/en/latest/.
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issue  (Deng et al., 2024; Li et  al., 2024). While accuracy primarily assesses knowledge 
memorization rather than understanding. Therefore, our stable accuracy serves as a neces-
sary complement. This shows that LLMs may perform far from expectations, offering a 
unique perspective for model selection in risk management.

(3) Scaling laws face a bottleneck in handling spurious correlations. For clarity, we 
analyze scaling laws for model parameters and dataset size separately. For model param-
eters, as shown in Fig. 8a, we observe that scaling model parameters from 7B to 32B signifi-
cantly enhances the robustness across all tasks. However, further scaling to 72B parameters 
results in a plateau or even a slight robustness decline. This indicates that parameter scal-

Table 2  Main results (%). Acc: initial accuracy; Ins@1: instability ratio; Accs[1]: stable accuracy (n = 1)

Results of n = 2, 3 are provided in Appendix B.1. Bold and underlined denote the best and second-best 
results, respectively. Darker   indicates greater instability

Fig. 6  Comparison between average accuracy (Acc) and average stable accuracy (Accs[1])
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ing enhances robustness, but the benefit is limited. For dataset size, as shown in Fig. 8b, 
we observe that from Qwen-1.5 to Qwen-2.5, as researchers collect a significantly larger 
volume of data (Hui et al., 2024), the robustness is obviously enhanced in both ED and ET. 
Unexpectedly, the more extensive dataset in Qwen-3 (Yang et al., 2025) results in a higher 
instability. Even worse, the instability ratio in RE stays consistently high, despite continued 
improvements in accuracy, as shown in Table 2. We suspect this is because human knowl-

Fig. 8  Instability trends under scaling with a increasing parameters and b expanding dataset

 

Fig. 7  Negative correlation between accuracy (Acc) and stable accuracy (Accs[1]) in RE
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edge has been exhausted (Villalobos et al., 2024), and more data merely repeats existing 
information. At this stage, perhaps we should prioritize data quality (Wu et al., 2025). This 
confirms that scaling alone cannot eliminate spurious correlations, which are likely to per-
sist as LLMs evolve. SCE offers a tool for continuous monitoring.

5.6  Comparison Results

The comparison results are shown in Table 3. We report the instability ratio, where higher 
values indicate greater perturbation performance. The conclusions can be summarized as 
follows. (1) SCE achieves a significant performance lead over all baselines. For example, 
compared to the second-best method, NEO-BENCH (Zheng et al., 2024), SCE improves 
the average instability ratio by 20.96% on Llama-3-8B and 15.66% on Qwen-2-7B.Its supe-
rior efficiency stems from the induction of spurious correlations, confirming that they are 
still the key source of instability (Cui & Athey, 2022; Ye et al., 2024). (2) Although NEO-
BENCH and ToxiCloakCN (Xiao et al., 2024) introduce distractors such as neologisms or 
emojis, their perturbation effectiveness remains limited, as LLMs may disregard features 
that deviate from the training distribution. In contrast, we avoid this issue by only utilizing 
basic words. (3) Classical methods exhibit relatively weak perturbation effects, as LLMs 
are already robust to common perturbations (Singh et al., 2024) such as synonym replace-
ment. Thus, classical-based methods, such as PromptRobust (Zhu et al., 2023) and RUP-
Bench (Wang & Zhao, 2024), also exhibit limited performance. This suggests that SCE can 

Table 3  Comparison results of Ins@1 (%)
Type Method Llama-3-8B Qwen-2-7B

ED ET RE Avg ED ET RE Avg
Classical StressTest (Naik et 

al., 2018)
11.80 11.06 20.15 14.34 9.72 6.59 14.15 10.15

PWWS (Ren et al., 
2019)

5.39 6.84 9.75 7.33 6.89 5.16 8.07 6.71

TextBugger (Li et al., 
2019)

11.98 12.13 20.23 14.78 11.50 8.15 14.85 11.50

TextFooler (Jin et al., 
2020)

10.25 10.84 15.56 12.22 10.61 7.71 12.16 10.16

CheckList (Ribeiro et 
al., 2020)

11.56 10.57 22.52 14.88 10.76 7.15 14.02 10.64

Classical-Based PromptRobust (Zhu 
et al., 2023)

15.40 14.48 26.62 18.83 14.92 10.75 19.85 15.17

RUPBench (Wang & 
Zhao, 2024)

16.06 12.57 29.65 19.43 14.92 8.28 21.64 14.95

ABFS (Xiao et al., 
2025)

8.45 8.88 14.41 10.58 8.97 6.85 11.27 9.03

LLM-Specific NEO-BENCH (Zheng 
et al., 2024)

16.48 11.11 28.26 18.62 19.58 13.13 29.19 20.63

ToxiCloakCN (Xiao 
et al., 2024)

9.23 7.60 17.36 11.40 9.12 8.32 19.72 12.39

J&H (Hu et al., 2025) 14.26 14.04 29.32 19.21 17.40 10.40 28.30 18.70
SCE (Ours)† 25.24 25.89 67.62 39.58 35.42 21.61 51.84 36.29

Results of n = 2, 3 are in Appendix  B.2. Bold and underlined denote the best and second-best 
perturbation performance, respectively. † indicates a statistically significant difference from the second-
best group (p < 0.05)
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serve as a diagnostic framework for long-term stability evaluation, as spurious correlations 
are inherent to LLMs.

5.7  Ablation Study

To evaluate the effectiveness of LCD, we perform an ablation study by replacing its causal 
discovery techniques with random sampling. Specifically, we sample from the RelatedTo set 
within ConceptNet, ConceptNet, and English vocabulary, as shown in Table 4. From these 
results, we derive the following conclusions: (1) LCD effectively identifies biased words 
or spurious correlations, as it significantly increases the instability. (2) LCD significantly 
outperforms RandomRelatedTo, indicating that not all related words to irrelevant labels 
function as biased words, and our causal discovery method can effectively identify them. 
(3) RandomRelatedTo outperforms the other two sampling methods, revealing that related 
words more easily induce potential spurious correlations, which also explains why it out-
performs the baselines in Table 3.

6  In-Depth Analysis

6.1  Data Quality Assessment

To evaluate the quality of noisy data, we assess it from three aspects: grammar, seman-
tics, and label consistency. Specifically, we randomly sampled 50 instances from each 
dataset. For grammar, we use Grammarly5 measure the error growth. For semantics, we 
measure the semantic similarity between the original and the noisy sentences using Sen-
tence-BERT (Reimers & Gurevych, 2019). As shown in Fig. 9, over 90% of the noisy data 
maintains high quality in both grammar and semantics, largely benefiting from the minimal 
perturbation of inserting only one word. In addition, we manually inspect the labels with 
three domain-specific annotators and confirm that all labels remain identifiable and contex-
tually consistent after perturbation. Table 5 provides noisy data for reference.

5 https://app.grammarly.com/.

Table 4  Ablation results of Ins@1 (%)
Method Llama-3-8B Qwen-2-7B

ED ET RE Avg. ED ET RE Avg.
SCE w/ LCD† 25.24 25.89 67.62 39.58 35.42 21.61 51.84 36.29
LCD → RandomRelatedTo 16.43 13.15 33.03 20.87 21.73 12.67 38.76 24.39
LCD → RandomConceptNet 14.63 9.93 29.84 18.13 16.62 11.26 31.62 19.83
LCD → RandomEnglishWord 15.23 10.76 29.84 18.61 17.36 10.65 30.59 19.53
Results of n = 2, 3 are in Appendix B.3
Bold/underlined: the best/second-best perturbation performance.†: significant difference from the 
second-best group (p < 0.05). w/: “with”. →: replacing LCD with random sampling in a specified space
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6.2  Conditional Independence Assessment

Furthermore, to evaluate the rationality of our conditional independence testing techniques 
in Sect. 4.5.2, we manually annotated an assessment set. Specifically, we first search Wiki-
pedia6 for statistically correlated word pairs. For example, Confounding co-occurs with 
Causal Inference in the same conceptual explanation, hence we label them as Confounding 
̸⊥⊥ Causal Inference (A ⊥̸⊥ B). Conversely, we empirically select a word unrelated to Con-
founding, such as Literature, and annotate them as Confounding ⊥⊥ Literature (A ⊥⊥ B). 
At this stage, we have constructed the test set for independence. Building on this, we add 
appropriate conditions to form the conditional independence test set. Firstly, for A ̸⊥⊥ B, to 
preserve their dependence, we select a condition correlated to both words. For example, we 
select Causal Study, which co-occurs to both Confounding and Causal Inference in the same 
page, yielding Confounding ⊥̸⊥ Causal Inference  Causal Study (A ̸⊥⊥ B | C). Secondly, 

6 https://www.wikipedia.org/.

Table 5  Case study from Qwen-2-7B on three evaluated tasks
Case Noisy sentence Label Prediction
ED-1 ... they fire adisagreementguy for his political 

views
Personnel:End-Position Conflict:Attack

ED-2 ... as a former federalindictmentprosecutor, 
every ..

Personnel:End-Position Justice:Charge-
Indict

ET-1 The cast included Cyril Raymond,aviator
Aubrey ..

Actor Airplane

ET-2 The armament of the Type 2 Ho-I was 
abulkheadgun

Weapon Ship

RE-1 ... requires a text note to explain thewholeness
rating

Message-Topic Component-
Whole

RE-2 Water evaporated from thegovernment
evaporators ..

Entity-Origin Instrument-
Agency

Bold denotes the given entities, whileunderlinedindicates the inserted biased words. Sentences are 
abbreviated for clarity

Fig. 9  Results of data quality assessment, including a grammar checks and b semantic similarity
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for A ⊥⊥ B, to avoid introducing any association between A and B, we need a condition 
related to either A or B, but not both. Coincidentally, Causal Study is correlated to Con-
founding but not to Literature, thereby forming Confounding ⊥⊥ Literature  Causal Study 
(A ⊥⊥ B | C). Repeating the process yields an assessment set of 100 instances.

The assessment results are shown in Fig. 10. Across all four conditional independence 
criteria, based on our techniques, LLM judgments exhibit strong agreement with human 
annotations, all exceeding 80% and most surpassing 90%. The results validate the validity 
of our tailored criteria and the probability estimation method, providing a solid foundation 
for reliable causal discovery. Full instances of the assessment set and detailed prediction 
results of the LLM are available in Appendix B.4.

6.3  Case Study

For clarity, a case study is provided in Table 5. We first use these examples to illustrate 
the insertion rule introduced in Sect. 4.3, followed by a detailed analysis of how biased 
words mislead LLMs. For the insertion strategy, each biased word serves as a noun modi-
fier according to the following two rules. (1) In entity-centric tasks, such as ED and ET, the 
biased word is inserted as a modifier to the following noun to avoid altering the given entity’s 
inherent properties. For example, in case ED-1, the inserted biased word disagreement acts 
as a modifier to the following noun guy, ensuring that the event type of fire remains unaf-
fected. (2) In context-based tasks such as RE, where relations depend on context (Zhang et 
al., 2023), the biased word is inserted as a modifier to an entity. For example, in case RE-1, 
the biased word wholeness modifies the entity rating, without influencing how explain con-
tributes to the relation. Minor grammatical errors in the noisy data are acceptable, as the task 
semantics remain unchanged (Ribeiro et al., 2020).

These examples provide an intuitive illustration of how biased words mislead LLMs. For 
instance, in case RE-2, the correct relation between water and evaporators is Entity-Origin. 
However, a biased word government could drive an LLM to generate word Agency regard-
less of context, corresponding to the irrelevant label Instrument-Agency, and it is inserted 
into the noisy sentence, thereby inducing a spurious correlation between the noisy sentence 
and Instrument-Agency. The LLM exploits the spurious correlation as a shortcut, ignoring 
the contextual semantics of government, leading to the incorrect prediction. In other exam-

Fig. 10  Results of conditional independence assessment on Qwen-2-7B with manual annotations
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ples, the generative relationship between biased words and irrelevant labels is as follows: 
disagreement → Conflict, indictment → Charge, aviator → Airplane, bulkhead → Ship, and 
wholeness → Whole.

6.4  Closed-Source Model Study

To evaluate the robustness of commercial closed-source LLMs, we conduct experiments on 
the widely applied GPT-4o, GPT-4o-mini (Hurst et al., 2024), and GPT-4.1-mini. Although 
their logits are not accessible, we transfer the biased words identified in Qwen-2-7B to 
these models, leveraging their similarity in training data  (Cheng et al., 2025) and model 
architectures (Vaswani et al., 2017). Specifically, we first evaluate them via the API on the 
full dataset, then randomly sample 10% of the correctly predicted instances for perturba-
tion evaluation to reduce computation. The results are presented in Fig. 11, from which we 
draw the following observations. (1) Even SOTA commercial LLMs are fragile to word-
level spurious correlations. For example, despite GPT-4o achieving an impressive accuracy 
of 80.6% in RE, which surpasses all open-source models, its stable accuracy declines to 
65.95% under spurious correlation interference. Recent studies have also found that GPT-4o 
is unstable (Shahriar et al., 2024; Yu et al., 2025), but we are the first to explore it from a 
causal perspective. (2) Lightweight models exhibit greater fragility, and closed-source mod-
els are no exception. For example, GPT-4o-mini and GPT-4.1-mini experience significant 
drops in stable accuracy, with decreases of 42.67% and 50.34% respectively. These declines 
are close to those observed in open-source models Qwen-2.5-7B and Qwen-2-7B.

6.5  Robustness Enhancement Study

This section investigates how SCE evaluation results can be leveraged as feedback to 
improve robustness. Our findings demonstrate that counterfactual (CF) examples (Miao et 
al., 2023, 2024; Zhang et al., 2023) derived from SCE feedback effectively mitigate the 
impact of spurious correlations. Specifically, we focus on RE and begin with an error analy-
sis following SCE evaluation. As shown in Fig.  12, Llama-3-8B makes the most errors 

Fig. 11  Accuracy (Acc) vs. stable accuracy (Accs[1]) of closed-source LLMs on RE
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between Entity-Origin and Cause-Effect relations, revealing the hotspots of spurious cor-
relations within RE. Based on this observation, we regard it as prior knowledge and enhance 
model robustness through the following strategies: (1) CoT: prompting a model to reason 
step by step. (2) R1-Instruction: prompting a model to pay attention to the most error-prone 
relation pair (R1). (3) R1-Example: creating in-context examples based on the relations in 
R1. (4) R1-CF: constructing counterfactual in-context examples between the relation pair 
R1 (refer to Table 9). (5) R2/3-CF: applying the second/third most error-prone relation pair 
to create counterfactuals. In addition, we report a w/o R1-Label setting, where the relations 
in R1 are excluded from evaluation results. To ensure soundness, R1/2/3 are identified on 
the test set but used for the validation set.

The results are presented in Table 6, leading to the following conclusions. (1) The integra-
tion of SCE and counterfactuals yields the best performance, as R1-CF brings the superior 
gain. For example, the average stable accuracy of Llama-3-8B is improved by 5.38%, while 
maintaining a minimal average instability ratio. We attribute this to SCE’s effectiveness in 
diagnosing model weaknesses, which counterfactuals efficiently help address by clarifying 
the decision boundary (Miao et al., 2023, 2024; Zhang et al., 2023). (2) The enhancement 
extends beyond the relations in R1. As under the w/o R1-Label setting, R1-CF still nota-
bly improves the average stable accuracy and reduces the instability ratio. For example, it 
increases by 4.03% on Qwen-2-7B.(3) In-context learning is an effective way to mitigate 

Fig. 12  Error distribution of Llama-3-8B on the test set for RE under SCE evaluation. Darker colors 
indicate that more instances are misclassified between the specific relation pairs
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spurious correlations. As R1-Example improves robustness with standard in-context learn-
ing examples and substantially outperforms R1-Instruction.

6.6  Empirical Study

In this section, we provide a detailed explanation of the tolerance rule in Sect. 5.4. The 
error tolerance is used to adjust the acceptable range of errors, which needs to balance 
both accuracy and effectiveness. If the tolerance is too strict, fewer biased words will be 
identified, reducing the effectiveness of the evaluation. Conversely, if it is too lenient, non-
biased words may be included, lowering accuracy. In determining the appropriate value, we 
conduct an empirical study, as shown in Fig. 13. When the value is below 0.3, the number 
of detected biased words is relatively small, leading to insufficient evaluation effectiveness. 
When the value exceeds 0.3, the accuracy of detected biased words decreases; even though 
more words are found, the improvement becomes marginal or even declines. For example, 
Qwen-2-7B shows a significant performance drop in RE. Thus, we set the error tolerance to 
a moderate value of 0.3.

6.7  Generalizability Study

In this section, we evaluate the generalizability of our method on the external knowledge 
base ConceptNet (Speer et al., 2017). The results, shown in Fig. 14, indicate that even when 
the knowledge base is incomplete or biased, our method consistently maintains relatively 
stable performance. Specifically, in this experiment, we introduce two types of perturba-
tions: (1) randomly removing 30% of the candidate words to make the knowledge base 
incomplete, and (2) constructing local bias by replacing 30% of the candidate words with 
the related words of the remaining 70%. The results show that even under incomplete or 
biased conditions, models exhibit relatively stable performance in RE. This finding indicates 
that our framework has a relatively low degree of coupling with the external knowledge 
base, verifying its strong generalizability. ConceptNet only provides us with an approximate 
search space, within which our method maintains relatively stable performance based on 
conditional independence testing.

Table 6  Robustness enhancement results on the validation set for RE (%)
Method Llama-3-8B Qwen-2-7B

Acc Ins@n ↓Accs[n] ∆Accs
Acc Ins@n ↓Accs[n] ∆Accs

In-Context (Original) 52.32 55.52 23.27 – 63.93 36.48 40.61 –
w/ CoT 56.19 60.97 21.93 − 1.34 68.27 42.33 39.37 − 1.24
w/ R1-Instruction 42.11 62.87 15.63 − 7.64 60.37 35.73 38.80 − 1.81
w/ R1-Example 51.08 49.39 25.85 + 2.58 67.18 36.25 42.83 +2.22
w/ R1-CF 54.64 46.74 29.10 + 5.83 66.56 34.88 43.34 + 2.73
w/ R2-CF 56.50 53.42 26.32 + 3.05 63.78 34.06 42.05 + 1.44
w/ R3-CF 54.49 51.14 26.63 +3.36 63.47 34.47 41.59 + 0.98
w/o R1-Label (Original) 52.32 22.09 40.76 - 63.93 24.29 48.40 –
w/o R1-Label (R1-CF) 54.64 21.15 43.09 + 2.33 66.56 21.24 52.43 + 4.03

Ins@n and Accs[n] denote the average instability ratio and stable accuracy, respectively (n = 1, 2, 3). 
∆Accs denotes the improvement in average stable accuracy over the original method. Bold and underlined 
indicate the best and second-best results, respectively. w/: “with”. w/o: “without”, CF: “Counterfactual”
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Fig. 14  The generalizability study of ConceptNet in RE. Incomplete denotes the absence of some candi-
date words, whereas Biased refers to the presence of local bias

 

Fig. 13  Empirical study of the error tolerance setting on RE, using Ins@1 as the evaluation metric
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6.8  Prompt Sensitivity

In this section, we conduct an analysis of prompt sensitivity to gain insights into the impact 
of prompt design on probability computation. We find that variations in prompt expression 
do not affect the conclusions of our study. Specifically, we alter the prompt expressions 
by replacing certain words with their synonyms while keeping the semantics unchanged. 
The experimental results, shown in Fig. 15, demonstrate that Llama-3-8B exhibits minimal 
performance differences across the three tasks compared with the original setting, and the 
overall trends remain consistent. This indicates that the sensitivity of our prompt design 
is low, and consistent conclusions can be drawn as long as the semantic meaning is pre-
served. The underlying reason lies in our minimalist prompt design principle, as discussed 
in Sect. 4.5.3. This principle avoids introducing excessive concepts into the prompt, thereby 
reducing uncontrolled interference and mitigating the impact of prompt design on prob-
ability computation.

7  Conclusion

In this paper, we explore word-level spurious correlations within LLMs, a key source of 
instability in real-world IE scenarios. We introduce SCE as the first framework to sys-
tematically evaluate the robustness of LLMs against these correlations. During noisy data 
construction, to address the challenge of identifying spurious correlations in the absence of 
observational data, specifically the training data of LLMs, we propose a novel module LCD 
based on causal discovery, which utilizes statistical information encoded in model param-
eters to identify spurious correlations. Extensive evaluations on SOTA LLMs reveal their 
unexpectedly severe fragility in IE tasks and strong reliance on statistical patterns. Compared 
to recent robustness evaluation methods, SCE outperforms them by a large margin, estab-
lishing an SOTA attack system. Additionally, we find that the evaluation results from SCE 
serve as effective feedback for enhancing model robustness. In summary, our framework 

Fig. 15  The analysis of prompt sensitivity on Llama-3-8B in three tasks. Synonym represents the syn-
onym substitution that preserves semantic consistency
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quantifies spurious correlations and provides support for identifying and managing potential 
risks in real-world IE applications. Furthermore, as a strong attack system grounded in cau-
sality, it promotes both reliable model development and improved interpretability.

Limitations and future work. Although our proposed SCE framework systemati-
cally evaluates semantic spurious correlations of LLMs, it currently focuses only on the 
IE domain as an initial effort. Future work could extend this framework to a broader range 
of tasks, leading to a more comprehensive understanding of LLMs. Furthermore, the noisy 
data are created via rule-based insertions. The effect of spurious correlations may be slightly 
overestimated, as the insertion rules cannot perfectly preserve semantic consistency. While 
the semantic integrity of the task is preserved, the resulting sentences may sound unnatural. 
Future work may focus on developing more sophisticated methods to generate more natural 
noisy sentences.

Appendix A: Additional Details

A.1 Proof by Contradiction for Joint Probability

This section supplements Sect.  4.5.2. We provide a proof by contradiction showing that 
LLMs cannot estimate joint probabilities, as LLMs are autoregressive models that generate 
sequences. While LLMs can estimate conditional probabilities, we apply the chain rule to 
derive the standard joint probability, denoted as P(A, B):

	 P (A, B) = P (B | A)P (A),� (A1)

where P (B | A) and P(A) can be estimated by the LLM-based estimation method in 
Sect. 4.5.3. Then, we make an assumption that LLMs can directly estimate joint probabili-
ties using prompt: the most likely to appear simultaneously with A is B, which is consistent 
with our probability prompts. We estimate the joint probability through a similar method, 
except for prompt, which is denoted as P̂ (A, B). If most of P̂ (A, B) is approximately equal 
to P(A, B), the assumption is accepted; otherwise, it is rejected.

We randomly select several words for evaluation. The results are shown in Table 7. All 
differences between the two approaches exceed the error tolerance predefined in Sect. 5.4. 
Therefore, we reject the assumption and conclude that LLMs are unable to estimate joint 
probabilities. Accordingly, new conditional independence criteria must be introduced to 
accommodate the autoregressive nature of LLMs.

A.2 Details of Dataset

This section supplements Sect.  5.1. The words contained in the labels of these datasets 
are shown in Table 8. In ACE 2005 and SemEval, each label contains multiple words. In 
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the evaluation process, we identify biased words for each of them, as each word serves as 
an important clue for the label. To ensure data diversity, we take label type coverage into 
account when sampling instances from ACE 2005 and Few-NERD. For instance, in Few-
NERD, we chose an equal number of labels from the person and object categories. It can be 
observed that these words are all conceptual terms.

A.3 Details of Prompt

This section supplements Sect. 5.4. We use in-context learning to guide LLMs in performing 
each task. Table 9 presents the prompt used for relation extraction; those for entity typing 
and event detection are similar and thus omitted due to space limitations. The prompt pri-
mary includes a detailed task instruction and two comprehensive examples. The table pres-
ents a pair of counterfactual examples for R1-CF in Sect. 6.5, which flip the label through 
minimal edits. To standardize the format of model responses, we use special symbols to 
separate different areas. In addition, to prevent information leakage, examples in the prompt 
are manually constructed. During evaluation, each instance is inserted into the reserved 
position in the prompt.

ACE 2005
Conflict: Attack, Movement: Transport, Contact: Meet, Personnel: 
End-Position, Transaction: Transfer-money, Life: Injure, Trans-
action: Transfer-Ownership, Contact: Phone-Write, Personnel: 
Start-Position, Justice: Trial-Hearing, Justice: Charge-Indict, Justice: 
Arrest-Jail, Conflict: Demonstrate, Life: Marry, Justice: Convict, 
Justice: Sue, Life: Die, Personnel: Elect, Justice: Sentence
Few-NERD
Actor, Author, Athlete, Director, Politician, Scholar, Soldier, Air-
plane, Car, Food, Game, Ship, Software, Weapon
SemEval
Member-Collection, Instrument-Agency, Product-Producer, Mes-
sage-Topic, Entity-Origin, Entity-Destination, Content-Container, 
Cause-Effect, Component-Whole

Table 8  Labels of the datasets 
used in the experiments
 

Word A Word B P(A, B) P̂ (A, B) ~Equal

Confounder Causality 4.27e−13 2.82e−12 ✗
Causality Statistics 7.12e−9 2.50e−10 ✗
Disease Injury 2.04e−7 7.33e−9 ✗
Injury Medical 3.12e−8 9.61e−10 ✗

Table 7  Results of the proof by 
contradiction
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Appendix B: Additional Results

B.1 Main Results

This section supplements Sect.  5.5. Tables 10 and 11 represent the evaluation results of 
n = 2, 3, respectively, which are consistent with the findings summarized in the main text. 
Furthermore, they reflect that even under more relaxed settings, the instability of LLMs 
remains a significant issue. For instance, at n = 3, the instability ratios on SOTA model 

<Instruction>
Select the most suitable relation between the given head and tail
entities in the given sentence. The relation type must be chosen
from the candidate relations.
</Instruction>
<Instance>
Given Sentence: The smoke comes from the little factory.
Head Entity: smoke
Tail Entity: factory
Candidate Relations: message-topic, entity-origin, 
entity-destination,
content-container, cause-effect, component-whole, 
member-collection,
instrument-agency, product-producer
Relation Between the Head Entity and Tail Entity: entity-origin
</Instance>
<Instance>
Given Sentence: The smoke is caused by the little factory.
Head Entity: smoke
Tail Entity: factory
Candidate Relations: message-topic, entity-origin, 
entity-destination,
content-container, cause-effect, component-whole, 
member-collection,
instrument-agency, product-producer
Relation Between the Head Entity and Tail Entity: cause-effect
</Instance>
Hint: Complete the remaining content and maintain
consistency with the format of the above examples.
<Instance>
Given Sentence: {sentence}
Head Entity: {head entity}
Tail Entity: {tail entity}
Candidate Relations: message-topic, entity-origin, 
entity-destination,
content-container, cause-effect, component-whole, 
member-collection,
instrument-agency, product-producer
Relation Between the Head Entity and Tail Entity:

Table 9  In-context learning 
prompt for relation extrac-
tion with two counterfactual 
examples, which flip the label 
through minimal edits marked by 
underlining. {sentence} repre-
sents an evaluated sentence

{head entity} and {tail entity} 
denote the given entities
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Qwen-3-32B remain as high as 13.48%, 13.10%, and 20.20% across the three tasks. This 
suggests that LLM-based IE systems are still challenging to apply in real-world scenarios, 
not even mentioning high-risk domains.

Table 10  Evaluation results (%) of n = 2, as a supplement to Sect. 5.5

Acc: initial accuracy; Ins@2: instability ratio; Accs[2]: stable accuracy. Bold and underlined denote the 
best and second-best results, respectively. Darker     indicates greater instability

Table 11  Evaluation results (%) of n = 3, as a supplement to Sect. 5.5

Acc: initial accuracy; Ins@3: instability ratio; Accs[3]: stable accuracy. Bold and underlined denote the 
best and second-best results, respectively. Darker   indicates greater instability
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B.2 Comparison Results

This section supplements Sect. 5.6. Tables 12 and 13 provide the Comparison results of 
n = 2, 3, respectively, which are consistent with the conclusions summarized in the main 
text. Even under the more relaxed conditions, SCE consistently outperforms existing robust-
ness evaluation methods. For example, on the RE task with Llama-3-8B, SCE surpasses the 
second-best method, NEO-BENCH, by 31.66% and 31.66% at n = 2, 3, respectively. SCE 
still serves as an SOTA attack system under multiple conditions.

B.3 Ablation Results

This section supplements Sect.  5.7. Tables  14 and  15 represent the ablation results of 
n = 2, 3, respectively, which are consistent with the conclusions summarized in the main 
text. The results provide strong evidence for the effectiveness of the LCD module, particu-
larly its two key techniques: the LLM-based conditional independence test and the LLM-
based probability estimation method. For example, on the RE task with Llama-3-8B, LCD 
outperforms RandomRelatedTo by 28.36% and 23.44% at n = 2, 3, respectively. Moreover, 
RandomRelatedTo still outperforms the other two random sampling methods, indicating 
that related words are more likely to introduce potential spurious correlations, as they are 
likely to co-occur frequently in the training data.

Table 12  Comparison results of Ins@2 (%), as a supplement to Sect. 5.6
Type Method Llama-3-8B Qwen-2-7B

ED ET RE Avg ED ET RE Avg
Classical StressTest (Naik et 

al., 2018)
8.81 7.77 14.91 10.50 6.45 3.94 10.31 6.90

PWWS (Ren et al., 
2019)

3.77 4.13 6.06 4.65 4.81 2.73 4.42 3.99

TextBugger (Li et al., 
2019)

9.65 9.60 16.79 12.01 9.22 5.46 11.01 8.56

TextFooler (Jin et al., 
2020)

9.17 9.24 13.02 10.48 9.57 6.80 10.05 8.81

CheckList (Ribeiro et 
al., 2020)

9.23 7.86 18.76 11.95 8.23 4.59 11.78 8.20

Classical-Based PromptRobust (Zhu 
et al., 2023)

13.48 12.31 23.42 16.40 12.84 8.80 17.22 12.95

RUPBench (Wang & 
Zhao, 2024)

13.90 10.40 24.41 16.24 12.15 6.76 18.25 12.39

ABFS (Xiao et al., 
2025)

7.19 7.64 12.04 8.96 7.93 5.94 8.96 7.61

LLM-Specific NEO-BENCH (Zheng 
et al., 2024)

13.60 8.09 23.91 15.20 15.67 10.31 23.69 16.56

ToxiCloakCN (Xiao 
et al., 2024)

7.07 5.51 15.40 9.33 8.38 6.24 15.24 9.95

J&H (Hu et al., 2025) 10.84 10.57 22.19 14.53 12.69 7.84 17.67 12.73
SCE (Ours)† 20.14 17.91 55.57 31.21 22.42 16.41 41.60 26.81

Bold and underlined denote the best and second-best perturbation performance, respectively. † indicates 
a statistically significant difference from the second-best group (p < 0.05)
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Table 13  Comparison results of Ins@3 (%), as a supplement to Sect. 5.6
Type Method Llama-3-8B Qwen-2-7B

ED ET RE Avg ED ET RE Avg
Classical StressTest (Naik et 

al., 2018)
6.95 6.22 11.79 8.32 5.06 3.29 8.26 5.54

PWWS (Ren et al., 
2019)

2.88 2.71 3.52 3.04 3.52 1.95 2.50 2.66

TextBugger (Li et al., 
2019)

8.45 7.64 14.91 10.33 7.98 4.55 9.35 7.29

TextFooler (Jin et al., 
2020)

8.39 7.95 11.71 9.35 8.87 6.24 8.90 8.00

CheckList (Ribeiro et 
al., 2020)

8.27 6.18 16.38 10.28 7.24 3.73 10.56 7.18

Classical-Based PromptRobust (Zhu 
et al., 2023)

12.04 10.48 21.21 14.58 11.45 7.02 14.85 11.11

RUPBench (Wang & 
Zhao, 2024)

12.52 9.06 21.95 14.51 10.66 5.76 15.75 10.72

ABFS (Xiao et al., 
2025)

6.71 6.49 10.24 7.81 7.04 5.11 8.07 6.74

LLM-Specific NEO-BENCH (Zheng 
et al., 2024)

11.92 6.75 21.46 13.38 13.88 8.93 21.25 14.69

ToxiCloakCN (Xiao 
et al., 2024)

6.11 4.75 14.33 8.40 7.78 4.94 13.83 8.85

J&H (Hu et al., 2025) 9.53 9.11 18.84 12.49 10.66 6.76 14.92 10.78
SCE (Ours) 16.13 13.32 47.62 25.69 18.50 13.90 36.51 22.97

Bold and underlined denote the best and second-best perturbation performance, respectively

Table 14  Ablation results of Ins@2 (%), as a supplement to Sect. 5.7
Method Llama-3-8B Qwen-2-7B

ED ET RE Avg ED ET RE Avg
SCE w/ LCD† 20.14 17.91 55.57 31.21 22.42 16.41 41.60 26.81
LCD → RandomRelatedTo 13.07 9.26 27.21 16.51 15.62 10.35 27.56 17.84
LCD → RandomConceptNet 11.33 7.50 25.16 14.66 12.65 8.10 25.37 15.37
LCD → RandomEnglishWord 12.17 8.60 24.92 15.23 12.35 7.62 25.63 15.20
Bold / underlined: the best / second-best perturbation performance. †: sig. difference from the second-
best group (p < 0.05). w/: “with”. →: replacing LCD with random sampling in a specified space

Table 15  Ablation results of Ins@3 (%), as a supplement to Sect. 5.7
Method Llama-3-8B Qwen-2-7B

ED ET RE Avg ED ET RE Avg
SCE w/ LCD 16.13 13.32 47.62 25.69 18.50 13.90 36.51 22.97
LCD → RandomRelatedTo 11.15 7.63 24.18 14.32 12.60 8.14 23.12 14.62
LCD → RandomConceptNet 10.01 6.48 22.95 13.15 11.36 6.80 22.41 13.52
LCD → RandomEnglishWord 10.61 7.01 21.80 13.14 10.81 6.41 22.99 13.40
Bold and underlined denote the best and second-best perturbation performance, respectively. w/: “with”. 
→: replacing LCD with random sampling in a specified space
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B.4 Conditional Independence Assessment

This section supplements Sect. 6.2. Tables 16 and 17 detail the manually annotated assess-
ment set and prediction results. All words are sourced from Wikipedia. To prevent ambigu-
ity, we choose words that are either strongly related or entirely unrelated in meaning. The 
alignment in conditional independence is the lowest at 84%, while all others are above 90%, 
suggesting that LLMs may encode denser word dependencies than humans, and thus tend to 
regard words as conditionally dependent.

Table 16  Results of independence assessment, as a supplement to Sect. 6.2
Dependent words(A⊥̸⊥ B) Independent words  (A⊥⊥ B)
Word A Word B Prediction Word A Word B Prediction
Confounding Causal Inference ✓ Confounding Literature ✓
Confounding Dependent Variable ✓ Confounding Writings ✓
Confounding Spurious Association ✓ Confounding Novels ✓
Confounding Statistics ✓ Confounding Poems ✓
Literature Writings ✓ Literature Disease ✓
Literature Novels ✓ Literature Medical Conditions ✓
Literature Poems ✓ Literature Injury ✓
Disease Medical Conditions ✓ Disease Symphony ✓
Disease Injury ✓ Disease Musical Composition ✓
Disease Immune System ✓ Disease Classical Music ✓
Symphony Musical Composition ✓ Symphony Stepper ✓
Symphony Classical Music ✓ Symphony Integrated Circuits ✓
Symphony Orchestra ✓ Symphony Silicon Wafers ✓
Stepper Integrated Circuits ✓ Stepper Comics ✓
Stepper Silicon Wafers ✓ Stepper Cartoons ✓
Stepper Memory Chips ✗ Stepper Graphic Novels ✓
Comics Cartoons ✓ Comics Marathon ✓
Comics Graphic Novels ✓ Comics Olympic ✗
Comics Illustration ✓ Comics Road Race ✓
Marathon Olympic ✓ Marathon Transformer ✗
Marathon Road Race ✓ Marathon Passive Component ✓
Marathon Championships ✓ Marathon Transmission ✓
Transformer Passive Component ✓ Transformer Literature ✓
Transformer Transmission ✓ Transformer Novels ✓
Transformer Electromotive Force ✓ Transformer Poems ✓
Alignment degree 96% Alignment degree 92%
A⊥̸⊥ B indicates that word A is statistically dependent on word B.And A⊥⊥ B denotes statistically 
independent. ✓ and ✗ denote correct and incorrect prediction results, respectively
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Table 17  Results of conditional independence assessment, as a supplement to Sect. 6.2
Conditionally dependent words (A⊥̸⊥ B | C) Conditionally independent words  (A⊥⊥ B | C)
Word A Word B Condi-

tion C
Pred. Word A Word B Condi-

tion C
Pred.

Confounding Causal 
Inference

Causal 
Study

✓ Confounding Literature Causal 
Study

✓

Confounding Dependent 
Variable

Causal 
Study

✓ Confounding Writings Causal 
Study

✓

Confounding Spurious 
Association

Causal 
Study

✓ Confounding Novels Causal 
Study

✓

Confounding Statistics Causal 
Study

✗ Confounding Poems Causal 
Study

✓

Literature Writings Publication ✓ Literature Disease Publication ✗
Literature Novels Publication ✓ Literature Medical 

Conditions
Publication ✓

Literature Poems Publication ✓ Literature Injury Publication ✓
Disease Medical 

Conditions
Medical 
Study

✓ Disease Symphony Medical 
Study

✓

Disease Injury Medical 
Study

✓ Disease Musical 
Composition

Medical 
Study

✓

Disease Immune 
System

Medical 
Study

✓ Disease Classical Music Medical 
Study

✓

Symphony Musical 
Composition

Perfor-
mance

✓ Symphony Stepper Perfor-
mance

✗

Symphony Classical 
Music

Perfor-
mance

✓ Symphony Integrated 
Circuits

Perfor-
mance

✗

Symphony Orchestra Perfor-
mance

✓ Symphony Silicon Wafers Perfor-
mance

✓

Stepper Integrated 
Circuits

Device ✓ Stepper Comics Device ✓

Stepper Silicon Wafers Device ✓ Stepper Cartoons Device ✓
Stepper Memory Chips Device ✓ Stepper Graphic Novels Device ✓
Comics Cartoons Entertain-

ment
✓ Comics Marathon Entertain-

ment
✓

Comics Graphic 
Novels

Entertain-
ment

✓ Comics Olympic Entertain-
ment

✓

Comics Illustration Entertain-
ment

✓ Comics Road Race Entertain-
ment

✓

Marathon Olympic Competi-
tion

✓ Marathon Transformer Competi-
tion

✗

Marathon Road Race Competi-
tion

✓ Marathon Passive 
Component

Competi-
tion

✓

Marathon Championships Competi-
tion

✓ Marathon Transmission Competi-
tion

✓

Transformer Passive 
Component

Machine ✓ Transformer Literature Machine ✓

Transformer Transmission Machine ✓ Transformer Novels Machine ✓
Transformer Electromotive 

Force
Machine ✓ Transformer Poems Machine ✓

Alignment degree 96% Alignment degree 84%
A⊥̸⊥ B | C indicates that word A is statistically dependent on word B in the context of word C. On the contrary, 
A⊥⊥ B | C denotes statistically conditional independent. ✓ and ✗ denote correct and incorrect prediction 
results, respectively
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