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Abstract

Existing causal datasets primarily focus on the
commonsense domain, where the questions
mainly involve simple, single-hop direct causal
relationships. When models possess the corre-
sponding knowledge, even if they cannot under-
stand the causal relationships, they can directly
arrive at the correct answers through knowl-
edge matching. However, LLMs often perform
poorly when answering questions with complex
causal structures and domain-specific exper-
tise. To address the above challenges, we pro-
pose MDC-Bench, a multidisciplinary causal
evaluation benchmark. MDC-Bench adopts
a three-level causal framework consisting of
4 core causal tasks, while its sample content
covers 7 representative disciplines and diverse
causal structures. In view of the limited cov-
erage of multidisciplinary knowledge during
the pre-training phase, the model cannot an-
swer questions relying on knowledge matching.
The diverse causal structures force the mod-
els to grasp the internal causal logic. We also
increase the task complexity through methods
such as compound causal operations, aiming
to enhance the discriminability among mod-
els. MDC-Bench achieves the improvement
in terms of domain specialization, structural
diversity, and task complexity. Through ex-
tensive evaluation, we observe that even the
advanced models have substantial room for im-
provement. MDC-Bench not only establishes
a standardized baseline for causal research but
also provides valuable insights for the applying
LLMs in multiple domains.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong reasoning capabilities (Zhao et al.,
2025; Li et al., 2025) and have been applied in
multiple application fields (Zhang et al., 2025b;
Na et al., 2025; Bi et al., 2024; Wang et al.,
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Figure 1: Comparison of causal information between
existing datasets and MDC-Bench.

2025b). LLMs have acquired partial world knowl-
edge through training on massive datasets, so that
they can answer a wide spectrum of queries. How-
ever, recent studies reveal that the capabilities of
LLMs primarily rely on shallow statistical patterns
rather than genuine causal relationships (Chi et al.,
2024). To apply LLMs in scenarios with high relia-
bility requirements, it is necessary to evaluate their
causal capabilities and locate the existing causal
defects. Developing a scientific and comprehensive
causal benchmark has become a critical demand.

Existing datasets have the following character-
istics. First, the causal structures involved in the
questions are relatively simplistic, mainly consist-
ing of single-hop direct causal relationships. The
causal structure type is homogeneous short-chain
topology. Due to the limited coverage of causal
structures in the datasets, it is difficult to compre-
hensively evaluate the models’ adaptability to dif-
ferent causal structures. The limited causal depth
of questions makes it difficult to fully evaluate the
models’ capability for deep causal understanding.
Second, existing datasets are mainly constructed
based on commonsense knowledge. LLMs have
learned sufficient commonsense knowledge in the
pre-training stage, and they tend to answer ques-
tions through knowledge matching. It is crucial
to develop a causal evaluation benchmark that
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Figure 2: The design flow of MDC-Bench.

spans multidisciplinary fields and integrates both
the breadth and depth dimensions of causality.

To fill this gap, we construct MDC-Bench and
achieve the improvement in terms of structural
diversity, domain specialization, and task com-
plexity. Specifically, MDC-bench is constructed
based on multidisciplinary knowledge, preventing
LLMs from answering questions through knowl-
edge matching. Regarding structural diversity,
MDC-bench incorporates multiple causal struc-
tures to evaluate the understanding ability of the
inherent causal logic. In terms of task complexity,
MDC-bench introduces the causal ladder theory
and leverages methods such as compound opera-
tions to improve the task complexity. The models
need to perform multiple rounds of causal deduc-
tion from causes to derive the final results. Taking
Figure 1 as an example, the left part of the figure
presents a short commonsense chain. Evidently,
LLMs are able to quickly obtain the answers via
knowledge matching. On the right part of Figure 1,
simple knowledge matching is unable to solve this
problem, and the model needs to rely on its deep
causal reasoning capabilities for analysis.

We conduct the causal evaluation on multiple
open-source and close-source LLMs. We have the
following findings: (1) Existing LLMs exhibit a
certain level of causal capability, which shows a
modest positive correlation with scale. However,
even the most advanced models demonstrate sig-

nificant limitations in terms of deep causal under-
standing ability. (2) In a multidisciplinary con-
text, the model is better able to engage in in-depth
causal reasoning, alleviating the phenomenon of
answering questions through knowledge matching.
(3) Since the data in existing training datasets are
mainly of chain structures, it leads the models to
outperform in understanding chain structures over
other causal structures.

In summary, our contributions are as follows:

• We propose a multidisciplinary causal evalua-
tion benchmark called MDC-Bench based on
multiple causal structures.

• We utilize domain-specific, multidisciplinary
data to disrupt simple knowledge matching
and simulate complex real-world scenarios
through diverse causal operations.

• We comprehensively evaluate on existing
LLMs, and provide valuable insights for de-
veloping causal LLMs.

2 MDC-Bench

To evaluate the causal capabilities of LLMs, we
construct MDC-Bench. As shown in Figure 2. we
collect a large volume of multidisciplinary data and
then extract diverse causal structures from it. In-
spired by the causal ladder theory (Pearl, 2009),
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Figure 3: The multiple causal structures in MDC-Bench.

we design causal framework consisting of three
layers: causal understanding layer, intervention
layer, and counterfactual layer. To further enhance
the challenge level, we increase its complexity
through methods such as compound causal oper-
ations. DeepSeek (Guo et al., 2025) serves as a
tool model for dataset construction. Case study is
provided in Appendix I, and prompts for dataset
construction are available in Appendix J.

2.1 Causal Data Source

We utilize multidisciplinary papers as data sources.
We selected 7 kinds of representative disciplines.
The science disciplines include “Chemistry & Ma-
terial Sciences”, “Engineering”, “Medicine & Phar-
macology”, and “Public Health & Healthcare”. The
liberal arts include “Arts & Humanities”, “Busi-
ness, Economics & Management”, and “Social Sci-
ences”. The distribution of disciplines can be found
in Appendix C. The papers are written by profes-
sionals with high accuracy and good narrative logic.
Meanwhile, owing to the limited scope of mul-
tidisciplinary knowledge incorporated in the pre-
training phase, multidisciplinary knowledge pre-
vents the LLMs from answering directly through
knowledge matching. Owing to the clear narrative
thread of the introduction in papers, we can provide
the background of the introduction to LLMs. In
this way, LLMs will perform the causal analysis
after learning the basic domain-specific knowledge.

2.2 Multiple Causal Structures

As the backbone of causal questions, causal struc-
ture plays a vital role in the construction of bench-
mark, which can characterize the causal relation-
ships between variables through topological repre-

sentations. The causal structures of MDC-Bench
are shown in Figure 3. The basic causal structures
can be divided into the following categories: (1)
Chain structure: the variables form a single logical
chain through continuous causal relationships. For
example, cause X → mediator variable Y → effect
Z. (2) Collider structure: it has two independent
variables X and Y that point to the same outcome
variable Z simultaneously, forming a pattern of
X→Z, Y→Z. (3) Fork structure: it contains a core
variable X that exerts a direct causal influence on
both variables Y and Z simultaneously, forming a
branching pattern of X→Y, X→Z, where there is
no direct causal relationship between Y and Z.

Owing to the complex relationships among
events in the real world, many hybrid structures
also exist. Hybrid structures are the compound
causal form of at least two of the above basic struc-
tures. Hybrid structures are characterized by the in-
terweaving of multiple event nodes, which are more
aligned with the causal relationships in real-world.
They include chain-fork structures, chain-collider
structures, fork-collider structures, and chain-fork-
collider structures.

We can categorize the above structures into three
types: chain type, collider type, and fork type. The
distribution of causal structure information can be
referred to Appendix D.

2.3 Causal Understanding Layer

Causal understanding layer mainly evaluates the
understanding level of causal relationships through
causal reasoning task. Causal reasoning evaluates
the models’ capabilities to distinguish between cor-
relation and causality.

Forward reasoning: We provide an introduc-
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tion text to DeepSeek, the text is preprocessed
based on Synergistic-Unique-Redundant Decompo-
sition (SURD) (Martínez-Sánchez et al., 2024) to
obtain the key causal information. Then we prompt
DeepSeek to identify the causal structures in the
text. The long core causal chain is extracted from
multiple causal structures, with all linked nodes
forming direct causal relationships and no interme-
diate steps skipped.

To construct good question options, we adopt the
following strategies: (1) The questions should be
designed based on the indirect causal relationships.
For a causal chain, DeepSeek is guided to treat the
head event of the chain as the question backbone
and the tail event of the chain as the answer. (2)
In the generation of confusion options, we prompt
DeepSeek to generate multiple confusion chains
with the same topic based on the core causal chain,
background knowledge and causal structures. The
occurrence probability of confusion chains should
be reduced in turn, and the probabilities of chain
occurrence is checked by combining with the above
information. (3) To avoid that the evaluated model
does not understand the specific basic knowledge,
we compress the introduction of papers to generate
brief background knowledge without core causal
chain information. It not only avoids providing de-
tailed information so that models answer the ques-
tions through knowledge matching, but also helps
the models understand the specific basic knowledge
in questions.

Reverse reasoning: Due to the complexity of
causal relationships, the connection between causes
and effects is not always reversible. We need to
evaluate how well the models understand the suf-
ficiency and necessity of causal knowledge. For
the reverse reasoning, we first prompt DeepSeek
to think about the sufficiency and necessity of the
given causal chain, and when the causal chain is
reversible with high probability, we invert the chain.
Otherwise, starting from the tail event of the chain
as the head node, we deduce another reverse chain
with the largest probability combined with back-
ground knowledge, then obtain the other three re-
verse confusion chains with decreasing probability
in turn as confusion options.

2.4 Intervention Layer
It is expected that models can predict unknown
events based on causal knowledge, so as to help
people better understand the real world. We eval-
uate the models’ ability of perceiving changes in

causal scenarios by setting causal intervention task
and causal decision task.

Causal intervention task: Causal intervention
task observes the models’ predictions by interven-
ing on important nodes of the chains.

Given a causal chain and background knowl-
edge, we prompt DeepSeek to intervene the im-
portant nodes of the causal chains, and generate
a causal intervention chain. For example, for the
causal chain “high salt diet → increased blood pres-
sure → increased risk of cardiovascular disease”,
when the intervention operation of “taking hyper-
tension medication” is applied to the intermediary
variable node of “increasing blood pressure”, the
subsequent risk of cardiovascular disease will be
reduced. The causal intervention chain is “high
salt diet → taking hypertension medication after
increasing blood pressure → reducing the risk of
cardiovascular disease”.

Besides, multiple factors will jointly exert in-
tervention on the intermediary variable nodes in
the real world. We also consider conducting com-
pound causal interventions. For example, for the
above causal chain, even if a person takes hyper-
tension drugs after developing high blood pressure,
the risk of cardiovascular diseases remains high
if they still maintain a high salt and high oil diet.
The compound causal intervention chain is “high
salt diet→ High blood pressure after taking hyper-
tension drugs + adhere to high salt and high oil
diet habits→ cardiovascular disease risk is higher”.
Evaluated models are expected to grasp the key
causal relationships between high blood pressure
and cardiovascular disease risk.

Causal decision task: Causal decision task eval-
uates the ability of taking the necessary interven-
tion measures to prevent the event outcomes from
worsening in the specific scenario.

Specifically, a causal decision question with
the core of “avoiding the target outcome” is con-
structed, and the core requirement of “how to pre-
vent the causal chain from transforming to the tar-
get outcome” is clearly pointed out in the problem.
During the problem design process, we provide
DeepSeek with the cause and result events based
on the causal intervention chain. DeepSeek should
generate appropriate intervention strategies. Simi-
lar to intervention tasks, we increase the complexity
by incorporating the compound causal decision.
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2.5 Counterfactual Layer

Counterfactual layer is the highest level of the
causal ladder. By negating the initial event of a
causal chain, counterfactual manipulation derives it
along an entirely different causal path, demonstrat-
ing the ability to handle causal uncertainty. How-
ever, in view of the strong divergent thinking ability
of LLMs, merely negating the head event before
deducing the outcome leaves excessive room for
uncertainty. For instance, the tail event of the coun-
terfactual chain generated by LLMs drifts to a com-
pletely different narrative scenario, rendering the
four incoherent options meaningless for evaluating
causal ability.

To enhance the rationality, we propose a counter-
factual chain generation method based on restric-
tive conditions. We impose constraints on the scope
of counterfactual reasoning. we prompt DeepSeek
to generate counterfactual chains with higher proba-
bility of occurrence under the restrictive conditions.
Then we use this chain to generate the remaining
counterfactual confusion chains with decreasing
probabilities. Finally, we construct questions and
options based on all the counterfactual chains.

3 Experiments

3.1 Investigated LLMs

We conducted experiments on multiple LLMs. The
information of these models is given below:

• Open-source Models: (1) Llama: 1B and
3B Llama-3.2-Instruct, Llama-3.1-8B-Instruct
(Grattafiori et al., 2024). (2) Gemma: 9B
and 27B Gemma2-it (Team et al., 2024). (3)
Qwen: 7B, 14B and 14B Qwen2.5-Instruct
(Qwen et al., 2025), 8B, 14B and 32B Qwen3-
Instruct (Yang et al., 2025).

• Closed-source Models: (1) Deepseek:
Deepseek-r1-250528 (Guo et al., 2025),
Deepseek-v3-1-250821 (DeepSeek-AI
et al., 2025). (2) Gemini: Gemini-2.5-
pro-thinking, Gemini-2.5-pro-nothinking
(Comanici et al., 2025). (3) Claude:
Claude-sonnet-4-5-20250929, Claude-
sonnet-4-5-2025-0929-thinking (Anthropic,
2025).

For the convenience of documentation, only the
model type, version number, and scale will be re-
tained when recording models in the tables.

3.2 Data Statistics

MDC-Bench covers 7 disciplines and consists of a
total of 8,422 questions. We record the basic infor-
mation of MDC-bench in Table 1. More detailed
information can refer to Appendix A.

Causal Tasks Size

Causal Reasoning 1,919
Causal Intervention 1,329
Causal Decision 3,591
Counterfactual Reasoning 1,583

All Tasks 8,422

Table 1: The basic information of MDC-bench.

3.3 Evaluation Details

We adopt the accuracy metric to evaluate the per-
formance in causal tasks. We set the parameters of
each model to be same. We set the temperature to
0 and the max_tokens to 4096. For the Qwen2.5-
32B-Instruct and Qwen3-32B-Instruct models, two
A100-SXM4-80GB GPUs are used, while a single
A100-SXM4-80GB GPU was adopted for the other
models. We adopt the identical prompt templates
to guide all models in answering questions. Trigger
prompts are presented in Appendix K. For each
question, we design two mode settings: basic mode
and hard mode. In basic mode, the model is re-
quired to select the single option with the highest
causal strength. In hard mode, the model needs
to select the top two options in terms of causal
strength, so as to evaluate its ability to distinguish
the gradient of causal strength.

3.4 Overall Results

The overall results are shown in Table 2. We can
obtain the following conclusions:

(1) We can find that even the advanced models
still perform poorly in hard mode. This indicates
that the models only have a preliminary understand-
ing of the causal relationship. LLMs cannot fully
understand the deep causal relationships.

(2) LLMs exhibit a certain degree of causal capa-
bility, which shows a moderate positive correlation
with model scale. Nevertheless, even advanced
closed-source models demonstrate significant limi-
tations in terms of causal strength and counterfac-
tual causality.

(3) As the top level of the causal ladder, counter-
factual reasoning is difficult for most models. Even
the advanced closed-source models still perform
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LLMs Reasoning Intervention Decision Counterfactual Average

Basic Hard Basic Hard Basic Hard Basic Hard Basic Hard

Open-Source LLMs
Llama-3.2-1B 26.32 8.91 49.81 15.43 70.59 24.12 35.44 11.75 50.62 16.96
Llama-3.2-3B 64.30 30.43 69.15 39.35 81.62 26.07 57.11 21.04 71.10 28.21
Llama-3.1-8B 71.55 41.43 71.71 49.36 79.09 48.32 64.75 50.92 73.51 47.40
Gemma2-9B 69.88 44.97 80.74 58.39 87.77 53.55 71.26 51.48 79.48 51.97
Gemma2-27B 73.37 47.16 80.29 62.00 88.19 56.14 69.55 56.54 80.06 55.09
Qwen2.5-7B 73.37 45.28 82.92 38.15 89.28 34.09 72.02 39.17 81.41 38.23
Qwen2.5-14B 74.88 44.97 84.73 56.58 90.03 55.97 72.33 54.20 82.42 53.23
Qwen2.5-32B 75.92 50.29 84.80 58.16 89.75 58.37 72.58 55.46 82.59 55.95
Qwen3-8B 73.68 44.40 81.94 55.53 89.03 55.72 71.51 51.93 81.12 52.40
Qwen3-14B 75.72 50.44 84.05 61.02 89.89 58.34 74.35 57.80 82.82 56.86
Qwen3-32B 77.28 50.08 83.60 61.93 88.78 55.95 76.12 59.25 82.96 56.17

Closed-Source LLMs
DeepSeek-R1 74.78 50.39 81.19 62.60 88.78 54.44 76.25 58.81 82.04 55.63
DeepSeek-V3.1 75.87 49.35 84.35 63.13 88.81 56.14 77.20 59.25 82.97 56.28
Gemini-nothinking 77.96 53.78 82.54 64.79 88.67 53.66 77.01 59.82 83.07 56.60
Gemini-thinking 78.69 53.10 82.62 63.96 89.17 54.00 77.76 61.34 83.60 56.74
Claude-nothinking 79.16 53.26 83.90 62.90 89.11 57.25 77.83 60.90 83.90 57.92
Claude-thinking 80.61 54.19 84.73 65.01 89.45 58.48 78.14 62.29 84.56 59.25

Table 2: The overall results of various LLMs. The basic mode requires the model to select the answer with the
highest causal strength, while the hard mode requires the model to select the top two answers ranked by causal
strength. Bold numbers denote the best performance.

poorly on counterfactual reasoning. Counterfac-
tual task in MDC-Bench constrains the reasoning
scope by setting restrictive conditions. It maintains
a performance gradient from low to high across
LLMs with varying capabilities, thereby ensuring
the rationality of evaluation.

4 Discussion

4.1 Effect of Structural Diversity
To explore the ability of understanding causal struc-
tures, take the basic mode as an example, we an-
alyze the performance of models across various
causal structures, as shown in Figure 4. Complete
results are available in Appendix E.

Figure 4: Performance across different structures.

The experimental results show that the models
have the best performance in understanding the
chain structure. This is attributed to the high pro-
portion of chain causal structure in the existing
training datasets. However, the models exhibit

significant deficiencies in understanding the col-
lider and fork structures. Therefore, researchers
can carry out optimizations from the perspective of
causal structures. For instance, they can enhance
models’ causal capability by enriching the types of
causal structures in training datasets.

4.2 Effect of Domain Specialization
To evaluate the models’ causal capabilities across
different disciplines, take the basic mode as an ex-
ample, Figure 5 illustrates the models’ performance
on different disciplines. Complete results can be
referred to Appendix H.

Figure 5: Performance across different disciplines.

The performance of LLMs on commonsense
causal datasets has reached a state of saturation,
as evidenced by the results provided in Appendix
B. Multi-disciplinary data mitigates the overfitting
of models to general scenarios. It allows for a
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larger room for performance improvement in eval-
uating the capability gaps among different models.
Meanwhile, it facilitates the deployment of LLMs
in various domains.

4.3 Effect of Task Complexity

Chain length: To verify the effectiveness and dis-
crimination of long causal chains in the causal eval-
uation, take the basic mode in reasoning tasks as
an example, chains with lengths less than or equal
to four are defined as short chains, while those ex-
ceeding this length are classified as long chains.
We analyze the performance of the model in causal
chains with different lengths in Figure 6. Complete
results are available in Appendix F.

Figure 6: Performance across different chain lengths.

The experimental results show that the perfor-
mance of models on tasks involving long causal
chains is inferior to that on short causal chain tasks.
With the number of mediator variables increases,
the defects of models in understanding causal re-
lationships are gradually exposed. In the causal
tasks with long chains, MDC-Bench can still ef-
fectively distinguish the performance of different
models, and the discriminability of performance
differences is more obvious than that in tasks with
short chains. This result validates the effectiveness
of long causal chains as a benchmark for evaluating
causal capabilities. Long causal chains can accu-
rately depict the boundaries of causal capabilities.

Compound operation: To simulate complex
causal scenarios, we provide compound operations
to improve the challenge level of MDC-Bench.
Take the basic mode as an example, we measure
the performance on compound operations and sin-
gle operations separately, as shown in Figure 7.
Complete results are available in Appendix G.

The experimental results show that the perfor-
mance on compound operation data is slightly in-
ferior to that on single operation data. Meanwhile,
the compound operation data can effectively distin-
guish the causal ability of different models. This

Figure 7: Performance across different operations.

indicates that the compound operation can effec-
tively simulate the complex causal scenarios. It
provides a comprehensive evaluation dimension
for the in-depth study of the causal ability.

Difficulty distribution: To demonstrate the dif-
ficulty distribution of MDC-Bench, we analyze the
difficulty of all samples based on the responses of
various models. For the convenience of quantifi-
cation and interpretation, we define the difficulty
of a single task sample as the number of models
that fail to answer the sample correctly, and its
mathematical expression is as follows:

Difficulty =
N∑

i=1

I (f(Modeli) = false) , (1)

where N is the total number of models, f is the
function for determining the correctness of an an-
swer, and I is the indicator function (which takes
the value 1 if the condition holds and 0 otherwise).
We compare the difficulty distributions of MDC-
Bench and COPA in Figure 8.

Figure 8: Difficulty distribution of data samples.

Experiments demonstrate that the COPA is ex-
cessively simplistic. For basic mode, the proportion
of simple examples is significantly higher. They
can evaluate the basic causal ability. In the medium
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and high difficulty range, the difficulty of samples
has the characteristics of uniform distribution and
smooth transition. The difficult samples with a
relatively small proportion form a long-tailed dis-
tribution, which can widen the performance gap
between high-performance models and ordinary
models. This provides a discriminative space for
distinguishing high-performance models from ordi-
nary ones. Hard mode is more challenging, and the
difficulty distribution is more evenly distributed.
Most of the samples are in the interval of “some
models answer correctly while others do not”, and
the overall difficulty distribution shows a gentle
transition distribution. Hard mode is dominated
by samples with moderate difficulty, so the models
with different capabilities can be distinguished.

5 Related Work

LLMs have demonstrated significant value in
domain-specific applications (Li et al., 2024). To
enhance the reasoning ability of LLMs, researchers
proposed many training strategies (Lai et al., 2025;
Tie et al., 2025), but they mainly focus on learning
statistical correlation and struggle to identify the
causal relationships. As a result, LLMs tend to gen-
erate spurious correlation when applied to complex
reasoning tasks. Some methods have begun to en-
hance the models’ reasoning ability through strate-
gies such as Chain-of-Thought (Wei et al., 2022),
Tree-of-Thoughts (Yao et al., 2023) and Graph-of-
Thoughts (Besta et al., 2024). However, none of
these methods can diagnose the causal flaws in the
models. To better simulate human cognitive think-
ing, it is necessary to enhance the ability of LLMs
to identify the causal relationships (Ma, 2025).

Many researchers integrate causal theory with
LLMs reasoning to enhance the interpretability
of reasoning. Wei Chen et al. (Chen et al.,
2025) proposed a causal-aware LLMs method.
This method employs structural causal model for
decision-making process. Through the Learning,
Adapting and Acting stages, LLMs can understand
the causal information in the environment and re-
alize efficient decision-making. Congzhi Zhang et
al. (Zhang et al., 2025a) proposed Causal Prompt-
ing, which eliminates the bias existing in LLMs
through the front-door adjustment strategy. Some
researchers have proposed causal methods from the
perspective of intervention (Wu et al., 2024) and
counterfactual (Huang et al., 2024) operations. In
addition, many researchers have begun to apply

LLMs to causal tasks (Feng et al., 2025; Du et al.,
2025; Wang et al., 2025a; Liu et al., 2025).

To evaluate models’ ability of understanding
causal relationships and identify their existing
causal flaws, researchers have proposed a series of
causal evaluation datasets. Roemmele et al. (Roem-
mele et al., 2011) proposed COPA. It can be used to
evaluate the performance of models in causal and
commonsense reasoning. The model is required to
choose the correct option between two given op-
tions. Li Du et al. (Du et al., 2022) proposed an
interpretable causal reasoning dataset e-CARE. It
generates good causal explanations for each prob-
lem. Zhijing Jin et al. (Jin et al., 2023) proposed
CLadder, a dataset focused on causal inference in
natural language. And they introduced and eval-
uated a bespoke CausalCoT prompting strategy.
Martina Miliani et al. (Miliani et al., 2025) pro-
posed ExpliCa. This dataset integrates causal and
temporal relationships for evaluating explicit causal
reasoning in LLMs. ACCESS (Vo et al., 2025) fo-
cuses on the abstract causal relationships of daily
life events, and it can effectively evaluate mod-
els’ ability of understanding abstract causal rela-
tionships. CausalBench (Wang, 2024) evaluates
models through multiple tasks including correla-
tion, causal skeleton, and causality identification.
And it indicates the direction to enhance LLMs’
causal reasoning ability. CaLM (Chen et al., 2024)
provides large-scale causal evaluation for multiple
large models. This benchmark consists of four mod-
ules: causal target, adaptation, metric, and error
modules. Kai Xiong et al. (Xiong et al., 2025) pro-
posed Com2. It evaluates complex commonsense
reasoning ability through multiple causal tasks.

Although the above benchmarks play a crucial
role in the previous evaluation, some benchmarks
pay less attention to causal structures. Evaluation
based on commonsense knowledge allows models
to response through knowledge matching, making
it difficult to evaluate the deep causal ability.

6 Conclusion

This paper proposes a multidisciplinary causal
benchmark MDC-Bench. The multidisciplinary
knowledge prevents LLMs from answering solely
through knowledge matching. Diversified causal
structures evaluate the generalization ability of
models across complex causal scenarios. Mean-
while, MDC-Bench enhances the task complexity
through methods such as compound operations,
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and effectively distinguishes the causal ability of
different models. Through a comprehensive evalu-
ation of several LLMs, we found that while LLMs
demonstrate some causal capabilities, they still lack
a profound understanding of causal relationships.

Limitations

There are still limitations in this paper. Due to the
large time and space span of the content described
in some papers, there may be threshold effect phe-
nomenon in the causal chains, that is, the causal re-
lationship between the head event and the tail event
of the chain may be slightly weak. Meanwhile, we
set the confused options based on the probability of
occurrence. It may be that the probability of some
confused options is extremely low, making it easier
for the model to make correct selections. In the
future, we can consider making the probability of
the confused options close to the probability of the
correct option to enhance the confusion.
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A Detailed Information of MDC-bench

During the data acquisition phase, we retained high-
quality academic papers characterized by com-
plex causal structures and high reasoning difficulty.
Meanwhile, we strictly constrain the model to ex-
tract information from the content of the original
papers. The core logic of questions and options is
required to align with the core reasoning chain of
the original papers.

In the benchmark construction process, we estab-
lished strict review rules for quality control, supple-
mented by a manual sampling verification mecha-
nism to ensure data quality. Low-quality data sam-
ples exhibiting defects such as duplicate options
or empty options were systematically eliminated.
This approach achieved precise alignment between
the data information and the source text content.

As shown in Figure 9, compared with the previ-
ous benchmarks, the main characteristics of MDC-
bench are as follows: (1) The benchmark is con-
structed based on a variety of causal structures.
(2) Multi-disciplinary data are used to lay a data
foundation for evaluating the deep causal ability
of large language models. (3) The difficulty level
of the problem is distinct, including single causal
operations and compound causal operations. At the
same time, the problems of each task are set with
the core of the long causal chain to test the causal
ability of the model.

Figure 9: The main differences between MDC-Bench
and current datasets.

The descriptions of various causal tasks are
shown in the Figure 10. In each causal task, the
distribution of fine-grained tasks is shown in the
Table 3.

The benchmark of our research is constructed
using articles sourced from Preprints.org, a plat-
form dedicated to the sharing of academic preprints.
These multidisciplinary articles are crawled and

Fine-grained Causal Task Size

Forward Reasoning 1,142
Reverse Reasoning 777
Single Intervention 829
Compound Intervention 500
Single Decision 3,070
Compound Decision 521
Restrictive Counterfactual 1,583

Table 3: The basic information of fine-grained tasks in
MDC-bench.

used as labeled data sources to support our study.
All preprints utilized in the benchmark are open
access and are published under the Creative Com-
mons CC BY 4.0 license, ensuring that authors
retain copyright and receive credit for their work
while allowing anyone to read and use their work.

B Performance on COPA dataset

The performance of various models on COPA
dataset is shown in Table 4.

LLMs Accuracy

Llama-3.2-1B-Instruct 71.00
Llama-3.2-3B-Instruct 84.40
Meta-Llama-3.1-8B-Instruct 95.40
Qwen2.5-7B-Instruct 98.00
Qwen2.5-14B-Instruct 99.40
Qwen2.5-32B-Instruct 98.20
Qwen3-8B 96.80
Qwen3-14B 98.00
Qwen3-32B 98.80
Gemma2-9B-it 89.80
Gemma2-27B-it 94.40
DeepSeek-R1 97.40
DeepSeek-V3.1 97.80
Gemini-nothinking 99.00
Gemini-thinking 98.60
Claude-nothinking 100.00
Claude-thinking 100.00

Table 4: The performance on the well-known causal
dataset COPA.

C Distribution of Multiple Disciplines

The data distribution of each discipline in MDC-
Bench is shown in the Table 5.

D Distribution of Multiple Causal
Structures

The data distribution of each causal structure type
in MDC-Bench is shown in the Table 6.
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Figure 10: The descriptions of causal tasks.

Category Discipline Reas. Inter. Dec. Counter. Total

Liberal Arts
Art. Hum. 340 204 491 271 1,306
Bus. Econ. Manag. 171 93 192 77 533
Soc. Sci. 154 110 196 61 521

Total number of Liberal Arts 665 407 879 409 2,360

Science

Chem. Mater. Sci. 442 235 789 332 1,798
Eng. 98 271 804 321 1,494
Med. Pharm. 350 219 544 282 1,395
Pub. Health. Healthc. 364 197 575 239 1,375

Total number of Science 1,254 922 2,712 1,174 6,062

Table 5: The quantity of each discipline in MDC-Bench.

E Performance on Multiple Causal
Structures

Table 7 presents the comprehensive performance
of the model across different causal structures.

F Performance with Different Causal
Chain Lengths

Tables 8, 9, 10, and 11 respectively illustrate the
performance of the model in addressing problems
with different causal chain lengths across four task
types: causal reasoning, causal intervention, causal
decision, and counterfactual reasoning.

G Performance on Compound
Operations

The performance of models on compound opera-
tions and single operations is shown in Table 12.

H Performance on Different Disciplines

Table 13 illustrates the models’ performance on
causal tasks in the liberal arts, and Table 14
presents their performance on causal tasks in sci-
ence and engineering.

I Case Study

To enhance the understanding of MDC-Bench, we
provide case studies for each causal task. Each case
study clearly presents the core elements of prob-
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Causal Structure Reas. Inter. Dec. Counter. Total

Chain Type 1,210 809 2,235 928 5,182
Collider Type 1,070 778 1,971 914 4,733
Fork Type 626 478 1,119 529 2,752

Table 6: The quantity of each causal structure type in MDC-Bench.

Category LLMs Chain Type Collider Type Fork Type

Basic Hard Basic Hard Basic Hard

Open-Source
LLMs

Llama-3.2-1B 63.43 19.93 60.82 20.07 61.44 21.11
Llama-3.2-3B 75.22 38.26 72.66 37.73 73.83 38.51
Llama-3.1-8B 81.26 51.15 78.55 48.84 78.92 49.41
Gemma2-9B 80.85 52.25 77.77 51.32 78.63 51.09
Gemma2-27B 81.37 54.90 78.40 54.63 79.72 54.54
Qwen2.5-7B 82.43 38.63 80.22 37.92 81.46 38.80
Qwen2.5-14B 83.42 53.57 80.83 53.03 81.57 52.50
Qwen2.5-32B 83.75 56.23 80.96 55.82 82.19 54.10
Qwen3-8B 82.38 52.58 79.78 52.12 80.08 52.03
Qwen3-14B 83.90 57.00 81.68 57.06 82.92 55.63
Qwen3-32B 84.04 56.54 81.78 55.82 82.01 55.30

Closed-Source
LLMs

DeepSeek-R1 83.86 56.07 80.18 54.99 80.85 54.17
DeepSeek-V3.1 84.50 56.71 81.66 56.41 82.55 55.88
Gemini-nothinking 84.85 56.61 81.63 56.32 82.12 56.61
Gemini-thinking 85.04 57.31 82.23 55.71 82.88 56.10
Claude-nothinking 85.62 58.66 81.99 57.00 82.84 57.52
Claude-thinking 86.33 59.91 82.75 58.01 83.43 57.66

Table 7: The results of various LLMs on different causal structures in MDC-Bench. The basic mode requires the
model to select the answer with the highest causal strength from multiple options, while the hard mode requires the
model to select the top two answers ranked by causal strength from multiple options.

lem construction, including the key causal chains,
confused chains, and other related content. Ta-
ble 15 presents an example of forward reasoning,
Table 16 illustrates an example of backward reason-
ing, Table 17 shows an example of single interven-
tion, Table 18 displays an example of compound
intervention, Table 19 demonstrates an example
of single decision, Table 20 exhibits an example
of compound decision, and Table 21 provides an
example of counterfactual reasoning.

J Prompts for Dataset Construction

We construct a standardized causal data generation
pipeline and formulate the data generation prompts.
Due to the page limitation of this article, we present
the core workflow of prompts.

Table 22 presents the causal synergistic-unique-
redundant decomposition prompt, which is de-
signed to derive valid causal information from the
interpretation of the paper’s introduction and sup-
port the generation of subsequent causal chains.
The prompt in Table 23 serves to identify chain
structures. The prompt in Table 24 is used for
recognizing fork structures. The prompt listed in

Table 25 is intended to detect collider structures,
and the one in Table 26 is employed to obtain hy-
brid causal structures that contain at least two basic
causal structures. The prompt in Table 27 is utilized
to identify key causal chains within complex causal
structures, and the prompt in Table 28 is applied
to generate reverse reasoning chains. Additionally,
the prompt in Table 29 is used for generating single
causal intervention chains, whereas the prompt in
Table 30 is dedicated to constructing compound
causal intervention chains. Table 31 presents the
prompt for generating counterfactual chains. The
prompt in Table 32 can generate corresponding con-
founding chains for forward reasoning chains and
intervention chains. Table 33 presents the prompt
for producing confused chains for reverse reason-
ing chains. The prompt listed in Table 34 is used to
generate corresponding confused chains for causal
decision chains. Furthermore, the prompt in Table
35 can create causal reasoning questions based on
information such as causal reasoning chains, the
prompt in Table 36 is capable of generating causal
intervention questions using intervention chains.
The prompt in Table 37 can formulate causal deci-
sion questions relying on information like decision
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LLMs Basic Mode in Reas. Hard Mode in Reas.

short long short long

Open-Source LLMs
Llama-3.2-1B 57.56 51.28 13.99 15.97
Llama-3.2-3B 69.37 64.30 37.27 35.30
Llama-3.1-8B 75.94 73.19 45.58 44.07
Gemma2-9B 71.65 67.26 46.54 42.65
Gemma2-27B 74.27 72.03 48.64 44.97
Qwen2.5-7B 75.76 69.84 47.76 41.62
Qwen2.5-14B 76.90 71.90 47.06 41.88
Qwen2.5-32B 77.86 73.06 52.75 46.64
Qwen3-8B 76.46 69.71 46.28 41.62
Qwen3-14B 78.30 71.90 52.14 47.93
Qwen3-32B 78.82 75.00 51.35 48.19

Closed-Source LLMs
DeepSeek-R1 76.81 71.77 51.88 48.19
DeepSeek-V3.1 77.16 73.96 50.83 47.16
Gemini-nothinking 79.52 76.28 54.50 52.96
Gemini-thinking 80.05 76.80 53.10 53.09
Claude-nothinking 80.48 77.19 55.03 50.64
Claude-thinking 82.06 78.47 55.81 51.80

Table 8: The performance of each model with different chain lengths in causal reasoning tasks. Bold numbers
denote the best performance.

chains, and the prompt in Table 38 is used to de-
velop counterfactual reasoning questions based on
data such as counterfactual chains. The prompt in
Table 39 is designed to reflect on the rationality of
the occurrence probability in each chain.

K Trigger Prompts for Answering

Trigger prompts for answering the questions are
presented in Table 40.

28268



LLMs Basic Mode in Inter. Hard Mode in Inter.

short long short long

Open-Source LLMs
Llama-3.2-1B 62.85 60.79 17.25 17.40
Llama-3.2-3B 73.71 71.58 44.91 37.22
Llama-3.1-8B 79.42 81.27 51.54 51.10
Gemma2-9B 81.37 79.51 59.65 55.94
Gemma2-27B 79.54 81.71 61.94 62.11
Qwen2.5-7B 82.85 83.25 38.40 37.66
Qwen2.5-14B 84.34 85.46 58.74 52.42
Qwen2.5-32B 84.34 85.68 59.54 55.50
Qwen3-8B 81.94 81.93 57.14 52.42
Qwen3-14B 84.22 83.70 62.17 58.81
Qwen3-32B 83.20 84.36 62.85 60.35

Closed-Source LLMs
DeepSeek-R1 80.45 82.59 62.74 62.33
DeepSeek-V3.1 83.88 85.24 64.91 59.69
Gemini-nothinking 83.20 82.15 66.17 62.11
Gemini-thinking 82.17 83.70 65.14 61.67
Claude-nothinking 82.40 86.78 64.45 59.91
Claude-thinking 84.11 85.90 65.94 63.21

Table 9: The performance of each model with different chain lengths in causal intervention tasks. Bold numbers
denote the best performance.

LLMs Basic Mode in Dec. Hard Mode in Dec.

short long short long

Open-Source LLMs
Llama-3.2-1B 75.86 69.66 26.34 25.49
Llama-3.2-3B 85.44 82.08 39.03 37.44
Llama-3.1-8B 86.82 85.87 52.40 46.35
Gemma2-9B 89.27 84.17 55.24 49.47
Gemma2-27B 89.58 84.83 59.02 49.19
Qwen2.5-7B 90.53 86.25 35.33 31.09
Qwen2.5-14B 91.16 87.29 58.04 50.99
Qwen2.5-32B 90.97 86.82 61.04 51.94
Qwen3-8B 90.02 86.63 57.29 51.94
Qwen3-14B 91.04 87.10 60.56 52.98
Qwen3-32B 90.37 84.92 58.28 50.33

Closed-Source LLMs
DeepSeek-R1 90.26 85.21 56.50 49.57
DeepSeek-V3.1 90.14 85.59 58.24 51.27
Gemini-nothinking 89.74 86.25 55.28 50.04
Gemini-thinking 89.98 87.20 55.71 49.85
Claude-nothinking 90.10 86.72 59.46 51.94
Claude-thinking 90.45 87.01 60.29 54.12

Table 10: The performance of each model with different chain lengths in causal decision tasks. Bold numbers
denote the best performance.
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LLMs Basic Mode in Counter. Hard Mode in Counter.

short long short long

Open-Source LLMs
Llama-3.2-1B 45.00 42.39 16.00 17.02
Llama-3.2-3B 59.45 61.95 35.49 36.23
Llama-3.1-8B 71.29 71.37 53.63 53.62
Gemma2-9B 71.19 71.37 51.30 51.81
Gemma2-27B 69.35 69.92 57.41 54.89
Qwen2.5-7B 71.96 72.28 39.67 38.22
Qwen2.5-14B 73.13 70.83 55.28 52.17
Qwen2.5-32B 73.13 71.55 55.86 54.71
Qwen3-8B 71.29 72.10 52.08 51.63
Qwen3-14B 74.29 74.45 57.41 58.51
Qwen3-32B 77.01 74.45 58.29 61.05

Closed-Source LLMs
DeepSeek-R1 76.43 75.90 58.97 58.51
DeepSeek-V3.1 77.40 76.81 60.23 57.60
Gemini-nothinking 76.91 78.26 59.45 60.50
Gemini-thinking 77.20 78.80 61.68 60.68
Claude-nothinking 78.07 77.35 60.91 60.86
Claude-thinking 78.27 77.89 62.07 62.68

Table 11: The performance of each model with different chain lengths in counterfactual reasoning tasks. Bold
numbers denote the best performance.

LLMs single inter. compound inter. single dec. compound dec.

Basic Hard Basic Hard Basic Hard Basic Hard

Open-Source LLMs
Llama-3.2-1B 68.51 18.09 51.60 16.00 76.35 27.26 60.46 19.19
Llama-3.2-3B 75.75 45.59 68.40 36.80 86.61 40.03 71.78 29.94
Llama-3.1-8B 81.42 54.85 77.80 45.60 88.30 53.48 76.19 33.78
Gemma2-9B 83.59 62.24 76.00 52.00 90.09 56.41 74.08 36.66
Gemma2-27B 82.75 65.62 76.20 56.00 90.06 58.85 77.15 40.11
Qwen2.5-7B 84.55 37.75 80.40 38.80 91.92 35.43 73.70 26.10
Qwen2.5-14B 86.97 59.83 81.00 51.20 92.44 59.70 75.81 33.97
Qwen2.5-32B 86.00 59.95 82.80 55.20 92.31 61.49 74.66 39.92
Qwen3-8B 84.19 58.26 78.20 51.00 91.43 58.95 74.85 36.66
Qwen3-14B 86.24 63.69 80.40 56.60 92.31 62.14 75.62 35.89
Qwen3-32B 86.97 64.77 78.00 57.40 91.56 59.34 72.36 35.89

Closed-Source LLMs
DeepSeek-R1 83.59 63.44 77.20 61.20 91.30 57.68 73.89 35.50
DeepSeek-V3.1 86.48 66.22 80.80 58.00 91.33 59.80 73.89 34.93
Gemini-nothinking 85.76 65.25 78.00 64.00 90.68 56.51 77.15 37.42
Gemini-thinking 85.16 65.62 78.60 61.20 91.17 56.64 77.35 38.38
Claude-nothinking 85.88 65.01 80.60 59.40 91.46 60.65 75.23 37.23
Claude-thinking 85.76 66.34 83.00 62.80 91.75 61.43 75.81 41.07

Table 12: The comparison of model performance on single causal operations data and compound causal operations
data. The basic mode requires the model to select the answer with the highest causal strength from multiple options,
while the hard mode requires the model to select the top two answers ranked by causal strength from multiple
options. Bold numbers denote the best performance.
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LLMs Art. Hum. Bus. Econ. Soc. Sci.

Basic Hard Basic Hard Basic Hard

Open-Source LLMs
Llama-3.2-1B 62.78 20.59 62.28 16.51 64.68 20.53
Llama-3.2-3B 70.90 36.21 71.48 37.71 75.04 39.53
Llama-3.1-8B 79.17 49.54 79.54 44.65 80.23 47.21
Gemma2-9B 77.33 49.08 77.86 50.84 79.07 53.55
Gemma2-27B 79.09 53.13 78.61 52.90 82.53 56.42
Qwen2.5-7B 80.62 36.14 78.61 34.89 82.72 41.26
Qwen2.5-14B 80.55 51.30 80.48 49.34 84.45 50.47
Qwen2.5-32B 82.23 53.21 79.73 54.22 84.06 53.74
Qwen3-8B 80.62 51.07 79.92 50.84 80.99 48.94
Qwen3-14B 82.54 55.74 82.92 53.47 83.30 51.43
Qwen3-32B 82.61 55.66 83.30 52.90 83.87 55.66

Closed-Source LLMs
DeepSeek-R1 81.62 55.89 80.30 52.72 83.10 53.93
DeepSeek-V3.1 83.38 53.29 81.42 51.59 82.14 53.74
Gemini-nothinking 83.00 55.81 82.92 52.72 84.83 57.19
Gemini-thinking 83.76 56.12 83.11 54.97 85.22 55.47
Claude-nothinking 84.15 57.88 84.61 56.09 85.60 56.62
Claude-thinking 84.76 59.41 84.42 56.28 86.56 59.30

Table 13: The model performance on causal tasks in liberal arts. The basic mode requires the model to select the
answer with the highest causal strength from multiple options, while the hard mode requires the model to select the
top two answers ranked by causal strength from multiple options. Bold numbers denote the best performance.

LLMs Chem. Mater. Eng. Med. Pharm. Pub. Health

Basic Hard Basic Hard Basic Hard Basic Hard

Open-Source LLMs
Llama-3.2-1B 61.56 17.74 68.13 21.75 55.48 20.93 61.89 22.54
Llama-3.2-3B 76.14 37.48 77.24 41.23 73.26 36.70 73.23 38.61
Llama-3.1-8B 81.59 49.77 81.72 52.27 78.63 50.82 78.25 50.69
Gemma2-9B 80.58 51.50 82.93 55.89 78.42 51.32 78.18 51.56
Gemma2-27B 80.58 56.11 81.99 57.29 80.21 54.69 77.67 53.96
Qwen2.5-7B 81.20 41.37 83.46 36.21 82.15 37.99 80.14 38.69
Qwen2.5-14B 82.59 53.94 85.54 56.89 82.79 52.90 80.14 53.01
Qwen2.5-32B 82.59 56.72 84.47 58.09 83.01 56.48 81.01 56.14
Qwen3-8B 81.64 53.44 84.06 56.89 79.35 49.67 80.14 52.07
Qwen3-14B 82.59 58.50 85.07 57.76 82.36 57.70 81.16 57.30
Qwen3-32B 83.70 56.11 84.47 59.37 82.07 55.84 81.09 55.12

Closed-Source LLMs
DeepSeek-R1 81.59 55.39 84.47 58.36 81.21 55.91 81.45 54.25
DeepSeek-V3.1 82.09 56.89 85.20 60.64 83.15 56.41 82.03 56.43
Gemini-nothinking 82.64 56.06 85.07 57.69 83.58 57.49 81.60 57.60
Gemini-thinking 82.36 56.72 85.07 57.02 84.01 57.27 82.76 57.67
Claude-nothinking 82.09 57.84 86.68 59.77 83.72 56.06 82.25 59.12
Claude-thinking 84.09 59.34 86.54 62.31 84.15 57.27 82.54 58.76

Table 14: The model performance on causal tasks in science and engineering. The basic mode requires the model to
select the answer with the highest causal strength from multiple options, while the hard mode requires the model
to select the top two answers ranked by causal strength from multiple options. Bold numbers denote the best
performance.
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Forward Causal Reasoning Case Study

causal graph: (Integration of Artificial Intelligence into cataloguing and classification systems,
Transformation of modern libraries), (Transformation of modern libraries, Revolutionizing
traditional practices), (Revolutionizing traditional practices, Paving the way for more efficient
and sophisticated information management),
key causal chain: (Integration of Artificial Intelligence into cataloguing and classification
systems, Transformation of modern libraries), (Transformation of modern libraries, Revolu-
tionizing traditional practices), (Revolutionizing traditional practices, Paving the way for more
efficient and sophisticated information management),
confused chains 1: (Integration of Artificial Intelligence into cataloguing and classification
systems, Transformation of modern libraries), (Transformation of modern libraries, Revolu-
tionizing traditional practices), (Revolutionizing traditional practices, Complete automation of
library services), (Complete automation of library services, Elimination of traditional librarian
roles),
confused chains 2: (Integration of Artificial Intelligence into cataloguing and classification
systems, Transformation of modern libraries), (Transformation of modern libraries, Revolution-
izing traditional practices), (Revolutionizing traditional practices, Universal adoption across
all library types), (Universal adoption across all library types, Standardization of global infor-
mation systems), (Standardization of global information systems, Elimination of information
access disparities worldwide),
confused chains 3: (Integration of Artificial Intelligence into cataloguing and classification
systems, Transformation of modern libraries), (Transformation of modern libraries, Revo-
lutionizing traditional practices), (Revolutionizing traditional practices, Emergence of fully
autonomous AI library systems), (Emergence of fully autonomous AI library systems, Devel-
opment of self-evolving cataloguing algorithms), (Development of self-evolving cataloguing
algorithms, Creation of a global knowledge network beyond human comprehension), (Creation
of a global knowledge network beyond human comprehension, Transformation of human
learning and cognition paradigms),
question: Academic libraries support teaching, learning, and research. With technological ad-
vancement, artificial intelligence (AI) has emerged as a tool to revolutionize library services. AI
applications can streamline processes, personalize user experiences, and analyze large datasets.
This includes automating tasks like cataloguing, classification, indexing, and abstracting, which
were traditionally manual. The integration of AI in libraries presents opportunities for enhanced
information management but also involves challenges related to resources, infrastructure, and
ethical considerations like data privacy.
Which of the following options has the strongest causal relationship with the integration of
Artificial Intelligence into cataloguing and classification systems?
Options: (A) Elimination of information access disparities worldwide (B) Transformation
of human learning and cognition paradigms. (C) Paving the way for more efficient and
sophisticated information management (D) Elimination of traditional librarian roles,
basic mode answer: (C),
hard mode answers: (C)(D),
structure type: chain structure.

Table 15: forward causal reasoning case study
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Reverse Causal Reasoning Case Study

causal graph: (Technology, Domination), (Network analysis, Social behaviors), (Artificial
intelligence, Epistemic implications), (Big data, Social behaviors), (Large language mod-
els, Interpretations), (Artificial intelligence, Theoretical innovation), (Large language models,
Critique), (Artificial intelligence, Human thought), (Algorithms, Racial inequities), (Large
language models, Biases), (Industrialization, Society), (Algorithms, Biases), (Algorithms, So-
cial realities), (Technology, Standardization), (Technology, Human thought), (Training data,
Structural biases), (Artificial intelligence, Ethical implications), (Large language models, Epis-
temic shift), (Algorithms, Class-based inequities), (Large language models, Argumentation),
(Large language models, Intellectual production), (Means of production, Social relations),
(Bureaucratization, Society), (Large language models, Hegemonic ideologies), (Technology,
Consciousness), . . .
key causal chain: (Hegemonic ideologies, Training data contains structural biases), (Training
data contains structural biases, Algorithms reproduce societal inequities), (Algorithms repro-
duce societal inequities, Large language models amplify existing power structures),
confused chains 1: (Hegemonic ideologies, Training data contains structural biases), (Training
data contains structural biases, Large language models develop autonomous goal-setting),
(Large language models develop autonomous goal-setting, AI initiates societal restructuring),
confused chains 2: (Hegemonic ideologies, Training data contains structural biases), (Training
data contains structural biases, Large language models achieve ontological transformation),
(Large language models achieve ontological transformation, Human consciousness becomes
fully technologically determined),
confused chains 3: (Hegemonic ideologies, Training data contains structural biases), (Training
data contains structural biases, Large language models trigger epistemic evolution in non-human
entities), (Large language models trigger epistemic evolution in non-human entities, Artificial
intelligence develops independent consciousness),
question: Classical social theorists like Marx, Durkheim, and Weber developed their frame-
works during industrialization, focusing on labor, capital, and rationalization. Technology was
then seen as industrial machinery. More recently, computational social science used big data and
machine learning to model social behavior. In the 21st century, large language models (LLMs)
represent a significant technological shift. Scholars in philosophy of technology and critical
AI studies now debate AI’s role, with some framing it as an epistemic agent that transforms
knowledge, while others highlight its potential to embed and amplify societal biases.
Which of the following options has the strongest causal relationship with hegemonic ideologies
embedded in training data?
Options: (A) Artificial intelligence develops independent consciousness. (B) Human conscious-
ness becomes fully technologically determined (C) Large language models amplify existing
power structures (D) AI initiates societal restructuring,
basic mode answer: (C),
hard mode answers: (C)(D),
structure type: collider structure.

Table 16: Reverse Causal Reasoning Case Study
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Single Intervention Case Study

causal graph: (The advent of digital media, Traditional media outlets having to adapt to the
fast-paced digital world), (Traditional media outlets having to adapt to the fast-paced digital
world, News being expected to be instantaneous and constantly updated), . . .
key causal chain: (The advent of digital media, Traditional media outlets having to adapt
to the fast-paced digital world), (Traditional media outlets having to adapt to the fast-paced
digital world, News being expected to be instantaneous and constantly updated), (News being
expected to be instantaneous and constantly updated, Concerns about the quality and reliability
of information),
causal intervention chain: (The advent of digital media, Traditional media outlets having
to adapt to the fast-paced digital world), (Traditional media outlets having to adapt to the
fast-paced digital world, Implementing robust fact-checking and editorial verification processes
before publication), (Implementing robust fact-checking and editorial verification processes
before publication, Reduced concerns about the quality and reliability of information),
confused chains 1: (The advent of digital media, Traditional media outlets having to adapt
to the fast-paced digital world), (Traditional media outlets having to adapt to the fast-paced
digital world, News being expected to be instantaneous and constantly updated), (News being
expected to be instantaneous and constantly updated, Widespread public skepticism toward all
media sources),
confused chains 2: (The advent of digital media, Traditional media outlets having to adapt
to the fast-paced digital world), (Traditional media outlets having to adapt to the fast-paced
digital world, News being expected to be instantaneous and constantly updated), . . . , (Major
traditional outlets abandoning fact-checking to compete, Complete collapse of trusted public
information channels),
confused chains 3: (The advent of digital media, Traditional media outlets having to adapt
to the fast-paced digital world), . . . , (Human journalism and editorial oversight becoming
economically obsolete, Society losing the capacity for investigative reporting and nuanced
analysis),
question: The journalism industry in Ireland has evolved significantly over centuries, shaped
by its socio-political history. Early newspapers in the 18th and 19th centuries were often
linked to political movements and the struggle for independence. The 20th century saw the
establishment of major national newspapers. The late 20th and early 21st centuries brought
a digital transformation, with online platforms and social media altering news production,
consumption, and dissemination, introducing both opportunities like citizen journalism and
challenges such as misinformation and economic pressures on traditional outlets.
When the advent of digital media forces traditional media outlets to adapt to the fast-paced
digital world, what is the most likely outcome of intervening by implementing robust fact-
checking and editorial verification processes before publication?
Options: (A) Complete collapse of trusted public information channels (B) Widespread public
skepticism toward all media sources (C) Society losing the capacity for investigative reporting
and nuanced analysis. (D) Reduced concerns about the quality and reliability of information,
basic mode answer: (D),
hard mode answers: (D)(B),
structure type: chain structure.

Table 17: single intervention case study
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Compound Intervention Case Study

causal graph: (Globalization, Search for adaptable workers), (Technological progress, Search
for adaptable workers), (Demographic issues, Search for adaptable workers), (Climate change,
Search for adaptable workers), . . .
key causal chain: (Globalization, Search for adaptable workers), (Search for adaptable workers,
Demand for STEM professionals increasing), (Demand for STEM professionals increasing,
Acquisition of STEM knowledge), (Acquisition of STEM knowledge, Professional success),
(Professional success, Many opportunities and high salaries),
causal intervention chain: (Globalization, Search for adaptable workers), (Search for adapt-
able workers, Demand for STEM professionals increasing), (Demand for STEM professionals
increasing, Early STEM education enhancement programs in primary schools), (Early STEM
education enhancement programs in primary schools, Acquisition of STEM knowledge + So-
cioeconomic barriers to STEM access), (Acquisition of STEM knowledge + Socioeconomic
barriers to STEM access, Limited professional success for disadvantaged groups), (Limited
professional success for disadvantaged groups, Concentrated high salaries and widened inequal-
ity),
confused chains 1: (Globalization, Search for adaptable workers), (Search for adaptable
workers, Demand for STEM professionals increasing), . . . , (Concentrated high salaries and
widened inequality, Social unrest and political instability),
confused chains 2: (Globalization, Search for adaptable workers), (Search for adaptable
workers, Demand for STEM professionals increasing), . . . , (Significant decline in overall
national economic productivity, Long-term economic recession),
confused chains 3: (Globalization, Search for adaptable workers), (Search for adaptable
workers, Demand for STEM professionals increasing), . . . , (Long-term economic recession,
Collapse of the current global economic order and rise of protectionist regimes),
question: The global economy is undergoing constant changes driven by factors like climate
change, globalization, technological progress, and demographic shifts. These transformations
are altering the employment landscape for graduates, with STEM professions gaining promi-
nence worldwide. Consequently, there is a growing demand for professionals in these fields.
Acquiring knowledge in STEM disciplines is linked to professional success, offering numerous
opportunities and high salaries, including higher starting wages. However, despite this demand,
a relatively low percentage of graduates in OECD countries hold STEM degrees, and interest in
science often declines from primary school onward.
When globalization drives the search for adaptable workers, leading to increased demand for
STEM professionals and prompting early STEM education enhancement programs in primary
schools, what is the most likely outcome of intervening by addressing both the acquisition of
STEM knowledge and socioeconomic barriers to STEM access?
Options: (A) Long-term economic recession (B) Social unrest and political instability (C) Col-
lapse of the current global economic order and rise of protectionist regimes. (D) Concentrated
high salaries and widened inequality,
basic mode answer: (D),
hard mode answers: (D)(B),
structure type: chain_collider structure.

Table 18: compound intervention case study
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Single Decision Case Study

causal graph: (Increased intramuscular fat and fibrotic infiltration, Higher echo intensity
values), (Higher echo intensity values, Qualitative degeneration), (Qualitative degeneration,
Diminished strength),
key causal chain: (Increased intramuscular fat and fibrotic infiltration, Higher echo intensity
values), (Higher echo intensity values, Qualitative degeneration), (Qualitative degeneration,
Diminished strength),
causal intervention chain: (Increased intramuscular fat and fibrotic infiltration, Higher echo
intensity values), (Higher echo intensity values, Standardized ultrasound protocols with con-
trolled technical factors), (Standardized ultrasound protocols with controlled technical factors,
Accurate assessment of muscle quality without misdiagnosis),
confused chains 1: (Increased intramuscular fat and fibrotic infiltration, Adoption of regular
resistance training), (Adoption of regular resistance training, Standardized ultrasound protocols
with controlled technical factors), (Standardized ultrasound protocols with controlled technical
factors, Accurate assessment of muscle quality without misdiagnosis),
confused chains 2: (Increased intramuscular fat and fibrotic infiltration, Routine clinical use of
advanced MRI for muscle quality), (Routine clinical use of advanced MRI for muscle quality,
Standardized ultrasound protocols with controlled technical factors), (Standardized ultrasound
protocols with controlled technical factors, Accurate assessment of muscle quality without
misdiagnosis),
confused chains 3: (Increased intramuscular fat and fibrotic infiltration, Spontaneous rever-
sal of intramuscular fat via unknown physiological mechanisms), (Spontaneous reversal of
intramuscular fat via unknown physiological mechanisms, Standardized ultrasound protocols
with controlled technical factors), (Standardized ultrasound protocols with controlled technical
factors, Accurate assessment of muscle quality without misdiagnosis),
question: Pediatric obesity is a major public health issue with broad health impacts. Body
composition changes, such as increased fat mass and altered fat-free mass, significantly affect
skeletal muscle in youth. Ultrasound imaging is a key non-invasive tool for assessing muscle
morphology via muscle thickness and for evaluating muscle quality via echo intensity, which
indicates intramuscular fat and fibrosis. These measures help understand obesity-related muscle
alterations and risks like sarcopenic obesity. However, interpreting echo intensity in children
with obesity requires careful consideration of technical factors like subcutaneous fat thickness
and imaging protocols.
After observing higher echo intensity values due to increased intramuscular fat and fibrotic
infiltration, which subsequent action is most likely to lead to an accurate assessment of muscle
quality without misdiagnosis?
Options: (A) Routine clinical use of advanced MRI for muscle quality (B) Spontaneous reversal
of intramuscular fat via unknown physiological mechanisms. (C) Standardized ultrasound
protocols with controlled technical factors (D) Adoption of regular resistance training,
basic mode answer: (C),
hard mode answers: (C)(D),
structure type: chain structure.

Table 19: single decision case study.
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Compound Decision Prompt

causal graph: (Heavy dependence on bread wheat, Hidden hunger), (Hidden hunger, Deficien-
cies in iron and zinc are widespread), (Deficiencies in iron and zinc are widespread, Anemia and
impaired immune function), (Processed wheat-based foods lack dietary fiber, B vitamins, and
phytochemicals, Rising incidences of non-communicable diseases), (Processing that removes
nutrient-dense bran and germ layers, Concerns about dietary diversity and quality), (Wheat
secures calorie sufficiency, Nutritional profile requires enhancement), (Wheat-dominant diets,
Hidden hunger), (Traditional wheat varieties low in essential micronutrients, Hidden hunger),
key causal chain: (Heavy dependence on bread wheat, Hidden hunger), (Hidden hunger,
Deficiencies in iron and zinc are widespread), (Deficiencies in iron and zinc are widespread,
Anemia and impaired immune function),
causal intervention chain: (Heavy dependence on bread wheat, Flour fortification + low
adoption of biofortified wheat and underfunded diversification programs), (Flour fortification +
low adoption of biofortified wheat and underfunded diversification programs, Persistent hidden
hunger in vulnerable populations),
confused chains 1: (Heavy dependence on bread wheat, Widespread adoption of biofortified
wheat varieties), (Widespread adoption of biofortified wheat varieties, Persistent hidden hunger
in vulnerable populations),
confused chains 2: (Heavy dependence on bread wheat, Sudden global shift to diverse staple
crops), (Sudden global shift to diverse staple crops, Persistent hidden hunger in vulnerable
populations),
confused chains 3: (Heavy dependence on bread wheat, Complete cessation of wheat process-
ing and exclusive whole grain consumption), (Complete cessation of wheat processing and
exclusive whole grain consumption, Persistent hidden hunger in vulnerable populations),
question: Bread wheat is a vital global staple crop, feeding billions and providing significant
dietary energy and protein. While adaptable and high-yielding, traditional varieties are low in
essential micronutrients like iron and zinc. In regions where wheat dominates diets, this can
lead to micronutrient deficiencies despite sufficient calories, a situation termed “hidden hunger”.
Additionally, reliance on refined wheat products, which lose nutrient-rich bran and germ during
processing, reduces dietary fiber and vitamins. This dietary pattern is linked to increased risks
of non-communicable diseases, highlighting a need to enhance wheat’s nutritional quality and
diversify diets.
After heavy dependence on bread wheat leads to hidden hunger, which intervention is most
likely to result in persistent hidden hunger in vulnerable populations?
Options: (A) Sudden global shift to diverse staple crops (B) Widespread adoption of biofortified
wheat varieties (C) Flour fortification + low adoption of biofortified wheat and underfunded
diversification programs (D) Complete cessation of wheat processing and exclusive whole grain
consumption.,
basic mode answer: (C),
hard mode answers: (C)(B),
structure type: chain_collider structure.

Table 20: compound decision prompt
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Counterfactual Reasoning Case Study

causal graph: (Falls, Frailty), (Progressive strength training, Frailty index scores), (Orthostatic
intolerance, Falls), (Progressive strength training, Cardiac baroreceptor gain), (Progressive
strength training, Handgrip strength), (Progressive strength training, Heart rate variability),
(Autonomic nervous system dysregulation, Frailty), (Progressive strength training, Cardiac
parasympathetic modulation), (Orthostatic hypotension, Orthostatic intolerance), (Progressive
strength training, Physical activity), (Progressive strength training, Orthostatic intolerance
symptoms), (Progressive strength training, Gait speed),
key causal chain: (Progressive strength training, Orthostatic intolerance symptoms), (Ortho-
static intolerance symptoms, Orthostatic intolerance), (Orthostatic intolerance, Falls), (Falls,
Frailty),
restrictive conditions: Counterfactual operations shall focus solely on physiological mecha-
nisms involving autonomic regulation, orthostatic responses, and fall risk in frail older adults,
excluding external interventions beyond strength training, comorbid conditions not directly
related to autonomic function, or social-environmental factors like caregiver support or home
modifications., counterfactual chain: (Absence of progressive strength training, Sustained
orthostatic intolerance symptoms), (Sustained orthostatic intolerance symptoms, Persistent
orthostatic intolerance), (Persistent orthostatic intolerance, Increased falls), (Increased falls,
Worsened frailty),
confused chains 1: (Absence of progressive strength training, Sustained orthostatic intolerance
symptoms), (Sustained orthostatic intolerance symptoms, Persistent orthostatic intolerance),
(Persistent orthostatic intolerance, Increased falls), . . . , (Worsened frailty, Reduced physical
activity), (Reduced physical activity, Further autonomic dysregulation),
confused chains 2: (Absence of progressive strength training, Sustained orthostatic intolerance
symptoms), (Sustained orthostatic intolerance symptoms, Persistent orthostatic intolerance),
(Persistent orthostatic intolerance, Increased falls), . . . , (Hospitalization due to fall injuries,
Accelerated functional decline), (Accelerated functional decline, Loss of independent living),
confused chains 3: (Absence of progressive strength training, Sustained orthostatic intolerance
symptoms), . . . , (Reduced cardiac baroreceptor gain, Irreversible autonomic failure), (Irre-
versible autonomic failure, Complete loss of mobility),
question: Frailty is a dynamic condition affecting older adults’ health and independence.
The autonomic nervous system regulates physiological adjustments during daily stressors like
postural changes. Dysregulation can cause orthostatic hypotension, leading to orthostatic
intolerance symptoms and increased fall risk. Heart rate variability, cardiac parasympathetic
modulation, and cardiac baroreceptor gain are non-invasive measures of autonomic function.
Progressive strength training may improve frailty, but its effects on these autonomic markers
remain unclear, particularly across short-term postural transitions in frail individuals.
If an older adult does not engage in progressive strength training, which of the following
consequences is most likely to occur?
Options: (A) Complete loss of mobility. (B) Loss of independent living (C) Worsened frailty
(D) Further autonomic dysregulation,
basic mode answer: (C),
hard mode answers: (C)(D),
structure type: collider structure.

Table 21: counterfactual reasoning case study
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Causal Synergistic-Unique-Redundant Decomposition Prompt

Given a piece of text, please perform a causal analysis based on the Synergistic - Unique -
Redundant Decomposition, focusing on the following four points. Provide the results in a
concise and clear manner, combining them with the text content, and present them point by
point:
1. Redundant Causality: The repetitive contribution of a variable set to the target variable (same
amount of information).
Criterion: If any variable in the set is removed, the other variables can still provide the same
information.
2. Unique Causality: The exclusive contribution of a single variable to the target variable
(cannot be replaced by other variables).
Criterion: The information provided by this variable cannot be substituted or covered by other
variables.
3. Synergistic Causality: The additional contribution of multiple variables jointly to the target
variable (cannot be provided by a single variable).
Criterion: The emergent information, which cannot be provided by any single variable, arises
only when all variables are present simultaneously.
4. Causal Leakage: Information gaps caused by unobserved variables (factors that affect the
target variable but are not mentioned).
Criterion: After analyzing all observed variables together, the future state of the target variable
still cannot be fully explained.
Reference Sample:
Given text: A student’s final math score (target variable) is influenced by their focus in class,
the quality of completed homework, and the amount of after-class practice. Among these, both
the quality of completed homework and the amount of after-class practice reflect the student’s
after-class effort. Focus in class alone reflects the student’s absorption efficiency in class. When
all three factors work together, they can more comprehensively predict the score. Additionally,
the student’s math foundation is not mentioned but significantly affects their score.
Analysis results:
1. Redundant Causality: The quality of completed homework and the amount of after-class
practice both reflect after-class effort, contributing redundant information to the math score.
2. Unique Causality: Focus in class reflects absorption efficiency in class, which cannot be
obtained from the quality of completed homework or the amount of after-class practice, making
it a unique contribution.
3. Synergistic Causality: The combination of focus in class, quality of completed homework,
and amount of after-class practice provides a more comprehensive prediction of the score,
which cannot be achieved by any single variable alone.
4. Causal Leakage: The unmentioned student’s math foundation affects the math score but is
not included in the analysis, creating an information gap.
Please process the following text and keep the output format consistent with the reference
sample.
Input:
Given text: [GIVEN_TEXT]
Analysis results:

Table 22: causal synergistic-unique-redundant decomposition prompt
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Chain Structure Recognition Prompt

Please identify all chained causal relationships in the following text and output them strictly in
the specified format.
Task requirements:
1. Extract only directly connected cause-effect pairs from the text. Maintain the chain structure
without skipping any intermediate steps.
2. Each causal relationship should be represented as an ordered pair: (cause, effect). Multiple
pairs should be separated by English commas.
3. Please note that there should also be a causal relationship between the head event node and
the tail event node.
4. Please ensure that each line in the output format contains only one complete causal chain.
5. Each independent causal chain occupies a separate line. For example: When the extracted
content is: (A, B), (B, C), (D, E), (E, F). The two chains are completely independent. The first
line should be (A, B),(B, C), and the second line should be (D, E),(E, F).
6. If no eligible causal relationship is found in the text, output “NULL”.
Example:
Text: Staying up late causes fatigue, and fatigue leads to decreased work efficiency.
Output: (Staying up late, Fatigue), (Fatigue, Decreased work efficiency)
Explanation: Do not output relationships that skip intermediate variables (e.g., (Staying up
late, decreased work efficiency) is invalid).
Please process the following text.
Text:

Table 23: chain structure recognition prompt
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Fork Structure Recognition Prompt

Please identify all instances of a common-cause (forked) causal structure in the following text
and output them strictly in the specified format.
Task requirements:
1. A common-cause structure refers to a single cause leading to multiple different effects, where
these effects themselves have no direct causal relationship.
2. Extract only multiple outcomes directly caused by the same reason. Each causal relationship
should be represented as a pair: (cause, effect). Multiple pairs should be separated by English
commas.
3. Do not mistakenly identify pure correlations or coincidental events as causal relationships.
4. Please ensure that each line in the output format contains only one complete causal chain.
5. Each independent causal chain occupies a separate line. For example: When the extracted
content is: (A, B), (B, C), (D, E), (E, F). The two chains are completely independent. The first
line should be (A, B),(B, C), and the second line should be (D, E),(E, F).
6. If no eligible causal relationship is found in the text, output “NULL”.
7. To obtain a complete causal chain when extracting forking structures, it is necessary to
simultaneously extract all persistently extended causal transmission chains following each
branch.
Example:
Text: Increases in ice cream sales and more drowning incidents both occur during hot summer
weather.
Output: (Hot summer weather, Increases in ice cream sales), (Hot summer weather, More
drowning incidents)
Explanation: There is no direct causal relationship between ice cream sales and drowning
incidents. Instead, both are separately caused by the common factor hot summer weather.
Please process the following text.
Text:

Table 24: fork structure recognition prompt
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Collider Structure Recognition Prompt

Please identify all instances of a collider structure of causal relationships in the following text
and output them strictly in the specified format.
Task requirements:
1. A collider structure refers to multiple independent causes collectively influencing the same
outcome, where these causes may not be directly related to each other.
2. Extract only direct cause-effect relationships from the text, representing each as a pair:
(cause, effect). Multiple pairs should be separated by English commas.
3. Extract relationships only in the direction from cause to effect. Do not perform reverse
reasoning, and do not infer relationships between different causes.
4. Please ensure that each line in the output format contains only one complete causal chain.
5. Each independent causal chain occupies a separate line. For example: When the extracted
content is: (A, B), (B, C), (D, E), (E, F). The two chains are completely independent. The first
line should be (A, B),(B, C), and the second line should be (D, E),(E, F).
6. If no eligible causal relationship is found in the text, output NULL.
7. To establish a complete causal chain in the extraction of collision structures, it is essential to
concurrently extract all persistently extended causal transmission chains following the collision
point.
Example:
Text: A student’s good performance is usually due to intelligence or diligence.
Output: (Intelligence, Good performance), (Diligence, Good performance)
Explanation: Both intelligence and diligence are independent causes of good performance. No
relationship should be inferred between these two causes.
Please process the following text.
Text:

Table 25: collider structure recognition prompt
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Hybrid Causal Structure Recognition Prompt

Given several different causal structures, please fuse them into a single causal graph. The
specific requirements are as follows:
1. Each causal relationship should be represented as an ordered pair: (cause, effect).
2. If there is no relevant association between different causal structures, please establish the
relevant association.
3. If a relevant association already exists:
- Directly fuse them if the expressions of the connection points are identical.
- If the expressions of the connection points are different but similar in meaning, first unify the
connection points with standardized expressions before fusion.
Example 1: (Fusion of Chain Structure and Fork Structure)
Chain structure: (Solid learning foundation, High classroom absorption efficiency), . . .
Fork structure: (Scientific learning methods, High classroom absorption efficiency), . . .
Fusion Analysis: Using High classroom absorption efficiency as the connection point , . . .
Fusion Result: (Solid learning foundation, High classroom absorption efficiency), (Scientific
learning methods, High classroom absorption efficiency), . . .
Example 2: (Fusion of Chain Structure and Collider Structure)
Chain structure: (Sufficient study time, Excellent exam performance), . . .
Collider structure: (Family support, Sufficient learning motivation), . . .
Fusion Analysis: There is no direct association between the chain structure and the collider
structure, so an association is established, . . .
Fusion Result: (Sufficient study time, Excellent exam performance), . . . , (Sufficient learning
motivation, Excellent exam performance)
Example 3: (Fusion of Fork Structure and Collider Structure)
Fork structure: (Clear learning goals, Strong learning concentration), . . .
Collider structure: (Positive learning attitude, Efficient completion of learning tasks), . . .
Fusion Analysis: Reasonable time planning in the fork structure has a strong causal relationship
with Formulation of good study plans in the collider structure, so . . .
Fusion Result: (Clear learning goals, Strong learning concentration), (Clear learning goals,
Reasonable time planning), . . . , (Reasonable time planning, Formulation of good study plans)
Example 4: (Fusion of Chain Structure, Fork Structure, and Collider Structure)
Chain structure: (Positive learning attitude, Proactive consultation of questions), . . .
Fork structure: (Active learning attitude, Positive classroom interaction), . . .
Collider structure: (Improvement of subject competence, Progress in comprehensive scores),
. . .
Fusion Analysis: There is no direct association between the chain structure and the fork
structure, so an association is established , . . .
Fusion Result: (Positive learning attitude, Proactive consultation of questions), (Proactive
consultation of questions, Filling of knowledge gaps), . . .
Input: [CAUSAL STRUCTURES]
Output format: The first line is the fusion Analysis. The second line is the fusion result (if a
reasonable fusion result cannot be obtained, output ‘NULL’). Keep the output format consistent
with the examples.

Table 26: hybrid causal structure recognition prompt
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Key Causal Chain Recognition Prompt

Given a complex causal graph structure, identify the key inference chain(s) from it.
1. It is required that the start point of the chain has no parent nodes, and the end point has no
child nodes.
2. If multiple chains exist, select and output the longest one.
Example 1:
Causal Graph: (Adequate learning resources, Improved study plan), (Adequate learning
resources, Efficient learning tools), . . .
Explanation: The length of the longest chain is 6; the start point has no parent nodes and the
end point has no child nodes; other chains that meet the requirements exist, and any one can be
selected.
Key Inference Chain: (Adequate learning resources, Improved study plan), (Improved study
plan, Reasonable time allocation), (Reasonable time allocation, Efficient completion of learning
tasks), (Efficient completion of learning tasks, Proficient knowledge application), (Proficient
knowledge application, Excellent exam performance)
Example 2:
Causal Graph: (Policy support, Increased R&D investment of enterprises), (Policy support,
Improved industrial chain supporting facilities), (Technological breakthroughs, Increased R&D
investment of enterprises), (Technological breakthroughs, Reduced production costs), (Growth
in market demand, Enhanced purchasing power of users), (Growth in market demand, Expanded
sales channels), (Increased R&D investment of enterprises, Accelerated product innovation),
(Improved industrial chain supporting facilities, Accelerated product innovation), (Reduced
production costs, Accelerated product innovation), (Reduced production costs, Expanded
sales channels), (Expanded sales channels, Increased brand awareness), (Enhanced purchasing
power of users, Increased brand awareness), (Accelerated product innovation, Increased brand
awareness), (Accelerated product innovation, Growth in enterprise revenue), (Increased brand
awareness, Growth in enterprise revenue), (Expanded sales channels, Growth in enterprise
revenue), (Growth in market demand, Expansion of industry scale), (Accelerated product
innovation, Expansion of industry scale)
Explanation: The length of the longest chain is 5; the start point has no parent nodes and the
end point has no child nodes; other chains that meet the requirements exist, and any one can be
selected.
Key Inference Chain: (Policy support, Increased R&D investment of enterprises), (Increased
R&D investment of enterprises, Accelerated product innovation), (Accelerated product innova-
tion, Increased brand awareness), (Increased brand awareness, Growth in enterprise revenue)
Input:
Causal Graph: [CAUSAL GRAPH]
Output format: The first line is the explanation. The second line is the key inference chain (if
a reasonable key inference chain cannot be obtained, output ’NULL’). Keep the output format
consistent with the examples.

Table 27: key causal chain recognition prompt
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Generate Reverse Reasoning Chain Prompt

Given a piece of background knowledge and a forward causal chain, please generate a reverse
causal chain based on this information.
Concept of causal sufficiency and necessity: If a cause is a sufficient condition for the result,
then the occurrence of the cause necessarily leads to the occurrence of the result, but the
occurrence of the result does not necessarily mean the cause occurred; if a cause is a necessary
condition for the result, then the occurrence of the result necessarily means the cause occurred.
In a causal chain, if every link is both necessary and sufficient, then reverse deduction is
possible.
Please analyze each event in the forward causal chain based on the core definitions of causal
sufficiency and necessity, and determine whether the cause in the forward causal chain can be
deduced from the corresponding result.
1. If all links in the forward causal chain satisfy both the necessary and sufficient conditions
(i.e., the cause can be deduced from the result), then reverse the entire forward causal chain to
form a reverse inference chain;
2. If the above reversibility condition is not met (i.e., the original forward cause cannot be stably
deduced from the result), conduct an abductive analysis with the final result of the forward
causal chain as the head event. Combine the occurrence probabilities of potential causes in the
background knowledge to construct and output the reverse causal chain with the highest judged
probability of occurrence.
Reference Sample 1 (Satisfy the necessary and sufficient condition):
Background knowledge: In a simple circuit system, there is only one switch . . .
Forward causal chain: (Switch turned on, current flows), (Current flows, light bulb turns on)
Analysis of causal sufficiency and necessity: In this chain, every link is both necessary and
sufficient, . . . , and current flowing implies that the switch is turned on.
Reverse causal chain: (Light bulb turns on, current flows), (Current flows, switch turned on)
Reference Sample 2 (Fail to satisfy the necessary and sufficient condition):
Background knowledge: Possible reasons for out-of-stock shelves in the supermarket include:
errors or omissions in the inventory management system, . . .
Forward causal chain: (Supplier’s logistics vehicle has a tire blowout, supplier delivery
progress is delayed), (Supplier delivery progress is delayed, supermarket product restocking is
untimely), (Supermarket product restocking is untimely, supermarket shelves are out of stock)
Analysis of causal sufficiency and necessity: Tire blowout → Delivery delayed: A blowout
inevitably causes delay (sufficient), but delays can have other causes (not necessary), . . .
Reverse causal chain: (Supermarket shelves are out of stock, products are snapped up in large
quantities), (Products are snapped up in large quantities, supermarket holds weekend promo-
tions), (Supermarket holds weekend promotions, supermarket formulates weekend promotion
plan in advance)
Input:
Background knowledge: [BACKGROUND CONTENT]
Forward causal chain: [FORWARD_CHAIN]
Output format: The first line is the analysis of causal sufficiency and necessity. The second
line is the reverse inference chain (if a reasonable reverse inference chain cannot be obtained,
output ’NULL’). Keep the output format consistent with the reference sample.

Table 28: generate reverse reasoning chain prompt
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Generate Intervention Chain Prompt

Given an extracted causal chain and background knowledge, please conduct intervention
operations based on the important nodes of this chain, and generate the causal chain after the
intervention operations.
Reference Sample:
Background Knowledge: With the continuous improvement of people’s living standards,
people often have a high-oil and high-salt diet.
Causal Chain: (High-salt diet, Increased blood pressure), (Increased blood pressure, Cardio-
vascular diseases)
Intervention Operation: When a high-salt diet leads to increased blood pressure, intervene by
taking hypertension medication to control the elevated blood pressure, thereby blocking the
causal link between increased blood pressure and cardiovascular diseases and reducing the risk
of cardiovascular diseases.
Causal Intervention Chain: (High-salt diet, Taking hypertension medication after blood
pressure increases), (Taking hypertension medication after blood pressure increases, Reduced
risk of cardiovascular diseases)
Input:
Background Knowledge: [BACKGROUND CONTENT]
Causal Chain: [CAUSAL CHAIN]
Output Format: Output the intervention operation in the first line, output the causal inter-
vention chain in the second line. Please directly provide the intervention operation, causal
intervention chain, and keep the output format consistent with the reference sample.

Table 29: generate intervention chain prompt
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Generate Compound Intervention Chain Prompt

Given an extracted causal chain and background knowledge, please conduct intervention
operations based on the important nodes of this chain, and generate the causal chain after the
intervention operations.
Please perform two causal interventions on the causal chain to increase the complexity of the
causal intervention.
Reference Sample:
Background Knowledge: With the continuous improvement of people’s living standards,
people often have a high-oil and high-salt diet.
Causal Chain: (High-salt diet, Increased blood pressure), (Increased blood pressure, Cardio-
vascular diseases)
First Intervention Operation: When a high-salt diet leads to increased blood pressure,
intervene by taking hypertension medication to control the elevated blood pressure, thereby
blocking the causal link between increased blood pressure and cardiovascular diseases and
reducing the risk of cardiovascular diseases.
First Causal Intervention Chain: (High-salt diet, Taking hypertension medication after blood
pressure increases), (Taking hypertension medication after blood pressure increases, Reduced
risk of cardiovascular diseases)
Second Intervention Operation: When a high-salt diet leads to increased blood pressure and
hypertension medication is taken to control it, further intervene by continuing to consume
excessive amounts of high-salt and high-oil food (far exceeding the daily recommended intake)
while taking the medication—this causes blood pressure to remain difficult to stabilize (despite
medication) and exacerbates blood lipid abnormalities, such that the combined harm of uncon-
trolled blood pressure and high oil intake outweighs the risk-lowering effect of the medication,
ultimately leading to a further increase in the risk of cardiovascular diseases.
Second Causal Intervention Chain: (High-salt diet, Taking hypertension medication after
blood pressure increases + continuing excessive high-salt and high-oil intake), (Taking hyper-
tension medication after blood pressure increases + continuing excessive high-salt and high-oil
intake, Further increased risk of cardiovascular diseases)
Input:
Background Knowledge: [BACKGROUND CONTENT]
Causal Chain: [CAUSAL CHAIN]
Output Format: Keep the output format consistent with the reference sample.

Table 30: generate compound intervention chain prompt
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Generate Counterfactual Chain Prompt

Given a causal chain, please perform counterfactual analysis based on this chain and generate
causal chain that may result from the counterfactual manipulation. Please define reasonable
restrictive conditions for this chain and conduct counterfactual thinking under such conditions.
Counterfactual chain must have reasonable time intervals to ensure that users cannot infer
subsequent developments based solely on the given events.
Reference Sample:
Background Knowledge: In an academic career, students can accumulate knowledge and
achieve personal goals through continuous efforts and effective learning strategies.
Causal Chain: (Diligent study, Conscientious review), (Conscientious review, Enhanced
mastery of knowledge), (Enhanced mastery of knowledge, Improved grades)
Restrictive Conditions: Counterfactual operations shall focus solely on academic-related
aspects such as learning status, review quality, and knowledge absorption effect, and shall not
involve non-academic external factors such as family economic status, sudden health issues,
and external policy changes.
Counterfactual Analysis: In the original causal chain, diligent study supports academic
progress. Reversing the initial condition (inadequate diligent study) eliminates the basis for
conscientious review, leading to unsolid knowledge mastery and then declined grades.
Counterfactual Chain: (Inadequate diligent study, Unsolid mastery of knowledge), (Unsolid
mastery of knowledge, Declined grades)
Input:
Background Knowledge: [BACKGROUND CONTENT]
Causal Chain: [CAUSAL CHAIN]
Please directly provide counterfactual causal chain, keep the output format consistent with the
sample format.

Table 31: generate counterfactual chain prompt
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Generate Confused Forward Reasoning and Confused Intervention Chains Prompt

Given a causal chain and its relevant background knowledge, generate three causal chains
whose occurrence probability is lower than that of the given chain.
Requirements:
1. The occurrence probability of each of these three causal chains must be lower than that of
the original given causal chain.
2. The occurrence probabilities of the three generated causal chains should decrease in sequence.
3. The first two events of the three causal chains must be the same as those of the given causal
chain, and each chain must contain at least 3 nodes. For example, Original causal chain: (A,B)
(B,C). Low-probability causal chain: (A,B) (B,D)
Reference Sample:
Background Knowledge: In an academic career, students can accumulate knowledge and
achieve personal goals through continuous efforts and effective learning strategies.
Original causal chain: (Insufficient diligence in learning, Inadequate knowledge consolidation),
(Inadequate knowledge consolidation, poor academic performance)
Low-probability causal chain 1: (Insufficient diligence in learning, Inadequate knowledge
consolidation), (Inadequate knowledge consolidation, Decline in academic scores), (Decline in
academic scores, Increase in mental stress)
Low-probability causal analysis 1: Based on the core logic that diligence in learning is
the fundamental prerequisite for academic improvement, . . . , Accumulated tasks will further
reduce learning efficiency and mastery, ultimately resulting in a decline in academic scores and
subsequent increase in mental stress. Probability: 30%
Low-probability causal chain 2: (Insufficient diligence in learning, Inadequate knowledge
consolidation), (Inadequate knowledge consolidation, Academic failure in courses), (Academic
failure in courses, Overall academic setback), (Overall academic setback, Failure to graduate
smoothly)
Low-probability causal analysis 2: Based on the core logic that sustained diligence is the
key to completing academic studies, insufficient diligence in learning will lead to inadequate
knowledge consolidation. Inadequate knowledge consolidation is likely to result in academic
failure in courses, which will directly trigger overall academic setback and ultimately lead to
failure to graduate smoothly. Probability: 20%
Low-probability causal chain 3: (Insufficient diligence in learning, Inadequate knowledge
consolidation), . . . , (Insufficient competitiveness in the workplace, Reduced life satisfaction)
Low-probability causal analysis 3: Relying on the underlying logic that diligent accumulation
supports ability growth, . . . , A weak foundation will affect the learning efficiency of subsequent
vocational skills, insufficient skill reserves will reduce core competitiveness in the workplace,
thereby limiting the freedom of career choices and ultimately resulting in reduced life satisfac-
tion. Probability: 10%
Input:
Background Knowledge: [BACKGROUND CONTENT]
Original causal chain: [CAUSAL CHAIN]
Please directly provide multiple possible causal chains and keep the output format consistent
with the sample.

Table 32: generate confused forward reasoning and confused intervention chains prompt
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Generate Confused Reverse Reasoning Chain Prompt

Given a reverse causal chain and its relevant background knowledge, generate three chains
whose occurrence probability is lower than that of the given chain.
Requirements:
1. The main content of the reverse causal chain is to deduce the cause from the result.
2. The occurrence probability of each of these three reverse causal chains must be lower than
that of the original given reverse causal chain.
3. The occurrence probabilities of the three generated reverse causal chains should decrease in
sequence.
4. The first two events of the three reverse causal chains must be the same as those of the given
reverse causal chain, and each chain must contain at least 3 nodes. For example, Original causal
chain: (A,B) (B,C). Low-probability causal chain: (A,B) (B,D)
Reference Sample:
Background knowledge: A community chain supermarket primarily focuses on daily retail,
with a fixed restocking cycle of once per day, . . .
Original causal chain: (Supplier’s logistics vehicle has a tire blowout, supplier delivery
progress is delayed), (Supplier delivery progress is delayed, supermarket product restocking is
untimely), (Supermarket product restocking is untimely, supermarket shelves are out of stock)
Low-probability causal chain 1: (supermarket shelves out of stock, products are snapped up
in large quantities), (products are snapped up in large quantities, supplier delivery schedule
delayed), (supplier delivery schedule delayed, logistics congestion)
Low-probability causal analysis 1: Based on the core logic that panic buying can be triggered
by customers’ anticipation of supply shortage due to delivery delays, . . . , However, this
awareness is not always present, and delivery delays have medium occurrence probability, so
the overall probability is lower than the original chain. Probability: 30%
Low-probability causal chain 2: (supermarket shelves out of stock, products are snapped up
in large quantities), . . . , (headquarters marketing directive, erroneous market research)
Low-probability causal analysis 2: Based on the core logic that promotion activities may be
initiated by headquarters directives due to erroneous market research. However, such directives
and research errors have a low occurrence probability and are indirect causes for the stockout,
making this chain less likely. Probability: 20%
Low-probability causal chain 3: (supermarket shelves out of stock, products are snapped up
in large quantities), . . . , (inventory management system error leads to missed orders, system
maintenance negligence)
Low-probability causal analysis 3: Based on the core logic that panic buying might occur if
customers learn about inventory management errors causing potential stockouts, but such errors
are rare due to system stability and manual checks, and customers are unlikely to be aware, so
this cause has low probability. Probability: 10%
Input:
Background Knowledge: [BACKGROUND CONTENT]
Original causal chain: [CAUSAL CHAIN]
Please directly provide multiple possible causal chains and keep the output format consistent
with the sample.

Table 33: generate confused reverse reasoning chain prompt
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Generate Confused Decision Chain Prompt

Given a causal chain and its relevant background knowledge, generate three causal chains
whose occurrence probability is lower than that of the given chain.
Requirements:
1. The occurrence probability of each of these three causal chains must be lower than that of
the original given causal chain.
2. The occurrence probabilities of the three generated causal chains should decrease in sequence.
3. The first and last events of the three causal chains must remain the same as those of the
given causal chain, while the remaining intermediate events should be as different as possible.
Each chain must contain at least 3 nodes. For example, Original causal chain: (A,B) (B,C).
Low-probability causal chain: (A,D) (D,C)
Reference Sample:
Background Knowledge: With the continuous improvement of people’s living standards,
people often have a high-oil and high-salt diet.
Original causal chain: (High-salt diet, Taking hypertension medication after blood pressure
rises), (Taking hypertension medication after blood pressure rises, Reduced risk of cardiovascu-
lar diseases)
Low-probability causal chain 1: (High-salt diet, Starting regular exercise), (Starting regular
exercise, Reduced risk of cardiovascular diseases)
Low-probability causal analysis 1: The probability of starting regular exercise after a high-salt
diet is low, but once exercise is initiated, the probability of reducing the risk of cardiovascular
diseases is high. The overall probability is lower than that of the original chain.
Low-probability causal chain 2: (High-salt diet, Quitting smoking), (Quitting smoking,
Reduced risk of cardiovascular diseases)
Low-probability causal analysis 2: The probability of quitting smoking after a high-salt diet
is low (because a high-salt diet may be associated with smoking, but the act of quitting smoking
itself is not easy to occur), but the probability of reducing the risk of cardiovascular diseases
after quitting smoking is high. The overall probability is lower than that of the first chain.
Low-probability causal chain 3: (High-salt diet, Switching to a low-salt diet), (Switching to a
low-salt diet, Reduced risk of cardiovascular diseases)
Low-probability causal analysis 3: The probability of switching from a high-salt diet to a
low-salt diet is the lowest (because dietary habits are difficult to change), but the probability
of reducing the risk of cardiovascular diseases after switching to a low-salt diet is high. The
overall probability is the lowest among the three chains.
Input:
Background Knowledge: [BACKGROUND CONTENT]
Original causal chain: [CAUSAL CHAIN]
Please directly provide multiple possible causal chains and keep the output format consistent
with the sample.

Table 34: generate confused decision chain prompt
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Generate Reasoning Question Prompt

Given multiple causal chains, generate corresponding causal reasoning questions based on these
chains.
Reference Sample:
Background Knowledge: In an academic career, students can accumulate knowledge and
achieve personal goals through continuous efforts and effective learning strategies.
True causal chain: (Diligent learning, Adequate knowledge consolidation), (Adequate knowl-
edge consolidation, Good academic performance)
Distractor chain 1: (Diligent learning, Adequate knowledge consolidation), (Adequate knowl-
edge consolidation, Improved academic scores), (Improved academic scores, Pleasant mood)
Distractor chain 2: (Diligent learning, Adequate knowledge consolidation), (Adequate knowl-
edge consolidation, Passing courses), (Passing courses, Academic success), (Academic success,
Smooth graduation)
Distractor chain 3: (Diligent learning, Adequate knowledge consolidation), (Adequate knowl-
edge consolidation, Solid academic foundation), (Solid academic foundation, Efficient voca-
tional skill learning), (Efficient vocational skill learning, Strong workplace competitiveness),
(Strong workplace competitiveness, High life satisfaction)
Question: Which of the following options has the strongest causal relationship with diligent
learning?
Options: (A) Good academic performance (B) Pleasant mood (C) Smooth graduation (D) High
life satisfaction. True Answer: (A)
Input:
Background Knowledge: [BACKGROUND CONTENT]
True causal chain: [TRUE CHAIN]
Distractor chain 1: [CHAIN ONE]
Distractor chain 2: [CHAIN TWO]
Distractor chain 3: [CHAIN THREE]
Please directly generate the causal reasoning question, use the final event of each chain as the
candidate options, ensure the options are distinct. Keep the output format consistent with the
sample format. Ensure that the question, options and answer are in the same line.

Table 35: generate reasoning question prompt
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Generate Intervention Question Prompt

Given multiple causal chains, generate corresponding causal intervention questions based on
these chains.
Reference Sample:
Background Knowledge: With the continuous improvement of people’s living standards,
people often have a high-oil and high-salt diet.
True causal chain: (High-salt diet, Taking hypertension medication after blood pressure
increases), (Taking hypertension medication after blood pressure increases, Reduced risk of
cardiovascular diseases)
Distractor chain 1: (High-salt diet, Taking hypertension medication after blood pressure
increases), (Taking hypertension medication after blood pressure increases, Development of
persistent dry cough as a side effect)
Distractor chain 2: (High-salt diet, Taking hypertension medication after blood pressure
increases), (Taking hypertension medication after blood pressure increases, Development of
hyperkalemia as a side effect)
Distractor chain 3: (High-salt diet, Taking hypertension medication after blood pressure
increases), (Taking hypertension medication after blood pressure increases, Development of
anaphylactic shock as a severe allergic reaction)
Question: When a high-salt diet leads to increased blood pressure, what is the most likely
outcome of intervening by taking hypertension medication?
Options: (A) Reduced risk of cardiovascular diseases (B) Development of persistent dry
cough as a side effect (C) Development of hyperkalemia as a side effect (D) Development of
anaphylactic shock as a severe allergic reaction. True Answer: (A)
Input:
Background Knowledge: [BACKGROUND CONTENT]
True causal chain: [TRUE CHAIN]
Distractor chain 1: [CHAIN ONE]
Distractor chain 2: [CHAIN TWO]
Distractor chain 3: [CHAIN THREE]
Please directly generate the causal intervention question, use the final event of each chain as
the candidate options, ensure the options are distinct. Keep the output format consistent with
the sample format. Ensure that the question, options and answer are in the same line.

Table 36: generate intervention question prompt
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Generate Decision Question Prompt

Given multiple causal chains, generate corresponding causal decision questions based on these
chains.
Reference Sample:
Background Knowledge: With the continuous improvement of people’s living standards,
people often have a high-oil and high-salt diet.
True causal chain: (High-salt diet, Taking hypertension medication after blood pressure
increases), (Taking hypertension medication after blood pressure increases, Reduced risk of
cardiovascular diseases)
Distractor chain 1: (High-salt diet, Starting regular exercise), (Starting regular exercise,
Reduced risk of cardiovascular diseases)
Distractor chain 2: (High-salt diet, Quitting smoking), (Quitting smoking, Reduced risk of
cardiovascular diseases)
Distractor chain 3: (High-salt diet, Switching to a low-salt diet), (Switching to a low-salt diet,
Reduced risk of cardiovascular diseases)
Question: After developing hypertension due to a high-salt diet, what kind of intervention is
most likely to prevent cardiovascular diseases?
Options: (A) Taking hypertension medication after blood pressure increases (B) Starting
regular exercise (C) Quitting smoking (D) Switching to a low-salt diet. True Answer: (A)
Input:
Background Knowledge: [BACKGROUND CONTENT]
True causal chain: [TRUE CHAIN]
Distractor chain 1: [CHAIN ONE]
Distractor chain 2: [CHAIN TWO]
Distractor chain 3: [CHAIN THREE]
Please directly generate the causal decision question, use the event closest to the final event in
each chain as the candidate options, ensure the options are distinct. Keep the output format
consistent with the sample format. Ensure that the question, options and answer are in the same
line.

Table 37: generate decision question prompt
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Generate Counterfactual Question Prompt

Given multiple causal chains, generate corresponding counterfactual questions based on these
chains.
Reference Sample:
Background Knowledge: In an academic career, students can accumulate knowledge and
achieve personal goals through continuous efforts and effective learning strategies.
True causal chain: (Insufficient diligence in learning, Inadequate knowledge consolidation),
(Inadequate knowledge consolidation, Poor academic performance)
Distractor chain 1: (Insufficient diligence in learning, Inadequate knowledge consolidation),
(Inadequate knowledge consolidation, Decline in academic scores), (Decline in academic scores,
Increase in mental stress)
Distractor chain 2: (Insufficient diligence in learning, Inadequate knowledge consolidation),
(Inadequate knowledge consolidation, Academic failure in courses), (Academic failure in
courses, Overall academic setback), (Overall academic setback, Failure to graduate smoothly)
Distractor chain 3: (Insufficient diligence in learning, Inadequate knowledge consolidation),
(Inadequate knowledge consolidation, Weak academic foundation), (Weak academic founda-
tion, Inefficient vocational skill learning), (Inefficient vocational skill learning, Insufficient
competitiveness in the workplace), (Insufficient competitiveness in the workplace, Reduced life
satisfaction)
Question: If a student lacks diligence in learning, which of the following consequences is most
likely to occur?
Options: (A) Poor academic performance (B) Increase in mental stress (C) Failure to graduate
smoothly (D) Reduced life satisfaction. True Answer: (A)
Input:
Background Knowledge: [BACKGROUND CONTENT]
True causal chain: [TRUE CHAIN]
Distractor chain 1: [CHAIN ONE]
Distractor chain 2: [CHAIN TWO]
Distractor chain 3: [CHAIN THREE]
Please directly generate the counterfactual question, use the final event of each chain as the
candidate options, ensure the options are distinct. Keep the output format consistent with the
sample format. Ensure that the question, options and answer are in the same line.

Table 38: generate counterfactual question prompt
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Prompt for Reflecting on the Probability of causal Chain Occurrence

Given several causal chains A, B, C, D with occurrence probabilities sorted from largest to
smallest (A’s occurrence probability > B’s occurrence probability > C’s occurrence probability
> D’s occurrence probability), your task is to judge whether the sorting of the occurrence
probabilities for each chain is reasonable based on the strength of causal sufficiency and
necessity.
Reasonable example:
Background knowledge: Water is a key factor in maintaining normal plant growth, . . .
Chain A: Forgot to water → Soil humidity decreases → Plant water absorption decreases →
Leaves temporarily wilt → Leaves turn yellow
Chain B: Forgot to water → Soil dries out → Root nutrient absorption efficiency decreases →
New leaf growth hindered → New leaves grow slowly
Chain C: Forgot to water → Soil remains dry for a long time → Roots slightly damaged →
Plant growth slows down → Flowering delayed
Chain D: Forgot to water → Long-term severe water shortage → Root rot and disease occur-
rence → Plant overall weakens → Plant death
Judgment reason: Chain A has the highest occurrence probability and the most significant
change, because . . . , so it is reasonable.
YES
Unreasonable example:
Background knowledge: In the field of education and career development, personal effort is
usually regarded as an important factor in achieving goals, . . .
Chain A: Study hard → Understand concepts deeply → Form original theories → Open up
new academic fields → Win the Nobel Prize
Chain B: Study hard → Master core knowledge of the field → Publish high-level papers →
Establish academic reputation → Become a renowned professor
Chain C: Study hard → Proficiently master practical skills → Efficiently complete work tasks
→ Gain boss’s appreciation → Obtain job promotion
Chain D: Study hard → Systematically review courses → Proficiently master test points →
Get high scores in final exams
Judgment reason: Chain D should have the highest occurrence probability, . . . , so it is
unreasonable. A reasonable sorting should be D > C > B > A.
NO
Input:
Background knowledge: [KNOWLEDGE BACKGROUND]
Chain A: [CHAIN A]
Chain B: [CHAIN B]
Chain C: [CHAIN C]
Chain D: [CHAIN D]
Judgment reason:
Please briefly state your viewpoint. Meanwhile, if you think the order of each causal chain is
reasonable, please output YES on the last line of your reply; if you think it is unreasonable,
please output NO on the last line of your reply.

Table 39: prompt for reflecting on the probability of causal chain occurrence
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Trigger Prompts for Answering the Questions

Basic Mode Trigger Prompt:
Answer the multiple-choice question and provide the answer key in the format of ‘Answer: (_)’
at the end of your response.
Hard Mode Trigger Prompt:
Answer the following multiple-choice question by providing two plausible answer keys: the
most likely answer and a second less likely but still reasonable answer. Ensure the two answers
are different. At the end of your response, provide the answer keys in the format ‘Answer: (_)
and (_)’.

Table 40: Trigger prompts for answering the questions.
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